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ABSTRACT OF THE DISSERATION 

 

Expanding Translational Potential of Quantitative Phase Microscopy: 

Machine Learning and Live Cell Interferometry Applications for Cancer Immunotherapy 

 

by 

 

Diane N.H. Kim 

Doctor of Philosophy in Bioengineering 

University of California, Los Angeles, 2021 

Professor Michael Alan Teitell, Chair 

 

Quantitative phase imaging (QPI) has seen tremendous growth in the past decade. As the field 

progresses, the focus is shifting from technological development of new QPI technologies to 

development of new biological and clinically relevant applications. Increased translational 

application has driven integration of QPI platforms with other technological platforms, such as 

microfluidics and machine learning. This dissertation presents a collection of studies that enable 

and advance application of live cell interferometry (LCI), an established QPI technique, to probe 

and answer important biological questions. First, a novel approach to correcting phase wrapping 

issues in QPI measurements is discussed to increase accuracy of interferometric QPI 

measurements. Next, easily adaptable soft lithography protocol for a new application of low 

refractive index polymer is presented to enable integration of useful microfluidic systems with 

QPI. Finally, an approach to integrate machine learning to efficiently and accurately identify 
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tumor reactive T cell killing, a biological event with great clinical significance for cancer 

immunotherapies, is introduced.  These studies underline the translational potential of QPI and 

ways to accelerate QPI adaptation into biological and clinical application 
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Chapter 1. Introduction 
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Quantitative phase imaging (QPI) is the term for light-based optical methods that quantify phase 

shift in wavelength of light as light travels through semi-transparent matter. Though there are 

several different types of QPI methods, the main principle of operation is using light to image cells 

without labels. As light travels through a semi-transparent matter, it undergoes phase shift that is 

proportional to the dry mass density at each point. By relating the shift in wavelength to density 

through experimentally derived conversion factor, it is possible to form a density map of the optical 

field. The phase intensity, or density map, then can be processed using different image 

segmentation and processing methods to create high-resolution quantitative data of live cells.  

 In the past few decades, QPI has emerged as a powerful method for investigating cells and 

tissues in unlabeled specimens. This has led to commercialization efforts and transition of QPI 

field from technology development driven field to application focused field. 

 

Advantages of QPI 

 

QPI confers several unique advantages due to the label-free and quantitative nature of QPI. First, 

the direct relationship between phase shift and cell density allows extraction of quantitative 

information of cell mass and volume from cells, whereas classical microscopy of live cells under 

light does not allow extraction of linear quantitative data conversion. Cell mass, volume and 

growth rates are critical intrinsic cellular parameters that can be measured with QPI that have many 

implications for biological processes. QPI enables studies of changes in these parameters in 

response to various treatments and experimental conditions. 

Secondly, the label-free characteristic of QPI is extremely suited for clinical and biological 

applications. Expression of dyes and markers such as fusion proteins with fluorescent tags or 
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fluorescent chemical dyes can perturb protein interactions and intracellular processes. Fluorescent 

probes are also not available for all target molecules. In addition, toxicity and photo-bleaching are 

causes of concern for label-dependent assays.  

QPI does not require exogenous contrast agent for live cell imaging, which simplifies 

experimental preparation process as samples can be imaged directly in their natural environment 

without extensive manipulations. QPI is used to extract otherwise hard-to-measure biophysical 

parameters such as cell dry mass content, and can be used to obtain morphological information, 

such as cell shape and area, as well. These qualities make QPI uniquely suited to conduct label-

free studies with minimal manipulation of cells. In addition, quantitative nature of QPI data enables 

various quantitative and detailed data processing and analyses to reach new insights and 

applications of the biological specimen-derived data.	

QPI techniques have shown the ability to characterize and differentiate between various 

types of cells. Earliest biological studies using QPI imaged single individual cells or colonies in 

unperturbed, natural states in order to gain quantitative information about them[1, 2]. Biophysical 

features and changes have been studied with QPI during important biological phenomena, such as 

stem cell differentiation, to shed light on the biomass transfer during the processes. 

Previous studies have also established QPI as a powerful label free method for studying 

cell responses and fates in response to various stimuli and treatments, such as drug responses. 

Combination of QPI with live cell culture enables monitoring of the same cells over time, enabling 

study of time-dependent cellular activities [3]. 

 The advantageous characteristics of QPI set it up for disruption and acceleration of 

biological studies. QPI applications, however, can still be vastly improved in their ease of 

implementation and breadth of applications. In order to harness the true translational potential of 
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QPI in biomedical field, three major areas of potential improvement are: (i) data processing and 

analysis capabilities for increased accuracy and reduced turnaround time for results, (ii) integration 

with other technological platforms for increased throughput rate and refined control over QPI 

experiments, and (iii) identification of important biological and clinical applications that can 

benefit from QPI for high impact projects that can benefit patients. 

  

Data processing and data aanalysis 

 

As with all quantitative datasets, accuracy of measurements is of utmost importance and can dictate 

the validity and quality of QPI data. Therefore, data processing and data analysis are critical to the 

integrity of the data and applications. There are two main important stages of data processing in 

QPI data prior to data analysis: first, processing raw QPI data to build images for feature 

extractions, and second, processing the extracted features to meaningful inputs for data analysis. 

Data analysis can be conducted via many different approaches, with machine learning (ML) being 

the forefront of many newest developments. 

 Various workflows for processing raw QPI data has been previously published (REF). One 

of the major considerations for processing raw QPI data into interpretable form is phase 

unwrapping. Because nature of wavelength phase is cyclic, there are inherent ambiguities in phase 

shift measurements where the phase shift overlaps by 2π radians (known as state of being phase 

“wrapped”). The process of adjusting the phase wrapped portions by adding or subtracting 2π 

radians is called phase unwrapping. While standard algorithms such as Goldstein or Flynn 

algorithms have set forth approaches to correct most phase wrapping ambiguities, they are error-
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prone in case of biological applications. This is most attributable to the irregular morphologies of 

cells and the fact that phase shift measurements of cells can often exceed 2π radians. Mechanical  

 Processing the extracted features to interpretable data is the next step. Depending on the 

study and type of analysis desired, the features can be considered as one-frame basis or monitored 

over time by using tracking algorithms that connect the features over time for each cell. Examples 

of one-frame or time-independent studies include “stillshots” of cells [4] similar to snapshots 

captured by flow cytometry. 

In order to overcome the limitations of manual classification, many groups have tapped 

into automation and increased accuracy of machine learning in the field of QPM [5]. This is 

particularly advantageous with QPM, where there are wide range of available quantitative 

information on single cell basis to use as inputs for new classification ML models. In a seminal 

work by Jalali’s group, the authors presented an approach to process QPM single cell data to 

classify between different categorizations of cells, for example high-lipid and low-lipid content 

cells and between lymphomas and T cells [6]. Other time-lapse studies have also used data from 

single images of cells at a single time point as inputs for machine learning, which are time-

independent [3]. 

In comparison, classifying QPM data based on time-dependent activities of cells has been 

a limited approach. Vicar et al differentiated between lytic and apoptotic cell deaths using long 

short-term memory (LSTM), a neural network based on sequences of data, resulting in accuracy 

of 75.4% [7].  

These rates are the first demonstrations of machine learning-based classification of QPM 

data, so <90% accuracy is still high enough to achieve progress. However, with an ideal 

classification model trained by machine learning, one would seek a higher % accuracy.  
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Integration with other technological tools 

 

Merging QPI with technological platforms that add another specialized capability to complement 

the label-free imaging is another way to expand the translational potential of QPI. There are three 

technological platforms with demonstrated interest and effort for integrating with QPI, which will 

be discussed in this report: high-throughput screening, isolation techniques, and microfluidics. 

 High-throughput screening describes technological additions or adjustments that enable 

reliable, reproducible fast-paced imaging with QPI. The obstacles associated with implementing 

this in practice are maintaining measurement accuracy and assay acceleration. Huang et al. shows 

an example of this by creating a high speed live cell interferometry (HSLCI) configuration that 

utilizes dynamic focus stabilization[8]. This setup provided an order-of-magnitude greater imaging 

throughput compared to standard LCI of plated cell samples. Using HSLCI, it was possible to 

conduct multi-scale studies of many samples under multiple conditions and achieve sample size 

for statistically significant studies. Other high-throughput formats commonly integrate flow-based 

methods to achieve large sample size, in a vein similar to flow cytometry. In these cases, cells are 

flowed through a channel and imaged in the center of the channel [5, 6, 9]. Flow-based QPI 

classification has been used to classify between leukemia and red blood cells, for exampl. While 

flow-based approaches confer large-scale characterization phenotyping ability, it preludes time-

dependent studies that require monitoring the same single cells over time, or study of adherent 

cells in their natural adherent states, instead requiring suspension. Though flow-based methods 

may be high-throughput, it is incompatible with studies of adherent cell systems such as 

mesenchymal, epidermal and many types of solid tumor cells in natural state. Studying behavior 
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of the same cell overtime is also prohibited because the measurements are essentially “snapshots” 

of the cell in a single, suspended cell state. 

 Another powerful technology modality is single cell isolation. Single cell isolations are 

powerful technology that provides insight into single cell biology, paving way for discovery of 

novel molecular pathway roles for precision medicine.  Isolation applications in conjunction with 

QPI, especially non-flow-based QPI, have been limited due to the technical complication of 

integrating isolation module with sensitive imaging parts of QPI, which are susceptible to vibration 

and require sensitive equipment. A demonstration of QPI isolation platform was reported by Reed 

et al, where fastest-growing cells based on biomass accumulation in double b cell lymphoma 

(DBLCM) were isolated post-experiment [10]. 

 Besides mechanical complications, another obstacle to implementation of single cell 

isolation with QPI is timely identification of the biological phenomena or cells of interest due to 

typical requirement of post-experiment analysis to draw conclusions about the cell specimen. In 

order to increase cell isolation application using QPI, it will be necessary to increase QPI data 

processing and data analysis capabilities. 

 Microfluidics refers to the science of behavior of fluids through microchannels, and the 

technology of manufacturing microdevices containing channels and chambers through which 

fluids can be flowed and manipulated. Microfluidics play an important role in biological studies 

because it is possible to precisely control the environment of cells on small scale, enabling 

increased single cell characterization. 

 Cells have been imaged as they migrate through a construct to study the biophysical 

changes that occur.[11] However, as seen in the Park et al. paper, the high-refractive index material 

used for microfluidic construct can lead to imaging artifact where some of the densities are 
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registered as negative, which is impossible. [11] This inaccuracy in measurement can affect the 

measurement of the cells made inside the construct.  

 

Identifying biological and clinical questions with QPI 

 

Identifying a biological phenomenon that takes place over time comes with a unique set of 

challenges, especially, how to translate the data from over time into inputs. Increased number of 

inputs could result in a wide landscape of information to draw from. However, high number of 

inputs can also increase the number of training data required to sufficiently increase the power of 

classification accuracy. This could be inhibitive for cases where the sample and training data is 

limited. 

Another barrier or difficulty associated with clinical application of machine learning is the 

specificity of machine learning classification to the training data. A trained classification model 

may be too specific to the exact cell-line type, or in some over-fitted cases, to the specific sample 

used to generate the training dataset [12, 13]. Therefore, it is of utmost importance when training 

machine learning classifier to ensure that the training data is not too limited to allow accurate 

classification in other situations with different samples, cell types, etc. 

One field where label-free classification using QPI could be effective is T cell-based 

immunotherapy. T cell-based immunotherapy treatments has rapidly progressed in the last decade. 

Particularly, cell-based therapies using tumor infiltrating lymphocytes (TILs) and CD8+ T cells 

with capacity to attack and lyse target cancer cells have proven especially successful [14]. Owing 

to this rapid development, there has also been many advancements in technologies used to study 

tumor-reactive T cells and their cellular interactions. Long-established methods such as release 
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assay studies like Chromium-51 release assay and cytokine release assays (IL-2, IL-4, IFN-

gamma) are still employed to measure T cell activation and reactivity to antigens and tumor 

subtypes. There are multiple imaging approaches, fluorescent imaging based on fluorescent dyes 

binding to apoptotic markers which are available in-house with fluorescent microscopes and flow 

cytometers [15] as well as commercially available systems, such as Incucyte which has been 

employed in analyzing function responses of T cell [16]. In addition to fluorescence imaging, more 

recent development of various quantitative imaging methods, such as different applications optical 

path length-based measurements and characterizations of T cells and their target cells, have been 

introduced[6, 17] There also exist mechanic-based technologies to study T cells. For example, a 

novel application of atomic force microscopy (AFM) to measure T cell forces [18] and 

microfluidic approaches to streamline higher throughput studies [19]. Particularly notable area of 

technological advancement in studying tumor reactive subsets of heterogeneous T populations is 

genomic methods. Bioinformatic analysis based on genomic and TCR sequencing and screening 

have been able to predict neoantigens [20] and identify high-avidity neo-epitope CD8+ T cells 

[21].  

 

Summary 

 

As QPI transitions from technological development to translational application-focused field, there 

are different ways to increase translational potential of QPI. Improving and combining each of the 

areas discussed in previous sections will bring lifesaving applications and insights from advanced 

biological studies using QPI closer to the patients. The following chapters will discuss works that 

address each of these development verticals, by first improving accuracy of QPI measurements 
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with a phase unwrapping algorithm specifically developed for processing data of biological 

specimen, secondly, enabling integration of microfluidics with QPI by establishing easy to use 

microfabrication protocol with a new fabrication material, and finally, demonstrating a proof-of-

concept identification of T cell killing events using machine learning. 
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Chapter 2. Hybrid random walk-linear discriminant analysis method for  

unwrapping quantitative phase microscopy images of biological samples 
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1 Introduction 

 

There is increasing interest in the application of quantitative phase imaging (QPI) as a high-

sensitivity method to study the structural and dynamic behavior of biological samples.1,2 These 

samples typically consist of single cells or cell clusters, which are imaged over time to track 

changes in dry mass3 or refractive index,4,5 for example, to monitor cellular growth6–8 and growth 

regulation,9 quantify intercellular interactions10 or subcellular features,11 and measure mechanical 

properties of cells, such as red blood cells.12–14 In any interferometric QPI dataset, the phase 

ambiguities inherent to QPI have to be removed to achieve continuous phase distributions and 

precise, reproducible measurements of these samples.15 

Basic phase unwrapping of large jump discontinuities are easily handled by a variety of 

algorithms, including the Flynn or widely used Goldstein method.15 These algorithms can be 

classified into three broad groups: path-following algorithms, region algorithms, and global 

algorithms.16 In path-following algorithms, phase integration is performed in a step sequence. 

Goldstein’s branch cut algorithm is an example of a path-dependent path-following algorithm that 

identifies inconsistency-causing structures called residues and connects and balances 

them.17 Region algorithms divide the data field into separate regions, which are individually 

processed. The regions are then unwrapped with respect to each other to process the entire 

image.18 Flynn’s mask cut algorithm is an example of a region algorithm.15,19 Global algorithms 

formulate phase unwrapping in terms of minimization of a global function.15,20 More recent 

alternative algorithms have built on or modified these classic methods.18,21 

However, imaging biological samples presents a unique challenge because of the varying 

morphology of cells during cell culture, combined with the fact that the optical path length through 
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cells relative to background levels routinely exceeds 2πrad. Due to the varying morphology of 

cells and the desire for high throughput measurements, these large phase differences can 

occasionally occur over distances spanning a single pixel in the resulting image. This is especially 

problematic for nonadherent mammalian cells or for adherent mammalian cells during mitosis, 

which typically have a large jump in phase from the edge of the cell to the surrounding background. 

These edges are liable to be phase unwrapped incorrectly by standard algorithms [Fig. 1(a)]. 

Additionally, to avoid phototoxicity when imaging live cells,22 a low light intensity is preferable, 

which results in poor phase quality and high relative noise levels,23 further complicating phase 

unwrapping. 

There are a large variety of methods that have been proposed to address this problem for 

two-dimensional images of biological samples. Some methods bypass the unwrapping process 

itself through the modification of instrumentation, including heterodyne mixing,24 optical path 

locking,25 and the use of the transport of intensity equation.26,27 However, for many of the available 

QPI methods, phase unwrapping remains a general problem of interest. There are several 

alternative algorithms that modify the classic phase unwrapping methods or use specially 

developed software to improve the speed and throughput of phase unwrapping for QPI of 

biological specimens.18,28 However, these methods are largely based on the standard algorithms 

and may not adequately address all phase unwrapping problems faced by these methods. 

Here, we present a new phase unwrapping method for correcting phase ambiguities in QPI 

of biological samples where the standard algorithms have failed. This approach, a hybrid random 

walk-linear discriminant (HRL) method, is intended to be applied to phase-shifting interferometry 

(PSI) data after first applying the Goldstein algorithm.15,17 The HRL approach combines two 

techniques: linear discriminant analysis (LDA), a widely used scheme for dimension reduction and 
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feature extraction, and a random walker (RW) segmentation algorithm. LDA projects data onto a 

lower dimensional vector space such that the ratio of between-class difference to the within-class 

difference is maximized, achieving maximum discrimination between classes.29 In this 

application, it is used to emphasize the edges of phase-wrapped regions. In RW image 

segmentation, a seed mask specifies locations in the image with a predetermined label. Unseeded 

pixels are labeled using the probabilities that a RW agent starting at that location terminates at 

each label in the seed mask. The random walk can be biased (for example, to avoid sharp intensity 

gradients), and the final segmentation is derived by determining the most probable seed destination 

for each pixel.30 Here, the LDA class probability image is used as the weighting function for the 

RW algorithm to efficiently segment phase-wrapped regions. 

The HRL algorithm combines the advantages of these two techniques based on two 

assumptions about QPI data from biological samples: (1) cell optical path length is never less than 

zero (ncell>nmedia) and (2) uncorrected regions are predominantly 2πrad lower than the correct level, 

as is commonly observed in our QPI datasets of biological samples. This second assumption means 

that the phase unwrapping problem is reduced to a matter of classifying pixels as belonging to 

properly phase unwrapped segments (“good” regions) or improperly unwrapped segments (“bad” 

regions) and applying a one-wavelength correction to pixels in the “bad” regions. To achieve this, 

manually phase-unwrapped training data is used to train an LDA classifier to generate an image 

that highlights the edges of phase-wrapped regions. Then, a RW segmentation method is applied 

to this image, starting at known-good or known-bad points based on the assumption that the cell 

optical path length is never less than zero. This segmentation approach is highly efficient because 

the gradient of the LDA image is large at the boundaries of the phase-wrapped regions, and the 

RW method is, therefore, strongly biased to not cross these boundaries. As a final step, a genetic 
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algorithm (GA) is applied to fine-tune the LDA coefficients. The result is phase unwrapping that 

is highly accurate relative to manually unwrapped results [area under curve (AUC)-0.999] for 

effective phase unwrapping of biological phase interferometry data. 

 

 

2 Methods 

 

2.1. Quantitative Phase Imaging Data 

 

Phase, intensity, and phase modulation magnitude31 data were acquired on a Contour GT-X8 

(Bruker) interference microscope in PSI mode. The Bruker system was modified to accommodate 

a custom live cell incubation system and a 20×, 0.28 numerical aperture microscope objective with 

attached Michelson interferometer. The Michelson interferometer consisted of a beam splitter, 

reference mirror, and compensation reference chamber filled with deionized water. Illumination 

was provided by a 530-nm fiber-coupled LED (Thorlabs). Mouse L-cell fibroblasts and M202 

human melanoma cells32 were cultured as described previously7,10,33 in phenol-red free Dulbecco’s 

modified Eagle’s medium supplemented with 10% fetal bovine serum (Omega 

Scientific), 1× nonessential amino acid solution (Invitrogen), 2 mM glutamine (Invitrogen) and 

antibiotics. 

Raw interferograms were unwrapped using the Goldstein method,17 which unwraps images 

by isolating and avoiding local-error-causing residues,15 prior to the manual or automated 

correction methods described here. 
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2.2. Manual Phase Unwrapping 

 
Manual phase unwrapping was performed on a set of 50 phase images of mouse L-cells and 50 

phase images of M202 melanoma cells to serve as training datasets and 50 additional images of 

each cell type as test sets for evaluation of our final automatic phase unwrapping method. Regions 

to be corrected were selected by looking for cellular areas with sharp internal edges, indicating a 

poorly placed branch cut in the Goldstein-unwrapping process, or regions with phase shifts below 

the background level, which would indicate nonphysical refractive indices less than that of the cell 

culture media. A custom graphical user interface was written in MATLAB (Mathworks) with three 

main steps: (1) select an integer multiple of 2πrad correction to be applied, (2) select image regions 

to be corrected using the imfreehand function in the image processing toolbox, and (3) manually 

correct the phase unwrapping result at individual points. This process was repeated until all phase-

wrapped regions were corrected. Results were then saved as a mask file containing the integer-

wavelength corrections, as well as a corrected phase map. 

 

2.3. Linear Discriminant Analysis 

 

LDA was performed pixelwise based on 17 parameters: (1) the raw phase data after Goldstein 

unwrapping, (2) the estimated image background constructed by masking the location of any 

apparent cells, then fitting a plane to the remaining background regions to remove any tilt, (3) a 

Prewitt filtered image, (4) a Sobel filtered image; (5) a Laplacian filtered image with kernel 

[0 −1 0; −1 4 −1; 0 −1 0], (6) a modified Laplacian filtered image with kernel 

[−0.5 −1 −0.5; −1 8 −1; −0.5 −1 −0.5], (7) a large Laplacian filtered image with kernel 

[−10 −5 −2 −1 −2 −5 −10; −5 0 3 4 3 0 −5; −2 3 6 7 6 3 −2; −1 4 7 8 7 4 −1; −2 3 6 7 6 3 −2; −5 0 
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3 4 3 0 −5; −10 −5 −2 −1 −2 −5 −10], (8) a Laplacian of Gaussian filtered image,34 (9) a 3×3 mean 

filtered image, (10) a 3×3 median filtered image, (11) the phase derivative variance (PDV) of the 

image, defined as the variance of the partial derivative of the phase in a four-connected 

neighborhood at each pixel and computed using the method described in the phase quality guided 

path following method15 and implemented in MATLAB by Spottiswoode,35 (12) the natural 

logarithm of the PDV image to provide data with comparable dynamic range to the other measures, 

(13) the phase modulation magnitude, or amplitude of the intensity fluctuations in the phase-

shifted fringes, computed by the Bruker optical profilometer,31 (14) the natural logarithm of the 

phase modulation image, (15) the Laplacian filtered phase modulation image, (16) the intensity 

image, and (17) the Laplacian filtered intensity image. 

LDA class probabilities were calculated using the Fisher linear discriminant36 with prior 

probabilities equal to the observed sample probabilities and all code implemented in 

MATLAB.37 The LDA-only phase unwrapping algorithm used LDA class probabilities as the 

input to a marker-based watershed algorithm34 to define phase-wrapped image regions. 

 

2.4. Random Walker Algorithm 

 

The RW algorithms assign each pixel a probability that a RW agent released from that pixel will 

reach a predetermined pixel of a given label (e.g., known-good or known-bad). Pixel labels were 

assigned by first subtracting the background tilt from raw phase images. Then pixels were assigned 

a “bad” label if they were more than a threshold value below the background level of zero, or if 

they were on the low side of an edge with a first derivative greater than a jump threshold (computed 
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in all four cardinal directions by first-order discretization). Pixels were assigned a “good” label if 

they were smaller than the mean phase value in their 100×100pixel

 

neighborhood or if they were 

on the high side of an edge with a first derivative greater than the jump threshold. 

The faster random walk method was based on the algorithm presented and implemented in 

MATLAB by Grady.30 Briefly, this method bypasses a Monte Carlo-type simulation of individual 

RW agents by solving for a solution to the Dirichlet problem.30,38,39 Additionally, this method can 

be biased to obtain higher quality segmentation by adjusting the probability that a RW agent will 

move in a given direction based on the difference in image intensity between the two 

corresponding pixels. To bias this method for more accurate segmentation, we tested the phase 

image, the LDA class probability image, and the natural logarithm of the LDA class probability 

image, with the natural logarithm of the LDA class probability image giving superior results. 

 

2.5. Genetic Algorithm 

 
LDA images define the probability that a given pixel lies on the edge of a phase-wrapped region, 

but does not compute the optimal image statistic weighting required for follow-on processing to 

turn those probability images into correctly phase-unwrapped data. To optimize LDA coefficients 

for phase unwrapping by watershed transform or the RW algorithm, we searched for an optimal 

set of coefficients to the LDA terms using the GA from the global optimization toolbox in 

MATLAB. The GA is an iterative process that repeatedly modifies a population of individual 

solutions. Random individuals are selected at each step and used to produce the next iteration. 

Over successive generations, the optimal solution is reached [Fig. 1(g)]. We used a genetic 

optimization with a tolerance of 1×10-10, a migration fraction of 0.3 and an initial range of -10

 

to 



	 22	

10 for all LDA term coefficients. For RW methods, we also modified the background threshold 

parameter with an initial range of 0.06 to 1.57 rad. 

 

 

3 Results 

 

3.1. Linear Discriminant Analysis Segmentation 

 

We manually unwrapped a randomly chosen set of 50 images of mouse L-cells and a set of 50 

images of M202 human melanoma cells, which contained phase unwrapping errors after phase 

unwrapping via the Goldstein method. In the mouse L-cell image set, 1.2% of pixels in this set 

were phase wrapped, and the vast majority of these errors (99.7%) were2πrad lower than the 

expected phase value, with the remaining 0.3% of phase errors being 2πrad too high. We chose to 

focus solely on the 99.7% of phase errors which were 2πrad below the expected value. Images of 

M202 melanoma cells contained far fewer phase unwrapping errors after phase unwrapping via 

the Goldstein method, with only 0.06% of pixels being phase wrapped, and >99.9%

 

being 

2πrad below the expected value. This makes the phase unwrapping problem for these images a 

two-class classification problem, which is readily amenable to the use of statistical classifier 

techniques.36 

We first segmented these images using LDA based on the manual classification results and 

17 pixelwise statistics for each image, 12 based on the raw phase image itself, 3 based on the phase 

quality magnitude image, and 2 based on the intensity image [Figs. 1(a)–1(e)]. Most image 
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statistics are based on linear image filters chosen to highlight the edges of cells and phase-wrapped 

regions in the raw phase image. We used the natural logarithm of the PDV and phase quality 

magnitude to provide an image that more closely matched the dynamic range of the others in the 

set. 

 

 

Fig. 1 Linear discriminant analysis (LDA)-based segmentation for phase-unwrapping of biological sample QPI 

data. (a-e) selected inputs to LDA method (a) raw (unwrapped) phase data, (b) intensity image, (c) phase modulation 

magnitude, (d) natural logarithm of the phase derivative variance, (e) Laplace-filtered phase image, and (f) predicted 

edges from LDA composite image compared to manual phase unwrapping results. In (f), green shows the manually 

selected mask edge, red is the LDA detected edge, and yellow shows overlap of both edges. (g) true positive rate vs. 

false positive rate for LDA based image segmentation during successive optimizations by a genetic algorithm. The 

ratio of false positives to true positives generally decreases with increased number of generations with some variation 

inherent to genetic optimization algorithms. 
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We performed LDA to classify pixels into two classes: (1) pixels lying on the edge of phase-

wrapped regions and (2) correctly unwrapped pixels and pixels in the interior of phase-wrapped 

regions. This gave a superior performance relative to LDA for separation of phase-wrapped 

interiors from correctly unwrapped regions, likely due to the presence of strong features at the 

edges of phase wrapped regions and because the interiors of phase-wrapped regions resemble 

correctly unwrapped pixels. LDA provides a set of coefficients to the 17 input images that 

maximizes the ratio of between-class difference to the within-class difference.29 The final LDA 

image resulting from this analysis is, therefore, a linear combination of all 17 input images. We 

observed a fair agreement between manually marked edges and those with an LDA-determined 

probability of being in the edge class, pedge, of >0.5 [Fig. 1(f)]. 

Phase unwrapping, however, requires determination of the interior, wrapped pixels as well 

as the edges, and most LDA-determined edges did not define a continuous boundary. To complete 

the LDA boundaries, we used a marked watershed algorithm to segment the LDA class probability 

images. We performed genetic optimization of the input LDA coefficients, which improved the 

performance moderately and defines the receiver operator characteristic (ROC) with 

AUC=0.923 [Fig. 1(g)]. 
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Fig. 2 Random walker-based image segmentation for phase unwrapping. (a-b) marked phase image of mouse 

fibroblasts with sample unbiased random walker paths. Green shows automatically determined known-good 

regions (background or falling edge), red shows automatically determined known-bad regions (phase level < 

background threshold, or rising edge). Green line shows a path originating from the center, gray marked pixel which 

terminates at a known-good pixel. Red lines show paths terminating as a known-bad pixel. Based on the 5 shown 

paths, the pixel in question would have a probability of 4/5 of belonging to the “bad” (phase-wrapped) group. (c) 

algorithm performance as a function of background threshold with jump threshold fixed to π rad (based on operating 

point from panel d), used to determine when a pixel is too far below the background level to represent data from a 

biological sample. (d) algorithm performance as a function of jump threshold with background threshold fixed to 0.16 

rad (based on operating point from panel c), used to determine when a given edge is rising or falling. 
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3.2. Random Walker Segmentation 

 
For most cells imaged in aqueous media ncell>nmedia (for example, Ref. 40) and so the phase shift 

relative to the background will be greater than zero. This assumption, plus the observation that, in 

our manually corrected datasets, most residual phase unwrapping errors involve phase being one 

wavelength (2πrad) too low, enable us to define boundaries of good and bad regions in the partially 

wrapped phase data [Figs. 2(a) and 2(b)]. We used a method based on simulating a random walk 

to use these assumptions to automatically mask phase-wrapped regions. 

Two methods were used to perform the random walk. In the first, a RW agent method, 20 RW 

agents were released from each pixel with initially unknown status. Each agent then performed a 

random walk until it hit a known-good or known-bad pixel [Figs. 2(a) and 2(b)]. The status of the 

initially unknown pixel was determined by the ratio of “bad” paths to total paths, with a threshold 

of 0.3 to 0.9 typically used to phase-unwrap images. In the five example paths shown 

in Figs. 2(a) and 2(b), four out of five RW agent paths terminate at a known-bad pixel, thus the 

probability that the start pixel is phase wrapped and this pixel would be classified as “bad” is 

4/5=0.8. This method, however, is slow, typically requiring 40 to 90s/image with 20 RW agents 

on a single 2.4 GHz Intel Xeon core and potentially inaccurate as it relies on a limited number of 

random samples. 

A faster and more accurate method is to use the random walk image segmentation method 

presented by Grady.30 This method uses the fact that the RW problem is exactly the solution to the 

Dirichlet problem with boundary conditions at the initially known pixels to solve the RW problem 

with a single matrix equation solution. This method can also be modified with weights at each 

pixel based on the intensity of an input image to effectively separate regions with very different 

intensity values.30 Including preclassification of known-good and known-bad regions, this 
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approach requires ~1.5s/image on a single 2.4-GHz Intel Xeon core relative to 40 to 90s/image 

with the RW agent approach. 

The main controlling parameter for RW image segmentation is the threshold for how far below 

the background a pixel has to be to be considered a “bad” pixel [Fig. 2(c)]. If this value is set too 

low, the false positive rate increases rapidly. Best results (minimized misclassification errors) were 

achieved with a background threshold of 0.16 rad. The other parameter is the jump threshold, 

which determines how much of a jump from one pixel to the next is considered a phase unwrapping 

artifact [Fig. 2(d)]. This value was set to πrad, but moderately larger or smaller values do not have 

a large effect on the number of false positive errors. 

 

3.3 LDA + random walker 

 

The Grady RW algorithm can be “biased” to follow natural edges in an image, with edge weights 

based on a Gaussian weighting function.30 We tested three inputs to the RW weighting function: 

(1) no input (unbiased random walk), (2) the raw phase image, and (3) the LDA class probability 

image. The edges of phase wrapped regions in the LDA image are highlighted much more clearly 

than in the raw phase image (Fig. 3), indicating that LDA class probabilities may serve as effective 

weights for image segmentation. We find that the raw phase image actually results in worse 

segmentation than the unbiased RW algorithm (Fig. 4) with an AUC of 0.945 for the ROC when 

the background threshold is varied, compared to 0.947 for the unbiased RW. As expected, the use 

of the LDA class probability image (Fig. 3) to bias the RW algorithm results in a significant 

improvement, with an AUC of 0.984. 
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Fig. 3 Combination of LDA and random walker methods. (a) phase image. (b) LDA image (c) LDA image with 

superimposed, automatically determined known-good (green) and known-bad (red) regions. 
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Fig. 4 Receiver-operator characteristics for phase unwrapping methods. The application of a genetic algorithm 

(GA) to optimize the hybrid Random Walker (RW) + Linear Discriminant Analysis (LDA) method gives the best 

results, with an AUC of 0.999. AUC GA + LDA = 0.923, RW + phase = 0.945, unbiased RA = 0.947, RA + LDA = 

0.984, GA of RW + LDA = 0.999. The chosen operating point which minimizes total error rate is shown in black. 

 

 

The final refinement performed was to run a genetic optimization on the LDA coefficients and 

background threshold for the HRL method. This resulted in the best overall AUC (0.999) for the 

training data set, achieving a very high true positive rate with a very low false positive rate. The 

optimal operating point based on these results, which minimizes the total misclassification error, 

achieves a true positive rate of 0.965, a false positive rate of 0.006, and an overall misclassification 

rate of 0.6% on the training dataset. 
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Fig. 4 Receiver-operator characteristics for phase unwrapping methods. The application of a 

genetic algorithm (GA) to optimize the hybrid Random Walker (RW) + Linear Discriminant 

Analysis (LDA) method gives the best results, with an AUC of 0.999. AUC GA + LDA = 0.923, 

RW + phase = 0.945, unbiased RA = 0.947, RA + LDA = 0.984, GA of RW + LDA = 0.999. The 

chosen operating point which minimizes total error rate is shown in black. 
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Fig. 5 Final Results of HRL algorithm. (a) sample original phase image (b) final HRL output image. (c) pixel-wise 

probability, p, of an LDA-biased random walker reaching a known-good pixel (i.e. probability that a given pixel is 

not phase-wrapped). (d-e) sample original and final HRL output images showing low false positive rate when there 

are few errors in the input image. Inset in (e) shows the same pixel-wise probability, p, presented in panel (c). (f) error 

rates for all 50 individual images in the manually phase-unwrapped training dataset used to train the classifier and for 

50 individual images used to test the classifier performance. Genetic algorithm (GA) results for aggregate of all 

training data set images are shown for reference. Final overall results for both test and training datasets are each 

marked with an x. Scale in (b), (d), and (e) is the same as shown in (a). 
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Fig. 6 Results of HRL algorithm applied to M202 human melanoma cell training and test data sets. (a) sample 

original phase image of M202 melanoma cells. (b) final HRL output image. Scale in (b) is the same as shown in (a). 

(c) GA results for aggregate of all training data set images (orange) with error rates for all 50 individual images  used 

to test the classifier performance. GA results for M202 melanoma cells show an AUC of 0.998. Final overall results 

for both GA results and test datasets are each marked. 

 

 

3.4 Final results 

 

We applied the optimized HRL method to a set of 50 manually unwrapped test images separate 

from those used for classifier training (Fig. 5). The results show good overall correction of phase 
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errors [Figs. 5(a) and 5(b)]. The RW algorithm returns the probability that a given pixel is phase 

wrapped [or, as in Fig. 5(c) the complement of this, the probability that a pixel is not phase 

wrapped]. This conforms well with the expected manual results with a threshold probability of 0.5. 

Results for all images in the manually corrected training and test datasets show good overall 

performance with the optimally chosen parameters from the GA, including background 

threshold=0.16rad. The test data results compare well with the results on the training dataset, with 

a true positive rate equal to 0.956, a false positive rate equal to 0.005, and an overall 

misclassification rate of 0.6%. 

Finally, we applied the HRL method to a separate data set consisting of QPI data of M202 

human melanoma cells. As shown in Fig. 6, performance with this cell type was comparable to 

performance on the L-cell fibroblast dataset, with AUC=0.998 after genetic optimization on a 

training data set of 50 images. Performance on the test dataset of an additional 50 images was also 

high, with a true positive rate of 0.947, a false positive rate of 0.014, and an overall 

misclassification rate of 1.4%. 

 

 

4 Discussion 

 

We have demonstrated that the HRL method after genetic optimization has the best phase 

unwrapping performance with a high final AUC of 0.999 (Fig. 4). The overall low error rate was 

reproduced well on a second test data set (Fig. 5) and on a second cell type (Fig. 6), showing that 

the HRL algorithm is a consistent, reliable method for phase unwrapping of biological QPI data. 

This method is primarily useful for biological samples on flat substrates, but the general approach 
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would be applicable for any phase sample where the standard algorithms have failed and pixels 

can be automatically labeled based on a set of image features. Future work will examine how the 

HRL algorithm could be made more efficient by utilizing other classifiers and/or reducing the 

statistic set used for the LDA classifier to further reduce the computational time. 

The general procedure of the HRL method can be adapted to phase unwrapping of other 

datasets. The general method is to (1) choose image statistics to use in the LDA, giving preference 

to those that will emphasize the edges of phase-wrapped regions (e.g., phase quality,41 fringe 

modulation,31 or edge detection filters34), (2) perform manual phase unwrapping for use as a 

training dataset, (3) perform LDA to separate edges of marked regions from all other pixels, (4) use 

image features as premarked inputs to RW segmentation,30 biased by the weights output by LDA, 

and (5) as an optional last step, tune LDA coefficients, for example, using a genetic search 

algorithm. We also note that different components of the HRL algorithm described here can be 

repurposed for other data processing tasks. For example, the combination of LDA plus a biased 

random walk would be an effective general method to segment images automatically, for example, 

to segment cells from background as an alternative to the widely used watershed algorithm.34 In 

this case, the LDA probability image would be used to combine multiple image features to enhance 

the precision of finding object or cell edges, eliminating the necessity for time-consuming manual 

image segmentation. As in the present study, a GA could then be used to further refine the classifier 

performance for the system of interest. Therefore, we expect that the HRL approach presented here 

is generally applicable to a variety of image classification problems, beyond phase unwrapping of 

biological QPI data. 
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Chapter 3. Soft lithography fabrication of index-matched microfluidic devices for reducing 

artifacts in fluorescence and quantitative phase imaging 
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1. Introduction 

 

Microfluidic devices have shown tremendous utility for studying biological samples (Sackmann 

et al. 2014). The small scale of microfluidic systems allows users to match the device length 

scale to the size of cells or even biological macromolecules, enabling precise control over the 

cellular environment (Weibel et al. 2007; Whitesides 2006; Zare and Kim 2010), massively 

parallel sample processing (Thorsen et al. 2002), and high-sensitivity detection of biologically 

relevant parameters (Chung et al. 2011a; Yeo et al. 2011). 

The utility of microfluidic devices is largely determined by the mechanical, chemical, and 

optical properties of the material used for fabrication. Accordingly, many different materials 

have been explored for different applications (Table 1). These materials include plastics, such as 

polystyrene and polymethylmethacrylate (PMMA) (Heckele and Schomburg 2004; Yeh et 

al. 2009); biologically derived materials, such as collagen gels and gelatin (Golden and 

Tien 2007; Paguirigan and Beebe 2006; Vickerman et al. 2008); and UV-curable polymers 

(Bartolo et al. 2008; Yan et al. 2017). Of the various available fabrication materials, 

polydimethylsiloxane (PDMS) is the most widely used for biological applications, for its ease of 

fabrication via soft lithography and biocompatible properties (McDonald and Whitesides 2002; 

Sackmann et al. 2014; Xia and Whitesides 1998). However, while certain material properties 

such as Young’s modulus (Quake and Scherer 2000), biocompatibility, electrochemical 

properties (Kirby and Hasselbrink 2004), and surface tension (Lam et al. 2002) of various 

common microfabrication materials have been extensively studied, optical properties other than 

transparency have not typically been considered. For example, the high refractive index of 
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PDMS relative to water (n PDMS ~ 1.41; n water ~ 1.33) makes it prone to imaging artifacts at 

channel edges due to refraction and scattering. 

 

Table 1 Summary of properties of selected common microfluidic materials 

 

Material name Type Refractive 
index 

Elastic 
modulus 

Fabrication 
method 

References 

Polystyrene Thermoplastic 
polymer 

1.60 3–
3.5 GPa 

Injection 
molding 

Zare and Kim (2010) 

Polycarbonate Thermoplastic 
polymer 

1.58 2–
2.4 GPa 

Hot embossing Wabuyele et al. (2001) 

NOA 81 Adhesive 
polymer 

1.56 200 kPa Soft lithography 
(UV cure) 

Bartolo et al. (2008) 
and Yan et al. (2017) 

Glass Glass 1.52–2.42 50–
90 GPa 

Etching Choi et al. (2002) 

Cyclic olefin polymer Thermoplastic 
polymer 

1.51–1.59 45–
78 MPa 

Injection 
molding 

Nunes et al. (2010) 

Polymethylmethacrylate 
(PMMA) 

Thermoplastic 
polymer 

1.50 1.8–
3.1 GPa 

Injection 
molding 

Heckele and 
Schomburg (2004) and 
Yeh et al. (2009) 

Polyurethane (PU) Thermoplastic 
polymer 

1.50 55 MPa Solvent casting Huang et al. (2016) and 
Pérez-Madrigal et al. 
(2014) 
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Material name Type Refractive 
index 

Elastic 
modulus 

Fabrication 
method 

References 

Polyethylene glycol 
diacrylate (PEGDA) 

Elastomer 1.47 ~ 1.6 MPa Soft lithography 
(cross-linking) 

Chung et al. (2012), 
Huang et al. (2016) and 
Mazzoccoli et al. 
(2010) 

Fused silica Glass 1.46 71.7 GPa Etching Dave et al. (2008) and 
Zangle et al. (2009) 

Polydimethylsiloxane 
(PDMS) 

Elastomer 1.41 360–
870 kPa 

Soft lithography 
(heat cure) 

Xia and Whitesides 
(1998) 

Collagen Extracellular 
matrix 

1.36–1.42 0.5–
12 kPa 

Injection 
molding (cross-
linking) 

Leonard and Meek 
(1997) 

MY133-V2000 Adhesive 
polymer 

1.334 4.5 MPa Soft lithography 
(UV cure) 

Kim et al. (this work) 

MY133 Adhesive 
polymer 

1.332 4 MPa Soft lithography 
(UV cure) 

Kim et al. (this work) 

Water – 1.331 – – – 

 

Many common microfluidic applications employ optical detection or analysis methods (Andersson 

and van den Berg 2003), making optical properties and impact on measurement precision 

important factors that need to be considered when choosing materials. For example, fluorescence 

labeling enables the positive identification of cells and different cellular components with a high 

degree of specificity and has been used within microfluidic systems in a large variety of 

applications (Baret et al. 2009; Dittrich and Manz 2006; Jovic et al. 2009; Sackmann et al. 2014; 
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Wang et al. 2005). The use of PDMS or other high-refractive index materials in microfluidic 

applications where the subject being imaged is close to microfabricated structures, either edges of 

microwells or other structures designed to control the positioning of the sample, can induce 

artifacts that compromise the integrity of the measurements. This is especially relevant in 

applications to live cell imaging where cells are often located in corners, or microfabricated cell 

traps may be used to precisely position single cells for high-throughput analysis (Di Carlo et 

al. 2006). 

The high difference in refractive index between aqueous media and microchannel materials 

also hinders the application of microfluidics to monitoring biological processes with quantitative 

phase microscopy (QPM) (Chun et al. 2012; Mir et al. 2011; Zangle et al. 2013a). QPM measures 

the phase shift of light as it passes through and interacts with matter inside of a transparent sample 

(Zangle and Teitell 2014). In measurements of single or clustered cells, QPM phase shift 

measurements can be used to measure cell mass over time using the known relationship between 

refractive index and biomass density, which is then used to compute cell mass (Zangle and 

Teitell 2014). Phase shift measurements with many QPM techniques contain inherent ambiguities 

due to the fact that light waves at two locations in the image can appear the same when they are 

perfectly in or out of phase by an integer multiple of one wavelength (Ghiglia and Pritt 1998; Kim 

et al. 2015). This ambiguity is typically resolved by a process known as phase unwrapping (Ghiglia 

and Pritt 1998). However, phase unwrapping is prone to errors at sharp changes in the optical path 

length of transmitted light through the sample, as occurs at the edges of high-refractive index 

microchannels filled with aqueous solutions. These phase-unwrapping errors reduce the accuracy 

of mass measurements using QPM and prevent high-throughput measurements using most 

interferometric QPM methods (Jang et al. 2010; Lue and Popescu 2006). 
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The benefits of matching the refractive index of material and media are well known and 

have been used, for example, to study fluid behavior (Budwig 1994; Byron and Variano 2013), or 

to image intact whole organisms (Chung et al. 2013). However, common approaches to matching 

refractive index require either the use of porous hydrogels or increasing the refractive index of the 

media itself (Budwig 1994; Byron and Variano 2013). Both of these approaches may be 

problematic for use in a microfluidic system for biological applications, because of mixing of 

defined media conditions in adjacent chip locations (Sun et al. 2017) or because cells may not 

tolerate changes in media conditions sufficient to match refractive index. Fluorination can be used 

to reduce the refractive index of organic polymers based on the low polarizability of fluorine (Groh 

and Zimmermann 1991); however, the resulting materials are Teflon-like with reduced inter-layer 

adhesion. 

In this paper, we present a protocol for fabricating low-refractive index (n = 1.33) 

fluoropolymer microfluidic devices, which drastically reduce the occurrence of image artifacts at 

the edges of channels filled with aqueous solutions. This protocol is based on the MY133 series of 

UV-curable low-refractive index polymers with refractive index very close to that of water 

(n MY133 ~ 1.33), which are primarily used as optical adhesive or coating material. The low 

refractive index and high-fidelity feature reproduction of MY133 mean that this material can 

potentially be used for a wide range of applications requiring high-precision optical measurements, 

including fluorescence and quantitative phase imaging. Therefore, we established a protocol to 

utilize MY133 as a material for microfabrication based on soft lithography for high-quality feature 

reproduction and additional processing to promote inter-layer adhesion and make the material 

biocompatible for biomicrofluidic applications. We demonstrate multiple advantages of using 

MY133 polymer for high-precision optical imaging, such as reduced fluorescence artifacts at 
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channel and structure edges. In addition, we show that QPM mass measurements of cells can be 

taken in these channels reproducibly. We therefore demonstrate that MY133 polymer is an ideal 

fabrication material for both high-precision fluorescence and QPM imaging in biological or other 

aqueous applications.  

 

 

2. Methods and Materials 

 

2.1 Preparation of molds and materials 

 

100 µm high photoresist (SU-8 3050, Microchem) molds on silicon wafers were fabricated using 

contact alignment, chrome-mask photolithography (Karl Suss MA6 Contact Aligner). 

Glass slides (Fisher Finest glass slides) or ibidi µ-Dishes with Standard Bottom (ibidi) were 

exposed to air plasma (Harrick Plasma PDC-32G) for 60 s before undergoing methacrylate (3-

(trimethoxysilyl)propyl methacrylate, 98%, Sigma-Aldrich) coating in a vacuum chamber for 

4 hours. After methacrylate treatment, slides were dried in an oven for 1 h before being stored for 

use. 
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Fig. 1 Schematic diagram of fabrication of MY133 microdevices via soft lithography. (a) Overview of MY133 

soft lithography process flow. PDMS molds are made by soft lithography from SU-8 on silicon. Efficient gas exchange 

through PDMS mold allows for O2 to inhibit polymerization at the device surface, leaving a thin uncured layer. A 

final cure in deionized (DI) H2O completed the polymerization reaction.  

 

 

2.2 MY133 device fabrication 

 

MY133 devices were fabricated via soft lithography, as shown in Fig. 1a. To create the layer 

containing the channel, MY133-V2000 (Electro Optical Components and MY Polymers) 

(henceforth “MY133”) was deposited on the surface of a patterned PDMS mold inside of a PDMS 

boundary to define device edges. After 15 min under vacuum to rid of bubbles or air in the polymer, 

a single quartz glass slide was laid on top, enclosing the MY133 between PDMS, the boundary, 

and the quartz (Fig. 1a). This was then cured under ultraviolet (UV) illumination using a UV cure 

oven (IntelliRay Uvitron UV Flood Curing System). This resulted in a cured MY133 layer with a 

thin layer of uncured polymer due to oxygen inhibition of crosslinking (Fig. 1a-i). The same 
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process was repeated with a flat PDMS layer to create the bottom layer of the MY133 microdevice 

(Fig. 1a-ii). Afterward, the uncured sides of both layers were brought in contact and cured under 

UV in deionized (DI) water on top of the substrate, creating a permanently bonded device (Fig. 

1a-iii). 

We also tested other variations on this basic fabrication protocol. One simplified method 

is to fully cure MY133 channel on the silicon master wafer or PDMS mold then plasma treat both 

the channel-patterned side of MY133 construct and substrate before attachment. This results in an 

impermanent bond between the construct and slide, but with significantly reduced complexity of 

fabrication.  

To create microwell devices, MY133 was placed directly onto methacrylate treated glass 

or silicon slides. Then a PDMS microwell mold was pressed onto the slide and the construct 

immersed in DI water to prevent oxygen from inhibiting the curing reaction. This assembly was 

then cured by UV exposure for 60 s before removal of the PDMS mold and final curing under DI 

water for 60 s. Finally, the device was rinsed thoroughly in ethanol to remove uncured monomer. 

 

2.3 PDMS device fabrication 

 

PDMS channels were cast from SU-8 molds following standard approaches (McDonald and 

Whitesides 2002). Briefly, PDMS mixed at 10:1 base:curing agent ratio was poured onto the mold, 

vacuum treated to reduce air bubbles, and fully cured (TheroFisher Scientific). After curing, inlets 

and outlets were created using a 0.75 mm punch, then both PDMS channels and glass slides were 

exposed to air plasma (Harrick Plasma PDC-32G) for 60 s and attached to form a permanent bond. 
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2.4 Imaging 

 

Microscopy was performed on a Zeiss Axio Observer A1 with stage-top incubation system (Zeiss). 

Fluorescence, brightfield, and QWLSI quantitative phase imaging were performed using either a 

10 × 0.25 numerical aperture (NA), 20 × 0.4 NA, or 40 × 0.5 NA objective. Phase contrast imaging 

was performed using a 20 × 0.4 NA Ph2 objective. Fluorescence, brightfield, and phase contrast 

images were captured with a Hamamatsu EM-CCD Digital Camera C9100 camera. QPM data 

were captured with a SID4Bio quadriwave lateral shearing interferometry (Phasics) camera (Bon 

et al. 2009). A 0.35 NA condenser was used for transillumination with a halogen lamp for phase 

contrast, a 660-nm collimated LED (Thorlabs) for QPM, and a X-Cite Series 120 Q fluorescence 

light source for fluorescence imaging. 

 

2.5 Fluorescence image analysis 

 

Fluorescence microscopy images were analyzed using MATLAB (Mathworks). Briefly, a 

threshold of 0.7 of maximum intensity was applied to generate a binary image of the fluorescent 

beads. A MATLAB built-in function for eccentricity measurement was then used on each shape 

in the binary image to quantify the eccentricity of bead images by computing the ratio of the length 

of the ellipse major axis to the distance between foci (the limit of 0 corresponds to a circle, 1 is a 

straight line). 

 

2.6 Optical profilometry 
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Optical profilometry was performed using a Bruker Contour GT-X8 (Bruker) in high-resolution 

vertical scanning interferometry (VXI) mode. Refractive index was determined by first measuring 

channel step height in air, then filling the channels in water, and measuring the step height change 

in optical path difference between the channel and the surrounding material using a 20×, 0.28 NA 

through transmissive media (TTM) objective. Shrinkage during curing was determined using the 

affine transformation matrix returned by MATLAB’s imregister function (500 iterations) 

comparing the inverted MY133 channel profilometry data to profilometry data from the SU-8 

master mold. QPM data of water-filled microchannels with the Bruker system were acquired as 

described and validated previously (Chun et al. 2012; Reed et al. 2011; Zangle et al. 2013b) for 

live cell imaging in phase shifting interferometry (PSI) mode. 

 

2.7 Cell culture 

 

MY133 channels constructed on top of gas-permeable polymer coverslips (ibidi 35 mm cell-

culture dishes, cat # 81156) were rinsed with sterile filtered 100% ethanol for 2 h, followed by a 

24 h rinse with sterile deionized (DI) water. Channels were coated by filling with 10 µM 

fibronectin (Sigma Aldrich) in DI water and allowed to dry for 1–3 h at room temperature. The 

channel was then rinsed with DPBS before seeding M202 cells (Søndergaard et al. 2010) at a 

concentration of approximately 106 cells/mL. After 30 minutes of incubation, the channel was 

rinsed with cell medium before connecting to a perfusion unit. 

M202 cells were cultured as described previously (Søndergaard et al. 2010). The cell 

medium was composed of RPMI 1640 (Fisher), 10% fetal bovine serum (Omega), and 1% 
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penicillin–Streptomycin solution (Corning) buffered with 20 mM HEPES (Thermo Fisher 

Scientific), under continuous perfusion using a syringe pump (Harvard Apparatus Pump 11 Elite) 

M202 cells were seeded in 12-well plate (Corning) at concentration of 104 cells per well in 

1 mL of cell media. One plate was used as control, each well on the other plate had a piece of cured 

and treated MY133 polymer submerged in cell culture media. After 12 h for cell attachment, each 

well of M202 cells was detached and counted manually using a hemacytometer. The cells were 

counted for 5 d in triplicates per day per condition. 

 

2.8 QPM data analysis 

 

QPM data analysis was performed using custom MATLAB scripts as previously described (Reed 

et al. 2011). Briefly, cells were segmented from the background using a combination of local 

thresholding and edge detection. Cells mass was then computed from QPM data using an assumed 

cell average-specific refractive increment of 1.8 × 10−4 m3/kg (Zangle and Teitell 2014). Mass 

versus time tracks were compiled by using an algorithm that links cell data from frame to frame 

by minimizing the displacement of each identified cell in terms of x location, y location, and mass 

(Crocker and Grier 1996). 

 

 

3. Results and discussion 

 

3.1 Resolution of feature reproduction in MY133 via soft lithography 
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To evaluate the fabrication resolution of the MY133, we used optical profilometry to measure the 

features on the original SU-8 master and resultant MY133 device created using the same device 

mold. Profiles of the mold and the device showed precise reproducibility of the master mold by 

MY133 (Fig. 2a-c). In addition, we also found that MY133 also features slightly reduced surface 

roughness relative to that of PDMS (Fig, 2d). 

 

 

 

Fig. 2 MY133 shows excellent feature reproduction in microfabricated devices (a) Optical profilometer image of 

SU-8 master mold and (b) MY133 soft lithography result. Dashed line shows location of cutout in panel (c). (d) 

MY133 shows moderately reduced surface roughness relative to PDMS and comparable roughness to the SU-8 master 

used for fabrication. Error bars show standard deviation. 
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Fig. 3 MY133 has a refractive index close to that of water. Photograph of MY133 (bottom) and PDMS (top) air-

filled 100 µm deep microchannel devices in (a) air and (b) water shows the close match in refractive index as a near-

elimination of device edges when immersed in water. (c) Phase contrast image of 100 µm deep, water filled MY133 

microchannel taken in same conditions (exposure time and illumination and optics) as (d) phase contrast image of 

PDMS channel. (e) MY133 channel shows much lower contrast at channel edges in channel intensity profiles averaged 

along the length of the channel. (f) Refractive index of MY133 devices at 660 nm is closely matched to water (ΔnH20 

< 1x10-3). Error bars show standard deviation. 

 

3.2 Refractive index of MY133 and PDMS devices 

 

MY133 polymer is fluorinated in order to reduce the polarizability of the material and, therefore, 

the refractive index (Groh and Zimmermann 1991). The resulting refractive index of MY133 

closely matches that of water, which confers several advantages in applications requiring 

fluorescence and quantitative phase imaging. In air, both PDMS and MY133 devices are clearly 
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visible due to high difference in refractive index (n air ~ 1.00; n water ~ 1.33) (Fig. 3a, c). However, 

when placed under water, the perimeter of PDMS device is clearly visible (Fig. 3b) and the edges 

of MY133 device of same pattern and dimensions become invisible except for the air trapped in 

the channel portion (Fig. 3d). The difference in refractive index is also clearly visible in phase 

contrast images of water-filled channels (Fig. 3e, f). In these images, PDMS has high-intensity 

pixels at the channel edges due to the large difference in refractive index between the channel 

material and the water filling the channel, while MY133 does not (Fig. 3g). To verify refractive 

index, we also calculated refractive index of both polymers (Fig. 3h) using optical profilometry, 

which closely followed that of the reported values for MY133 and PDMS (Xia and 

Whitesides 1998). 

Our measured refractive index at 660 nm is comparable to manufacturer data specifying a 

refractive index for cured MY133-V2000 of 1.333 and 1.329 at 589 and 950 nm, respectively. The 

refractive index of water ranges from approximately 1.332 to 1.327 for the same wavelength range. 

Therefore, the difference in refractive index of this material relative to water is small across a range 

of wavelengths. Additionally, MY133-V2000 only exhibits a small change in refractive index 

during curing (from 1.330 to 1.333); therefore, curing conditions do not play a major role in 

determining final device properties. Throughout our experiments, the refractive index was 

generally consistent at both room temperature and 37 °C (cell culture conditions), so we do not 

expect the refractive index to vary in normal conditions (e.g., non-extreme temperatures). 
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Fig. 4 MY133 devices reduce artifacts in fluorescence imaging. (a-d) 16 µm spherical fluorescent polystyrene beads 

at the edge of channel structures in MY133 and PDMS microchannels. (a,b) Fluorescence and (c,d) brightfield images 

show artifacts in PDMS channels. Beads imaged at the edge of MY133 channels (a,c) show results comparable to (e-

h) fluorescent and brightfield images at the center of microchannels. (i) Eccentricity measurements of fluorescent bead 

images show significant aberrations in images of beads at PDMS channel edges. Lower eccentricity indicates a more 

rounded shape, as expected for images of spherical beads. * p < 0.01, n = 38, 28, 30, 30 for MY133 edge, MY133 

center, PDMS edge, and PDMS center, respectively, error bars show standard error of the mean. 

 

 

3.3 Elimination of artifacts at microfabricated structures in fluorescence imaging 

 

The low refractive index of MY133 is advantageous for fluorescence imaging. Often, the intensity 

and the area of features in fluorescence images are measured to draw quantitative conclusions 

about the role of the labeled object or structure (Giepmans et al. 2006; Ntziachristos 2006). 
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Microfluidic systems are often used in conjunction with fluorescent imaging to control and 

manipulate the specimen being measured and its environment. However, the material used to 

fabricate the microfluidic device can have an impact on the accuracy of features quantified with 

fluorescence microscopy. In order to quantify this effect, we imaged spherical, green fluorescent 

beads as a model system with known geometry in the middle and at the edge of straight 

microfluidic channels (Fig. 3) using widefield fluorescence microscopy. When the beads were 

positioned at the edge of the channel in an MY133 device, fluorescence images remained 

comparable to beads at the center of the device, maintaining their expected spherical shape (Fig. 4a, 

c). In contrast, beads positioned at PDMS channel edges showed artifacts where the bead touched 

the channel wall (Fig. 4b, d). This can be attributed to the high difference between refractive index 

of water and of PDMS, as beads in the center of MY133 PDMS channels also show undisturbed 

fluorescence (Fig. 4e–h). In order to quantify the effects of artifact at PDMS channel edges, we 

calculated eccentricity as a measure of departure from the expected circular shape. Image 

segmentation based on fluorescence images was used to outline the edge of the fluorescence shape. 

Eccentricity (e) of each individual bead was then calculated based on the fluorescence images as 

the ratio of the major axis to the distance between foci of an ellipse with the same second moments 

as the region. For a perfect circle, the eccentricity is zero, and as ellipses deviate from a circle, the 

eccentricity nears a value of 1. As shown in Fig. 4i, the eccentricity of fluorescent beads was 

significantly higher than beads in three other conditions, showing that fluorescent images at PDMS 

channel edges result in artifacts that can compromise the integrity of the fluorescence 

measurements. 
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Fig. 5 MY133 microfluidic devices are effective for QPM imaging. (a) QPM image via quadriwave lateral shearing 

interferometry (QWLSI) of water-filled MY133 device shows no artifacts at channel edges. (b) QPM images of water-

filled PDMS channels taken with the same technique as in (a) show variable, localized errors due to phase unwrapping. 

(c) QPM image of water-filled MY133 channel taken with phase shifting interferometry (PSI). (d) QPM image of 

water-filled PDMS channel taken with PSI shows large phase-unwrapping errors propagating across the channel 

structure. 

 

3.4 Elimination of artifacts at microfabricated structures in quantitative phase imaging 

 

Next, we tested the applicability of MY133 in QPM in order to study whether or not MY133 would 

be an ideal material to integrate microfluidics with QPM. QPM is highly applicable in biological 

studies as it enables precise measurements of dry masses of biological samples by measuring the 

phase shift of light as it passes through a sample (Popescu et al. 2014; Zangle and Teitell 2014). 

These measurements of dry biomass in cells over time have many practical applications, such as 

rapid drug screening, study of interaction between different cell types, and study of specific inter-

cellular structures (Kandel et al. 2017; Reed et al. 2011; Zangle et al. 2013a). 
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Direct phase shift measurements taken with QPM typically must be processed by a phase-

unwrapping algorithm to yield an image of the true phase shift due to inherent phase ambiguities 

(Ghiglia and Pritt 1998; Goldstein et al. 1988). However, these methods are susceptible to phase-

unwrapping errors when local differences in optical path length within the sample exceed 2π rad 

or one wavelength of the light source used for illumination. The result is reduced measurement 

accuracy and precision (Kim et al. 2015). A rule of thumb to avoid phase-unwrapping errors in 

QPM is to ensure that: 

 OPDmax < λ  (1) 

where OPDmax is the maximum difference in optical path length between adjacent pixels within 

the image and λ is the wavelength of light used for sample illumination. OPD can be computed as: 

 OPD = Δn ⋅h  (2) 

where Δn  is the average difference in refractive index between adjacent locations of the sample, 

through h, the thickness of the sample. At channel or microstructure edges, the OPD is therefore 

the difference in refractive index of the material relative to water times the channel height. This 

places a practical limit on the maximum practical microchannel height for use with QPM, based 

on refractive index. For example, for a 100 µm deep channel illuminated with green light at λ = 500 

nm, Δnmax = 5x10-3. 

MY133 devices have a refractive index difference relative to water that keeps the optical 

path difference below this practical limit on quantitative phase imaging, Δn < 1 × 10−3 (Fig. 3f). 

To demonstrate the applicability of MY133 microfluidic devices, we imaged both MY133 and 

PDMS microchannels filled with water with each of two different interferometric QPM methods 

(Fig. 5), using two different height (approximately 100 and 50 µm) channels. In quadriwave lateral 

shearing interferometry (QWLSI), an interferogram is used to compute the gradient of phase shift 
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which is then numerically integrated to yield phase shift (Bon et al. 2012). In phase shifting 

interferometry (PSI), an interferogram is used to directly compute the phase shift (Reed et al. 2011; 

Schmit et al. 1993). In each case, QPM images of PDMS channels showed pronounced artifacts 

originating from microchannel boundaries (Fig. 5b, d). These errors can significantly reduce QPM 

measurement accuracy, as reflected in the high ranges of phase shift intensities of the two 

measurements in QWLSI and PSI (700 and 6000 nm, respectively). However, these errors are 

eliminated in QPM measurements of microchannels fabricated with MY133 (Fig. 5a, c). In 

measurements of MY133 devices, QWLSI data using 100-µm channel show double the phase shift 

inside versus outside the channel as for PSI using 50-µm channel, as expected. As in fluorescence 

imaging, the low refractive index of MY133 enables more accurate QPM measurements. 

 

3.5 MY133 enables measurement of cell biomass accumulation rate over time via quantitative 

phase imaging 

 

MY133 fabricated microstructures are suitable for cell culture, enabling high precision optical 

imaging for biomedical applications. As a demonstration, we fabricated MY133-V2000 

microchannels (Fig. 6a,b) and MY133 microwells (Fig. 6c,d) and prepared them for cell culture. 

We determined it was necessary to rinse MY133 structures with 100% ethanol (EtOH) followed 

by sterile DI water to prevent cytotoxicity due to uncured MY133 monomer. Devices were then 

coated in fibronectin to promote cell attachment. 

The low refractive index of MY133 enables error-free QPM measurements of cells within 

both closed microchannels and open microwell structures (Fig. 6a, c). In QPM images, these 

structures can be masked out via image processing (Fig. 6b, d) to yield images of the mass 
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distribution within cells (Zangle and Teitell 2014). Measurements of cell mass from QPM data 

confirmed that cells grow and accumulate mass when cultured in MY133 channels (Fig. 6e). Cells 

grown in cell culture wells containing cured MY133 or in control conditions (standard cell culture 

wells in the absence of MY133) showed the same overall population doubling time, confirming 

that MY133 material is appropriate for cell culture (Fig. 6f). This demonstrates the applicability 

of MY133 for future use in biological studies. 

 

 

 

Fig. 6 MY133 microfluidic devices for quantitative phase imaging of live cells. (a) QPM image (via QWLSI) of 

M202 cells in a 100 µm high MY133-V2000 microchannel show uniform background. (b) QPM image from (a) with 

channel masked out allows for quantification of cell biomass distributions. (c) QPM image of M202 cells in 12 µm 

high MY133 microwells showing artifact-free images of cells in close contact with microfabricated structures. (d) 

microwells removed via image processing (by subtracting the average phase profile of microwells across images) 

showing the distribution of cell biomass in microwell structures. (e) Cell mass over time data, normalized by cell 



	 61	

initial mass to account for variations in cell size, for cells imaged within MY133 channels showing robust growth 

within MY133 devices (n = 21). Mean shown in blue, linear fit in green, and +/- standard error of the mean in grey. 

(f) Cell proliferation when exposed to MY133 shows the same overall proliferation rate as control. Error bars show 

standard error of the mean. 

 

 

4. Conclusions 

 

We have demonstrated the novel use of a low-refractive index fluoropolymer, MY133, in 

fabricating microfluidic channels via a soft lithography process. The fluorination of this material 

is necessary to lower the material’s refractive index (Groh and Zimmermann 1991), but at the cost 

of reduced inter-layer adhesion. We have therefore developed several strategies to fabricate 

microstructures that are compatible with the constraints of cell growth. We have also shown that 

the low refractive index of MY133 confers advantages in fluorescent and quantitative phase 

imaging relative to high-refractive index materials. Finally, we demonstrated the applicability of 

MY133-microfabricated devices to cell culture in closed microchannel and open microwell 

structures. 

There are several additional practical considerations regarding the use of MY133. We 

found that this material has low gas permeability once cured; therefore, for prolonged cell culture 

a gas-permeable substrate can be used to maintain O2 and CO2 levels in cell media. The adhesion 

between same polymer constructs is permanent as long as the integrity of uncured layer is 

maintained at the time of adhesion formation. Adhesion to glass or other substrates using the 

methods outlined in this paper can be maintained at cell culture conditions (high humidity and 

warm temperature) for up to 24 h without leaking, sufficient to perform a typical imaging assay. 
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If used without the high humidity and temperature required for cell culture the adhesion lasts 

longer. Adhesion for long-term cell culture (> 24 h) could be improved, for example, via 

mechanical clamping of the MY133 devices. Creation of vias and connections to tubing in MY133 

is very easy and can be done with standard biopsy punches, ports, and tubing connections as 

commonly applied to PDMS microfluidics. A primary disadvantage relative to PDMS is the cost 

of the material, which typically amounts to several US dollars per device, depending on thickness 

and size. The major advantages of the use of MY133 for microfluidics are its low refractive index 

and easy manipulation via soft photolithography. 

There are many possible applications of MY133 in drug discovery and single-cell analysis 

using fluorescence imaging and QPM. MY133 devices offer a way to reduce distortion and 

artifacts by using optically matched materials when imaging cells in direct contact with complex 

microfluidic structures such as in cell (Di Carlo et al. 2006; Valero et al. 2005), cell cluster (Cheng 

et al. 2016), embryo (Chung et al. 2011b), or organism (Chung et al. 2008) microfluidic traps. The 

elastic property of the MY133 polymer also makes it possible to perform fluid manipulations using 

pressure valves. Incorporating pressure valves for more elaborate microfluidic manipulations such 

as pressure-induced sorting will increase the range of potential future applications for MY133 

devices. Overall, MY133 presents an attractive microfluidic material alternative for biomedical 

applications requiring high-precision optical imaging. 
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Chapter 4. Rapid, label-free classification of tumor-reactive T cell killing with quantitative 

phase microscopy and machine learning   
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INTRODUCTION 

Quantitative phase microscopy (QPM) is a label-free imaging technique with increasing adoption 

for cell characterization and identification studies1. With advances in machine learning, high-

throughput QPM enabling the identification of cells of interest for isolation has high potential in 

basic research and for translation into clinical applications2-4.  As previously demonstrated, 

combining QPM imaging with machine learning in fluid flow systems can increase the 

throughput of cellular characterization and the accuracy of classification between different cell 

types5-7. However, single time point measurements trade throughput for evaluations of the same 

cell or collection of cells over time, which impedes studies of time-dependent biological 

phenomena that require sequential measurements. Fluid-flow systems are also incompatible with 

studying adherent cells in their natural state because the cells need to be suspended to be 

processed on a fluidic platform. To address these shortcomings, there have been several attempts 

to incorporate time-dependence into QPM platforms with machine learning. For example, Vicar 

and colleagues reported a 75.4% prediction accuracy for classifying lytic versus apoptotic cell 

death in human prostate adenocarcinoma cells using time-dependent sequential quantitative 

phase data8. 

 A biological phenomenon of high interest is the cytotoxic activity of tumor-reactive T 

cells. The discovery of tumor antigen-recognizing T cells, their T cell receptors (TCRs), and 

cognate tumor-specific, cell surface antigens is an area of intense activity in cancer 

immunotherapy research.  Adoptive cell transfer (ACT) and chimeric antigen receptor (CAR), 

especially CAR-T cell, cancer immunotherapies have shown high clinical potential, but are 

nonetheless limited by a range of patient responses and a paucity of dependable antigen-targeting 

TCRs that specifically attack tumor cells9. An exciting example of success in this approach is in 
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hematologic malignancies, such as specific categories of leukemia or lymphoma, which 

frequently show high rates of response and tumor regression to immunotherapy approaches8. 

However, treatments of solid-tissue tumors with an adherent cell phenotype, such as melanoma, 

show patient response rate heterogeneity, with melanoma achieving one of the highest response 

rates at ~30%10-12. 

Recent studies propose addressing burgeoning needs in time-dependent cell identification 

through multiple microfluidics and imaging approaches that utilize engineered, labeled non-

adherent cellular systems1,3. The use of labeling allows high levels of cellular specificity, but 

presents a myriad of potential complications affecting biological integrity. These issues include 

but are not limited to the potential alteration of labeled cells through unintended molecular 

interactions, selection for another unintended trait in a subset of cells under study, and an extra 

manipulation step in translational use with clinical samples13. In particular, a method to screen 

for tumor-reactive T cells in naïve, fresh clinical samples would have broad importance for the 

development of new, targeted immunotherapies, especially in solid tumors where there is a 

shortage of highly specific and effective cancer immunotherapy targets14. QPM has shown 

potential for classifying white blood cells through flow-based methods15-17, however, currently 

there is not a time-dependent screening approach to identify T cell killing rapidly during image 

acquisition. Such an advance could span discovery stage studies in identifying new targets and 

TCRs for therapy, implementation approaches with streamlined processes for personalized 

therapy, and accessibility, with cost savings and time reductions in translational pipelines and 

clinical applications. 

Previously, our lab quantified the label-free decrease of biomass in actively killed 

adherent tumor cells with a concurrent biomass increase in the activated T cells performing the 
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killing over time using live cell interferometry (LCI)2-4. LCI is a label-free single-cell or cell-

clump imaging application of QPM that is compatible with adherent and non-adherent cells18. 

LCI also enabled label-free studies of different cell fates in multiple biological contexts using 

threshold-based classification schemes based on QPM imaging features19,20. However, these 

prior studies were not easily translatable to clinical applications due to the extended time needed 

for post-imaging analysis and manual cell identification. To overcome these limitations and 

enable T cell killing classification, we provide a new rapid approach that is label-free and high-

throughput using QPM with machine learning to monitor and identify T cell killing of target 

solid tumor cells. To demonstrate broad applicability of this approach in cancer immunotherapy, 

we used time-dependent input features from one adherent cancer cell line-cognate T cell-

matched model system to train a machine-learning model that showed high classification 

accuracy in a second, independent adherent cancer cell line-cognate T cell-matched model 

system. 

 

 

RESULTS 

 

Establishing a tumor cell and T cell co-culture test system 

Our study goal was to create an automatic, rapid, label-free classification method using QPM 

data coupled to machine learning for accurate and reproducible identification of cells of interest. 

As a demonstration system, we chose to identify antigen-specific T cells that kill target 

melanoma cells. To begin, we generated a training dataset by monitoring and measuring changes 

in healthy growing tumor cells and tumor cells undergoing active killing using label-free QPM. 
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For this purpose, we picked a well-characterized cytotoxic T lymphocyte (CTL) and target 

tumor-cell system used previously to study anti-cancer T cell reactivity21. This system consists of 

M202 human melanoma cells expressing surface Melanocytic Antigen Recognized by T 

lymphocytes (MART1, aka melan-A) and F5 TCR-transduced CD8+ T cells that kill human 

leukocyte antigen (HLA) matched MART1+ M202 cells21,22. 

M202 cells growing in culture were imaged using LCI before and after the addition of F5 

TCR-transduced CD8+ T cells, with healthy melanoma cell growth prior to co-culture assessed 

by measurements of biomass accumulation over time (Fig. 1a and Fig. S1). Following tumor-cell 

growth verification, the addition of F5 TCR-transduced CD8+ T cells at a 2:1 ratio to M202 cells 

established a CTL-tumor cell co-culture system (Fig. 1a)23.  LCI images of the co-culture system 

were acquired every 15 m (Methods). This approach enabled the extraction of numerous raw 

QPM image-derived quantitative measurements, including optical, biophysical, and 

morphological features, which were collected and assessed over time from numerous individual 

target cells and CTLs (Table 1). 

 

Identifying QPM features for classifying T cell killing events 

 

QPM images from the co-culture system were organized into time tracks by connecting together 

consecutive measurement time points, as previously described24. Each time point corresponded 

to a specific imaging frame that contained information in the form of unique, quantifiable image 

features that cells exhibited at that specific time point. We only considered data from healthy 

growing tumor cells that showed growth by biomass accumulation before the co-culture system 

was established to exclude cell death not attributable to CTL activity. 
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Figure 1. Schematic of the experimental test system and its analyses. (a) Schematic of co-culture system and 

QPM analysis. LCI imaging of M202 cells seeded into a culture dish establishes the unperturbed tumor cell 

biomass accumulation (growth) rate. Next, F5 TCR-transduced CD8+ T cells at a 2:1 ratio to M202 cells were added 

to the culture dish. Real time image analysis by image segmentation and software-enabled tumor cell tracking over 

time generates imaging features. These features are inputs for machine-learning models that attempt to accurately 

identify and classify T cell-mediated M202 melanoma cell killing. (b) M202 melanoma cells lacking recognition by 

T cells (i), or experiencing a non-specific T cell interaction (ii), continue to accumulate biomass and divide. By 

contrast, a HLA-restricted, F5 TCR-transduced CD8+ T cell and MART1 antigen-expressing M202 melanoma cell 

interaction activates tumor cell death identified by a machine-learning model classifier (iii).  

 

 

We manually annotated tumor cell imaging tracks to place M202 melanoma cells into 

two groups of classification, “alive” and “T cell killed”. In co-culture, melanoma cells had one of 
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three observable fates. Fate 1 was growth over time without attack by proximal CTLs. Fate 2 was 

growth over time with a proximal CTL interaction, providing a potential failed tumor-cell killing 

event. Fate 3 was lysis and/or a prolonged biomass or cell area decrease verified by manual 

review during or after a physical interaction with a CTL (Fig. 1b and Fig. 2a)21. Imaging frames 

in which tumor cells were growing with or without T cell interactions (fates 1 and 2) as 

measured by biomass accumulation classified as alive, and frames in which tumor cells were 

dying specifically from T cell activity were classified as T cell killed (fate 3). A comparison of 

multiple quantitative imaging features (Table 1) over time between alive and T cell killed tumor 

cells revealed unique patterns.  Tumor cells killed by CTLs showed feature changes that began 

with a reduction in projected cell area and increased cell density prior to measurable CTL-

mediated lysis, determined through biomass loss, as established previously (Fig. 2b)21. To take 

advantage of differences between T cell killed and alive tumor cell features, we trained four 

independent machine-learning models to recognize morphological and biophysical changes that 

preceded CTL-mediated biomass loss from tumor cells. 
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Figure 2. Progression of the quantitative phase density map during tumor-reactive T cell mediated killing and 

top ten extractable QPM features. Representative LCI images of a single F5 TCR-transduced CD8+ T cell killing 

a MART1+ M202 melanoma cell over time. Phase density and mass distribution is shown in color scale ranging 

from 0 (background) to 2 pg/nm2. (b) Heat map of the top ten extracted QPM features of target cells for alive cell 

events versus T cell killed events. Each row represents an individual cell, and each major column represents a tumor 

cell feature. Each sub-column is a QPM image collection time point, here represented by 3 sub-columns for each 

imaging feature spanning 30 m. Tumor cell features in T cell killing events have more pronounced differences 

between imaging frames than alive tumor cell features, which are represented by changes in color intensity.  

	

 

Table 1  Quantifiable features evaluated from QPM imaging data. 
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FEATURE DESCRIPTION TYPE 

Max Intensity Maximum measured optical density per pixel in the given 

segmented area 

Optical 

Min Intensity Minimum measured optical density per pixel in the given 

segmented area 

Mean Phase Shift Average optical density averaged over the given segmented area 

Area Total segmented area of the cell Biophysical 

Biomass Dry mass of the cell, summed over the given segmented area 

Distance Displacement by a cell in between consecutive frames 

Relative Distance Distance divided by the area of the cell 

X-Coordinate Coordinate along the X-axis of the frame of the center of the 

cell region. 

Y-Coordinate Coordinate along the Y-axis of the frame of the center of the 

cell region. 

Convex Area Area of the smallest convex polygon that can contain the cell 

region. 

Morphological 

Eccentricity The ratio of the distance between the foci of the ellipse and its 

major axis length. The value is between 0 and 1.  

Equivalent 

Diameter 

Diameter of a circle with the same area as the region. Computed 

as sqrt(4*Area/pi).  
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Extent Ratio of region area to area of the total bounding box. Area / 

Area of the bounding box.  

Filled Area Area of a rectangular box encasing the cell region.  

Major Axis Length of the major axis of the ellipse encapsulating the cell 

region.  

Minor Axis Length of the minor axis of the ellipse encapsulating the cell 

region.  

Orientation Angle between the x-axis and the major axis of the ellipse 

encircling the cell. The value is in degrees, ranging from -90 

degrees to 90 degrees. 

Perimeter Distance around the boundary of the region. 

Perimeter 2 Perimeter with different edge weights in segmentation. 

Shape Factor Area divided by its circumference or the length of its perimeter, 

P, (4πA/P) 

Solidity Proportion of the area in the convex hull that are also in the 

region. Computed as Area/Convex Area. 

*Bolded are top ten parameters used for final evaluations 

 



	 80	

 

Figure 3.  Univariate feature performance for classification. (a) Ranking of QPM features based on AUCs from 

univariate classification. (b) Heat map visual of a pairwise correlation matrix between 19 QPM imaging features 

analyzed by data extraction from quantitative images. Diagonal boxes represent autocorrelation of the feature with 

itself, with a value of 1. (c) Graphical representation of quantitative feature transformation. Absolute feature 

measurements are raw quantitative values of each feature collected from each LCI imaging frame. Percent changes 

were calculated from absolute feature measurements by dividing the difference of feature values from consecutive 

imaging frames by the feature value of the preceding frame. 
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We randomly placed collected QPM imaging features from individual M202 tumor cell tracks 

during co-culture with F5 TCR-transduced CTLs into training and validation datasets. To 

increase the accuracy of the examined machine learning models, we adjusted the number of T 

cell killed and alive cell events for equivalency in the training dataset25. In addition, to make 

model training as efficient as possible, we determined the most potent discriminating features for 

accurate classification of T cell killed compared to alive tumor cells by testing univariate feature 

performance (Fig. 3a). We evaluated four standard machine-learning classification models that 

include Bayes, Logistic Regression (LR), Support Vector Machine (SVM), and Random Forest 

(RF) for univariate classification power from the list of quantifiable QPM imaging features listed 

in Table 1. These features were then ranked according to their classification accuracy (Fig. 3a). 

Following feature ranking, the correlation or independence between each feature was calculated 

and presented in grid format (Fig. 3b). To reduce redundancies or less informative features in the 

imaging data landscape, and to increase the efficiency of model training, we eliminated the 

lower-ranked features with greater than 95% correlation with higher-ranked features (Table S1) 

Using this approach, we curated QPM imaging features employed for model training to the top 

ten least overlapping input features (Table 1, bold font). Notably, the top ten performing features 

by univariate analysis for classification accuracy turned out to be the same for all four machine 

learning models under evaluation, even though the specific ranking order differed slightly 

between models. 

 

 

 

 



	 82	

Transformation of raw QPM imaging features into machine learning model inputs 

 

We next explored different feature input formats because raw data transformation can increase 

machine learning model classification accuracy. We converted raw imaging feature data into two 

different formats, absolute values (A) and percentage changes (P) from different numbers of 

tracking frames for each M202 target cell, including those that were T cell killed and those that 

remained alive21,26. Absolute value inputs were the raw quantitative values of the feature 

measurements. Percent change values were derived from the differences in the absolute values of 

feature measurements from successive imaging frames divided by the raw value of the preceding 

measurement (Fig. 3c). We tested five different input formats. Absolute 1 (A1) inputs were the 

absolute values of the top ten performing features of each tumor cell at a single time point. 

Absolute 2 (A2) inputs were features of each tumor cell at two consecutive time points. Absolute 

3 (A3) inputs were features of each tumor cell from three consecutive time points. Percent 1 (P1) 

was the percent change in the top ten performing features of each tumor cell from two 

consecutive time points using values from A2 measurements. Percent 2 (P2) was the percent 

change in features of each tumor cell from three consecutive time points using values from A3 

measurements (Fig. 3c). The transformation of raw absolute feature measurements into percent 

change had multiple potential benefits. First, this approach highlights the time-dependent change 

of tumor cell features27. Second, using percent changes removed scaling effects for each 

measured feature, with an example being that measured biomass ranges in the hundreds of 

picograms compared to, for example, eccentricity, with ranges from 0 to 1. Following the 

transformation of absolute values into percent changes, all the measured features range on a scale 

of 0 to 100%, removing the effects of different feature scales on the classification (Methods). 
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Feature combinations efficiently identify tumor-reactive T cell killing events 

 

We tested the performance of different combinations of QPM measured features for rapidly 

identifying tumor-killing events using each of the four machine learning models. Using the top 

ten performing univariate features, we generated all combinations for each modeling input (e.g. 

A1, A2, A3, P1, and P2), which resulted in 1023 unique feature combinations per input type. We 

used these input combinations to train each machine-learning model with MATLAB. We plotted 

the classification results based on true positive rate and false positive rate into a receiver-operator 

characteristics (ROC) curve. The ‘area under the curve’ (AUC) of the ROC curve is a reliable 

metric for classification accuracy5,28-30 and was used to evaluate the training dataset classification 

accuracy of each trained machine-leaning model. To visualize the effects of specific features on 

classification performance, we compared AUC scores for the 1023 individual feature 

combination-trained classifications by input type, represented as violin plots (Fig. 4a). The 

highest performing classification accuracy occurred with RF for all five input types (p<0.0001) 

(Fig. 4a). The top performing RF classification was trained using P2 input type, with an AUC of 

0.9665 (Fig. 4b). 
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Figure 4. Training and validation performance of 1023 feature combinations using four different machine-

learning models and input types. (a) Classification performance of models on training data. Each violin plot shows 

the performance of all 1023 feature combinations (n = 1023) used to train the model. Plots are not drawn to scale. 

(b) ROC curve of the top performing feature combinations based on training data. The top classifier was a RF 

machine-learning model with input type P2, with an AUC of 0.9665. (c) Classification performance of top-

performing RF models using the five data input types from three randomly populated QPM feature validation 

dataset. Percent 2 (Per2) showed the highest mean AUC and smallest standard deviation. 
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To validate our machine-learning model choice and to ensure that the trained model is not 

specialized only for the training data, we evaluated the RF classification model on the previously 

partitioned validation data set aside for F5-TCR transduced CD8+ T cell M202 melanoma cell 

killing. We further split this set aside data into three random datasets for assessment (each 

containing 67 live cell events and 67 T cell killing events). The performances of top input feature 

combinations for RF classification across different input types were statistically indifferent. P2 

was chosen as the preferred input type because of its high mean AUC and smallest data spread 

using different feature combinations (Fig. 4c). P2 input features of the highest performing RF 

classifier included percent change in perimeter, major axis, maximum intensity, distance, and 

relative distance from three consecutive QPM imaging time points. Classification of the set aside 

validation data showed an average AUC of 0.97 for identifying F5 TCR-transduced CD8+ T cell 

killed M202 melanoma cells, providing confidence that the highly accurate classification 

performance was not specific for the training data.  
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Figure 5. NY-ESO-1 TCR-transduced CD8+ T cell killing of M257-A2 melanoma tumor cells. (a) 

Representative images of a M257-A2 melanoma cell undergoing HLA-A2.1 restricted, anti-NY-ESO-1 antigen CTL 

mediated killing. (b) ROC curves using the RF model for the listed ratios of T cell killed to non-killed tumor cell 

classifications. (c) Classification performance by AUC of 30 randomly grouped datasets at the listed T cell killed to 

non-killed tumor cell ratios. The outliers in 1:100,000 dilution group is attributed to having one only T cell killing 

event in the dataset, which was misclassified as Alive.  

 

 

Trained model identifies T cell killing events in an independent system 

A valuable machine learning classifier should perform well in multiple situations with similar 

input features without additional training. To evaluate the performance of the RF model with P2 
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type input features with no additional training, we picked a second, independent CTL-tumor cell 

co-culture demonstration system. This second system consists of slower growing M257-A2 

melanoma cells engineered to express the cancer-testis antigen NY-ESO-1, and CD8+ T cells 

transduced with a cognate TCR that recognizes the NY-ESO-1 target tumor cell antigen. We 

used the same experimental set up, with growth established for M257-A2 tumor cells by 

measurements of biomass accumulation preceding the addition of CTLs recognizing the NY-

ESO-1 tumor antigen, followed by mixed cell co-culture and LCI imaging over time (Fig. 5a). 

We processed the raw QPM imaging data from this second independent co-culture system in the 

same way as the F5 TCR-transduced CD8+ T cell, M202 melanoma co-culture system for 

classification. 

 With this second independent system, we simulated a clinically relevant biological 

sample that typically has a very low frequency of tumor-killing T cells by randomly assigning 

M257-A2 QPM imaging data into multiple datasets to represent a range of prevalence for tumor-

killing T cells. The resultant in silico datasets ranged from one NY-ESO-1 TCR-transduced 

CD8+ T cell interaction (T cell killed) to one non-specific CD8+ T cell interaction (Alive), up to 

1:100,000 T cell killed to Alive tumor cells, in multiple of 10 increments.  We used the RF 

model with P2 inputs listed above trained solely on F5-TCR transduced CD8+ T cell, M202 

melanoma data (Table S2). 

We observed accurate identification of T cell killed M257-A2 tumor cells over the range 

of CTL dilution, from 1:1 to 1:100,000, with AUC values consistently >0.95 for NY-ESO-1 

TCR-transduced CD8+ T cell killing of M257-A2 melanoma target tumor cells (Fig. 5b and 5c). 

This in silico exercise simulates accurate identification of T cell killing events in an independent 

mixed cell system without requiring the generation of new training data or retraining another 
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machine learning classification model. It also demonstrates the potential to identify very rare 

tumor killing T cells within excised tumor sample materials using QPM and machine learning. 

 

 

DISCUSSION 

 

Clinical or translational applications in cell identification that incorporate machine learning 

would benefit from minimal perturbations or handling of biological samples, and from 

classification methods that are compatible with cell isolation and recovery. Classification schema 

should not require time- or material-intensive retraining for each independent, but stylistically 

related dataset, and should be applicable to a range of cell types. This is a special concern for the 

machine learning field, where a machine learning model trained on a specific training dataset 

may not work for different samples without retraining31. In the context of personalized cell 

therapy, cell identification and recovery should be fast to minimize turnaround time for patients 

in developing and delivering needed therapies. 

One of the roadblocks for applications of machine learning in translational settings is the 

sheer size of good quality data required to train and validate a machine learning model. When 

exploring inputs for machine learning classifiers with biological applications, a common practice 

is to input as many features as possible to increase classification strength. Due to the relationship 

between statistical prediction power and the number of features in a training dataset, larger 

amounts of data are used to compensate for long lists of input features. However, for many 

clinical applications that involve low abundance or rare cells or events, a large number of data 

points may not be available for vigorous training. Therefore, important goals include (1) 
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increasing the efficiency of training a classifier and (2) increasing the general applicability of a 

trained classifier for use with multiple different but stylistically related datasets. 

 Here, we used quantifiable features from serial QPM images as inputs for machine 

learning models and curated the number of features to reduce information redundancy. This 

approach achieved high prediction power from a relatively low number of training samples and 

identified a biological activity of interest, CTL killing of target tumor cells, without labels. Our 

classification approach including QPM features was also superior to running the same ML 

algorithms using two-dimensional-only features (Fig. S2). To the best of our knowledge, this 

study is the first to show adherent tumor cell killing by tumor-specific T cells in label-free 

conditions over time, thereby expanding potential applications for QPM with machine learning. 

Our approach shows a high classification accuracy identifying T cell tumor killing in a mixed co-

culture system (AUC >95%)8,31,32. Our proof of concept study that incorporates QPM, machine 

learning, label-free monitoring, and data analyses could enable future studies that combines 

automated cell picking to isolate and study T cells of interest, such as cloning tumor-reactive 

TCRs for additional opportunities in cancer immunotherapy. 
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METHODS 

Cells 

M202 and M257-A2 HLA A2.1-restricted melanoma cell lines33,34, and cognate CD8+ T cell 

transduced anti-MART-1 and anti-NY-ESO-1 TCRs21,34,35 were obtained from the laboratory of 

Dr. Antoni Ribas (UCLA). We maintained melanoma cell lines in RPMI 1640 medium 

(ThermoFisher Scientific, Cat. #10040) supplemented with 10% Fetal Bovine Serum (FBS, 

Omega Scientific, FB-11), 0.7 mM non-essential amino acids (Gibco, Cat. #11140-050), and 

penicillin and streptomycin antibiotics (ThermoFisher Scientific, Cat. #15070063). T cells were 

maintained in C10 media (RPMI 1640 supplemented with 10% (v/v) FBS, 1% (v/v) 

Penicillin/Streptomycin, 10 mM HEPES, 50 µM β-mercaptoethanol, 1x MEM NEAA, and 1 mM 

sodium pyruvate). with 10ug/mL IL-2 (Peprotech, Cat #200). Cultured cells were routinely 

tested for mycoplasma with the Lonza Mycoalert Mycoplasma Detection Kit. Tumor cells were 

passaged at 85-90% confluency and maintained at 37°C, 5% CO2. 

 

Co-culture 

Culture dishes (u-Dish 35mm, low,  u-Slide 4 well Ph+, ibidi) were coated with poly-l-lysine 

(Sigma-Aldrich, Cat. #P4832) for 1 h before seeding with M202 or M257-A2 melanoma cells at 

1.8x104 cells/ml. We transferred dishes with tumor cells to the LCI/QPM microscope stage, 

where they were imaged in the cell culture chamber to ensure healthy growth before T cells were 

added at a T cell to tumor cell ratio of 2:1. After 45 m passed to ensure that T cells settled into 

the plane of imaging, QPM data collection resumed for a total average period of 8 – 12 h. 

 

QPM image acquisition and processing  
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Microscopy was performed on a Zeiss Axio Observer A1 with stage-top incubation system 

(Zeiss). We performed quadriwave lateral shearing interferometry (QWLSI) quantitative phase 

imaging using a 20 × 0.4 NA objective. QPM data were captured with a SID4Bio QWLSI 

(Phasics) camera, which has an acquisition rate of 10 frames per second 36. We acquired 

consecutive images at each location every 15 m for 8 – 12 h for 60 locations in the cell culture 

plate, with enough spacing between cells to enable successful image processing and 

segmentation. Custom MATLAB code was written to automatically process each new QPM 

image as the acquired image file was added to the directory. Feature analysis was performed 

using custom MATLAB scripts, as previously described37. Briefly, cells were segmented from 

the background using a combination of local thresholding and edge detection. Cell biomass was 

then computed from QPM data using an assumed cell average-specific refractive increment of 

1.8 × 10−4 m3/kg19,38. Individual cell information from the newest time point image were 

combined with those from two preceding time points and categorized into tracks based on a 

particle tracking code21,25. The track based on three time point frames was arranged into different 

input types (A1, A2, A3, P1, P2) and used as inputs for the classification. For the purpose of this 

study, we excluded non-single tumor cells in clusters of two or more, and tumor cells without 

biomass accumulation prior to co-culture with T cells, and their imaging tracks, from the 

analyzed datasets. Tumor cells showing biomass accumulation after commencement of co-

culture with T cells were included as potential false positive T cell killed tumor cells. Each 

image processing and analyses event averaged < 2 m, starting from acquisition of the third time 

point image, through image analyses, to the end-result classification. 

 

Input type transformation 
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To generate percent change inputs (P1 and P2), the following formula was used: 

%∆#	= (𝑥#() − 𝑥#) 𝑥# 

where %∆ denotes percent change, 𝑥 represents a quantitative (absolute) feature measurement, 

and subscripts 𝑛 and 𝑛 + 1 represent consecutive imaging frames. Therefore, input P1 (%∆)) 

represents the percent change in raw feature values (A) calculated from the second and first 

imaging frames, such that:  

𝑃1	 = (𝐴1 − 𝐴)) 𝐴1. 

Inputs that use data from more than one frame (i.e. A2, A3, P2) included the cumulative 

information from all the preceding frames. For example, A2 was comprised of absolute feature 

measurements from the second and first imaging frames, and P2 was comprised of percent 

changes calculated from third and second imaging frames, as well as P1, calculated from the 

second and first imaging frames. 

 

Manual dataset annotation 

We classified tumor-specific T cell killing of M202 and M257-A2 melanoma cells in their 

respective co-culture experiments by manual review of LCI/QPM imaging frames. The 

requirements for classification as a T cell killed tumor cell were: (1) biomass accumulation prior 

to co-culture with T cells, (2) a visual interaction with a T cell, and (3) a decline in biomass 

and/or death by deformation or cell lysis. Tumor cells in co-culture that showed growth, 

including cell divisions, and non-killing interactions with T cells with continued biomass 

accumulation over time were classified as alive. This validated manual classification schema was 

previously reported21. 
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Machine-learning model training 

We used manually classified QPM data from F5 TCR-transduced CD8+ T cell, M202 melanoma 

cell co-cultures to train Bayes, LR, SVM, and RF machine-learning models with the MATLAB 

Statistics and Machine Learning Toolbox. From all QPM collected data, we randomly selected a 

subset for model training and set aside a subset for validation studies. For the training dataset, we 

used 200 QPM imaging tracks of alive, and 200 imaging tracks of T cell killed, tumor cells. Each 

imaging track contained information from at least three consecutive time points for each tumor 

cell. For validation studies, we further subdivided the randomly set aside QPM data into three 

randomly selected datasets of 67 alive and 67 T cell killed tumor cell tracks. AUC was calculated 

using MATLAB and plotted using Prism (Graphpad).  

 

In silico dilution 

We generated a dilution series of NY-ESO-1 TCR-transduced CD8+ T cells to M257-A2 

melanoma tumor cells from 61 T cell killed and 121,328 alive tumor cell tracks using custom 

MATLAB code to randomly mix and assign cells to 30 different datasets at the T cell to tumor 

cell ratios listed in Figures 5b and 5c. 1:1 ratio datasets included 50 randomly selected T cell 

killed and 50 randomly selected alive cases. Similarly, 1:10 ratio datasets contained 50 randomly 

selected T cell killed and 500 randomly selected alive cases, and so on. 

 

 

Statistical analysis 

Two-tailed unpaired student’s t-tests and one-way analysis of variance were used to test 

significance between different classification performance groups.   
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SUPPLEMENTARY FIGURES

Figure S1. Biomass accumulation measured by LCI during growth of melanoma cells before co-culture with 

TCR-transduced CTLs. 
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Fig S2. A comparison of classification performance between identical ML feature combinations using QPM 

(QPM) versus two-dimensional bright-field imaging 2D features (2D only). Feature combinations containing 

QPM features outperformed those with only two-dimensional (2D) features (p<0.0001). Top 100 performing feature 

combinations from each category were also compared (p<0.0001). 
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Table S1: Quantitative correlation plot for all QPM imaging features evaluated. 

 

 

 

Table S2: List of features and input type for best-performing classification model. 

. 

FEATURES OF TOP PERFORMING CLASSIFIER FOR M202-F5 TRAINING 

DATASET 

INPUT TYPE 

%∆Perimeter, %∆Major Axis, %∆Maximum Intensity, %∆Distance, %∆Relative 

Distance 

P2 
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MaxInt
ens 
ity 
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Perim
eter2 

Perim
eter Extent Solidit

y 

EquiDi
amete

r 

FilledA
rea 

Conve
xImag

e 

Orient
ation 

Eccent
ricity 

Minor
Axis 

Major
Axis 

Mean 
Phase 
Shift 

Shape
Factor Mass Area 

Relativ
e 

Distan
ce 

1.000 0.883 0.253 -0.044 -0.302 -0.302 0.255 0.252 -0.111 -0.111 -0.171 -0.027 -0.270 0.310 -0.365 0.247 0.242 0.203 -0.111 

Distan
ce 0.883 1.000 0.349 -0.015 -0.484 -0.484 0.356 0.365 -0.308 -0.305 -0.366 0.012 -0.314 0.256 -0.518 0.416 0.355 0.112 -0.305 

MaxInt
ensity 0.253 0.349 1.000 -0.034 -0.378 -0.381 0.103 0.161 -0.363 -0.359 -0.360 -0.072 -0.186 0.004 -0.375 0.686 0.379 0.321 -0.359 

MinInt
ensity -0.044 -0.015 -0.034 1.000 -0.097 -0.094 0.058 0.105 -0.062 -0.061 -0.085 -0.087 -0.051 0.000 -0.078 0.020 0.058 -0.063 -0.061 

Perim
eter2 -0.302 -0.484 -0.378 -0.097 1.000 1.000 -0.671 -0.648 0.854 0.851 0.937 -0.095 0.389 0.065 0.902 -0.732 -0.595 0.275 0.851 

Perim
eter -0.302 -0.484 -0.381 -0.094 1.000 1.000 -0.665 -0.647 0.855 0.852 0.938 -0.095 0.389 0.066 0.903 -0.733 -0.598 0.275 0.852 

Extent 0.255 0.356 0.103 0.058 -0.671 -0.665 1.000 0.635 -0.399 -0.387 -0.508 0.008 -0.328 0.189 -0.610 0.347 0.359 -0.127 -0.387 

Solidit
y 0.252 0.365 0.161 0.105 -0.648 -0.647 0.635 1.000 -0.286 -0.275 -0.526 0.072 -0.140 -0.052 -0.439 0.362 0.506 0.075 -0.275 

EquiDi
amete

r 
-0.111 -0.308 -0.363 -0.062 0.854 0.855 -0.399 -0.286 1.000 0.997 0.955 -0.124 0.280 0.351 0.776 -0.743 -0.412 0.502 0.997 

FilledA
rea -0.111 -0.305 -0.359 -0.061 0.851 0.852 -0.387 -0.275 0.997 1.000 0.956 -0.134 0.281 0.349 0.774 -0.733 -0.399 0.499 1.000 

Conve
xImag

e 
-0.171 -0.366 -0.360 -0.085 0.937 0.938 -0.508 -0.526 0.955 0.956 1.000 -0.164 0.286 0.336 0.802 -0.751 -0.484 0.397 0.956 

Orient
ation -0.027 0.012 -0.072 -0.087 -0.095 -0.095 0.008 0.072 -0.124 -0.134 -0.164 1.000 0.106 -0.233 0.013 0.017 0.055 -0.155 -0.134 

Eccent
ricity -0.270 -0.314 -0.186 -0.051 0.389 0.389 -0.328 -0.140 0.280 0.281 0.286 0.106 1.000 -0.470 0.632 -0.303 -0.203 0.019 0.281 

Minor
Axis 0.310 0.256 0.004 0.000 0.065 0.066 0.189 -0.052 0.351 0.349 0.336 -0.233 -0.470 1.000 -0.261 -0.168 0.130 0.302 0.349 

Major
Axis -0.365 -0.518 -0.375 -0.078 0.902 0.903 -0.610 -0.439 0.776 0.774 0.802 0.013 0.632 -0.261 1.000 -0.677 -0.556 0.234 0.774 

Mean 
Phase 
Shift 

0.247 0.416 0.686 0.020 -0.732 -0.733 0.347 0.362 -0.743 -0.733 -0.751 0.017 -0.303 -0.168 -0.677 1.000 0.474 0.172 -0.733 

Shape
Factor 0.242 0.355 0.379 0.058 -0.595 -0.598 0.359 0.506 -0.412 -0.399 -0.484 0.055 -0.203 0.130 -0.556 0.474 1.000 -0.025 -0.399 

Mass 0.203 0.112 0.321 -0.063 0.275 0.275 -0.127 0.075 0.502 0.499 0.397 -0.155 0.019 0.302 0.234 0.172 -0.025 1.000 0.499 

Area -0.111 -0.305 -0.359 -0.061 0.851 0.852 -0.387 -0.275 0.997 1.000 0.956 -0.134 0.281 0.349 0.774 -0.733 -0.399 0.499 1.000 
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Chapter 5. Conclusion 
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The studies presented in this thesis discuss ways to expand utility of QPM in multiple contexts to 

increase translational possibility of QPM in clinical and experimental settings. First, we 

discussed how to reduce phase unwrapping artifacts common during image processing in QPM, 

presenting a novel algorithm specialized for QPM of biological samples. Next, we presented a 

soft lithography fabrication protocol for a new refractive index polymer to create microdevices 

that reduce artifacts in fluorescent imaging and QPM. Finally, we demonstrated how machine 

learning and QPM time lapse images can be used to identify T cell killing for potential 

applications in cancer immunotherapy.  

 

Future Directions 

 

Standard algorithms for phase unwrapping often fail for interferometric quantitative phase 

imaging (QPI) of biological samples due to the variable morphology of these samples and 

imaging at low light intensities to avoid phototoxicity. In a preceeding chapter, we described a 

new algorithm combining random walk-based image segmentation with linear discriminant 

analysis (LDA)-based feature detection, using assumptions about the morphology of biological 

samples to account for phase ambiguities when standard methods have failed. We demonstrated 

that the combination of LDA plus the RW algorithm gives the best overall performance with 

little speed penalty compared to LDA alone, and that this algorithm can be further optimized 

using a genetic algorithm to yield superior performance for phase unwrapping of QPI data from 
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biological samples. As a possible future direction, we can examine how the HRL algorithm could 

be made more efficient by utilizing other classifiers, such as neural networks. 

 One of promising platforms that can be integrated with QPM to create synergy is 

microfluidic devices. Microfluidic devices are widely used for biomedical applications – 

however, the high refractive index of commonly used microfabrication materials often create 

artifacts at device edges and limit applicability to applications requiring high-precision imaging 

or morphological feature detection. Therefore, we developed a soft lithography method to 

fabricate microfluidic devices out of MY133-V2000, a UV-curable, fluorinated polymer with 

low refractive index that is close to that of water (n = 1.33). The close match in refractive index 

also enables quantitative phase microscopy imaging across the full width of microchannels 

without error-inducing artifacts for measurement of cell biomass. Our results demonstrated the 

utility of low-refractive index microfluidics for biological applications requiring high-precision 

optical imaging. 

 There are many possible applications of MY133 in drug discovery and single-cell 

analysis using fluorescence imaging and QPM. MY133 devices offer a way to reduce distortion 

and artifacts by using optically matched materials when imaging cells in direct contact with 

complex microfluidic structures such as in cell[1, 2], cell cluster [3], embryo [4], or organism [5] 

microfluidic traps. Future directions will incorporate pressure valves for more elaborate 

microfluidic manipulations such as pressure-induced sorting will increase the range of potential 

future applications for MY133 devices. 

 Quantitative phase microscopy (QPM) enables studies of living biological systems 

without exogenous labels. To increase the utility of QPM, machine-learning methods have been 
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adapted to extract additional information from the quantitative phase data. Most approaches have 

focused on QPM of fluid flow systems that provide high throughput data for cells at single time 

points, but not for studies of the same cells over time. In order to study biological phenomena or 

cellular interactions over time, efficient time-dependent methods that automatically and rapidly 

identify events of interest are desirable. We presented an approach that combines QPM and 

machine learning to identify tumor-reactive T cell killing of adherent cancer cells in real-time, 

which could be used for identifying and isolating novel T cells and/or their T cell receptors for 

studies in cancer immunotherapy. We demonstrated the utility of this method by machine 

learning model training and validation studies using one melanoma-cognate T cell receptor 

model system, followed by high classification accuracy in identifying T cell killing in an 

additional, independent melanoma-cognate T cell receptor model system. This general approach 

could be useful for studying additional biological systems under label-free conditions over 

extended period of monitoring. 

Moving forward, machine learning and platforms combining QPM to study biological 

phenomena will grow as approaches get more sophisticated. Streamlining the process with 

automation and real-time sorting will enable more translation into the clinic. Automation of live 

cell isolation techniques can help make it GMP friendly. Next steps for the proof of concept 

study presented in previous chapter will involve conducting the studies using patient samples. 

Application of the platform for identifying new tumor-reactive T cell receptors and validation 

with downstream studies would help bring the translational potential of the approach closer to 

the clinic. 
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Conclusion 

The studies covered in this dissertation demonstrate the role of advanced image analysis and 

biological applications in the advent of QPI into translational and clinical applications. 

Continued advancements and integration with other technologies to create synergy will expedite 

transition of QPI into the clinic. QPI has the potential to be a powerful label free and high 

throughput method to identify valuable clinically relevant cells and biological events.   
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APPENDIX I. Ampk regulates IgD expression but not energy stress with B cell activation 
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