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ABSTRACT 

Antimicrobial resistance (AMR) is an immediate threat to global health, as the spread of 

resistant strains of pathogens has reduced the efficacy of many classical antimicrobial therapy 

routes. Antimicrobial susceptibility testing (AST) is a critical phase in clinical infection therapy, 

where the susceptibility profile of causative organisms is deduced empirically, and used to guide 

antimicrobial therapy. Standard AST techniques such as broth microdilution are population-level 

analyses, in which an entire culture of bacteria is analyzed. This results in long assay times on the 

order of 18-72 hours, as well as poor ability to detect resistant subpopulations within an infection, 

both of which phenomena can have negative effects on patient outcomes. In response, AST 

techniques based on single cell analysis have demonstrated promise in advancing AST capabilities. 

Single cell ASTs allow for sensitive detection of early cell divisions, possibly expediting AST 

results, as well as description of cell-cell heterogeneity.  

Recently, drop-based microfluidics (DBMF) has emerged as a powerful tool for 

characterizing bacterial response to antibiotics with single-cell resolution. Despite this, DBMF has 

not seen wide-scale implementation toward AST and AMR-related problems. The presented 

research details three separate but related projects which aimed to increase DBMF capabilities for 

AST. The first project focused on the development of a robust platform for ultrahigh-throughput 

detection of assay signals from microfluidic droplets containing single cells. The assembled 

technology enables multiplexed droplet fluorescence detection at kHz rates, facilitating single-cell 

screening of large populations of cells. In the second project, we detail the development of a plate-

interfacing parallel encapsulation (PIPE) chip, which rapidly emulsifies the contents of a microtiter 

plate into a multiplexed, barcoded droplet library. The PIPE chip provides advancements in 

conducting multiplexed experiments in droplets in parallel, an outstanding issue within the field. 

In the last project, we leverage the PIPE chip platform to conduct rapid droplet AST on single cells 

against a panel of antimicrobials, in parallel. The technique outputs quantitative susceptibility 

results by assaying ~150,000 single-cell antimicrobial responses, within a single working day. 

These results demonstrate advancements in developing single-cell screening technologies, and 

further the understanding of antimicrobial growth responses by bacteria.  
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CHAPTER ONE 

INTRODUCTION 

 Antimicrobial resistance (AMR) is an immediate threat to global health, as the spread of 

resistant strains of pathogens has reduced the efficacy of many classical antimicrobial therapy 

routes. Antimicrobial susceptibility testing (AST) is a critical phase in clinical infection therapy, 

where the susceptibility profile of causative organisms is deduced empirically, and used to guide 

antimicrobial therapy. Standard AST techniques such as broth microdilution are population-level 

analyses, in which an entire culture of bacteria is analyzed. This results in long assay times on the 

order of 18-72 hours, as well as poor ability to detect resistant subpopulations within an infection, 

both of which phenomena can have negative effects on patient outcomes. In response, AST 

techniques based on single cell analysis have demonstrated promise in advancing AST capabilities. 

Single cell ASTs allow for sensitive detection of early cell divisions, possibly expediting AST 

results, as well as description of cell-cell heterogeneity. Among recent developments in single-cell 

technologies, drop-based microfluidics (DBMF) has emerged as a powerful tool for characterizing 

bacterial response to antibiotics with single-cell resolution. In DBMF, biological samples are 

compartmentalized into micron-scale water-in-oil emulsions, enabling ultrahigh-throughput 

analysis of single cells. This feature of DBMF has enabled the analysis of thousands of single cells 

within a population, enabling the description of phenotypic heterogeneities. The presented body 

of work adapts drop-based microfluidics to develop a multiplexed, ultrahigh-throughput platform 

for single-cell AST.  
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Funding and Collaborations 

Funding for this research was provided by the Montana State University Alumni 

Foundation, National Science Foundation (NSF) CAREER Grant 1753352, Nation Institutes of 
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Lab at Montana State University (MSU) (Montana, USA). 

Dissertation Outline 

 Five chapters and a series of appendices comprise the remainder of this dissertation. 

Chapter 2 reviews the current AMR crisis, the importance of single-cell technologies in mitigating 

AMR-related problems, and the potential of microfluidics as a body of single-cell tools which can 

be applied toward AMR problems. Chapter 3 details the development and optimization of 

equipment and techniques to assay multiplexed biological signals from microfluidic droplets at 

kHz rates. Chapter 4 presents a microfluidics device capable of parallel emulsification of 

experimental conditions from a well-plate into microfluidic droplets, for multiplexing droplet 

assays. In Chapter 5, the parallel encapsulation device is used to conduct multiplexed AST against 

single cells in droplets, enabling rapid AST and description of bacterial heterogeneity in 

antimicrobial response. Chapter 6 summarizes the results of this research within the context of the 

microfluidics AST community. The main body of this dissertation is followed by two appendices 

titled Appendix A and Appendix B. These sections encompass (A) supporting information for 

chapter 4 and (B) supporting information for chapter 5.  
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Chapter 2: “Microfluidic approaches for antimicrobial 

susceptibility testing” 

 Chapter overview: My dissertation encompasses the development of a droplet-based 

microfluidics platform for multiplexed testing of antimicrobial compounds against single bacterial 

cells, at ultrahigh-throughput. This platform was designed to enable parallel testing of multiplexed 

experimental conditions in droplets, provide susceptibility results over shorter timeframe than is 

typically possible, and concurrently describe cell-cell heterogeneities in antibiotic response. These 

advancements were motivated by the observations that (1) delays in susceptibility results can have 

negative effects on patient outcomes, (2) bacterial heterogeneity is implicated in reduced patient 

outcomes and the spread of antimicrobial resistance and (3) techniques and infrastructure to 

conduct multiplexed droplet experiments in parallel are generally poor. Here [in Chapter 2], I 

provide context of the wider antimicrobial resistance issue, the advantages of single-cell methods, 

and the current landscape of microfluidics-based solutions for these problems. 

Chapter 3: “Development of a robust platform for 

ultrahigh-throughput analysis of multiplexed fluorescence 

signals from microfluidic droplets”  

In this body of research, we developed a robust platform for fluorescence signal detection 

from microfluidic droplets, designed to enable multiplexed droplet bioassays. We report tutorials 

for (1) alignment of optical equipment, (2) reinjection of microfluidic droplets into detection 

devices, (3) use of a reference dye for monitoring droplet flow patterns, (4) data filtration processes 

for data quality assurance and (5) step-wise construction and optimization of a multiplexed droplet 

bioassay. It was hypothesized that droplet fluorescence detection assays can be optimized for 

robustness by the modulation of droplet detection variables available to the experimenter, 
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including but not limited to droplet reinjection protocol variables, data treatment steps, and 

electronics and detector settings. 

Chapter abstract: Droplet-based microfluidics (DBMF) is a powerful technology for single-

cell biological analysis, as it enables automated, high-throughput processing of individual cells. In 

DBMF, biological samples are partitioned into micrometer-scale, water-in-oil droplets, each acting 

as an isolated microreactor. This miniaturization converts a standard mL-scale sample into millions 

of discrete, single-cell experiments conducted in parallel. Maximal automation and throughput of 

emulsified droplet samples has been achieved by analyzing optical signals from flowing droplets. 

Despite this, signal analysis from flowing droplet samples presents several key challenges, 

including robust assembly of optical equipment to deliver optimized laser beams to the droplet 

sample, stable reinjection of emulsion samples, data quality assurance, and reliable acquisition of 

multiplexed droplet signals. In this thesis chapter, we detail the assembly of a robust platform for 

ultrahigh-throughput analysis of multiplexed fluorescence signals from microfluidic droplets, and 

provide tutorials for navigating these challenges. 

Chapter 4: “Rapid parallel generation of a fluorescently 

barcoded drop library from a microtiter plate using the 

plate-interfacing parallel encapsulation (PIPE) chip” 

 In this work, we hypothesized that a microfluidic chip which integrates with a microtiter 

plate to directly emulsify the contents of the plate could facilitate multiplexed droplet-based 

experiments. This hypothesis was motivated by the need within the field for techniques and tools 

to conduct multiplexed droplet experiments in parallel.  

Chapter abstract: In drop-based microfluidics, an aqueous sample is partitioned into drops 

using individual pump sources that drive water and oil into a drop-making device. Parallelization 
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of drop-making devices is necessary to achieve high-throughput screening of multiple 

experimental conditions, especially in time-sensitive studies. Here, we present the plate-

interfacing parallel encapsulation (PIPE) chip, a microfluidic chip designed to generate 50 to 90 

μm diameter drops of up to 96 different conditions in parallel by interfacing individual drop makers 

with a standard 384-well microtiter plate. The PIPE chip is used to generate two types of optically 

barcoded drop libraries consisting of two-color fluorescent particle combinations: a library of 24 

microbead barcodes and a library of 192 quantum dot barcodes. Barcoded combinations in the 

drop libraries are rapidly measured within a microfluidic device using fluorescence detection and 

distinct barcoded populations in the fluorescence drop data are identified using DBSCAN data 

clustering. Signal analysis reveals that particle size defines the source of dominant noise present 

in the fluorescence intensity distributions of the barcoded drop populations, arising from Poisson 

loading for microbeads and shot noise for quantum dots. A barcoded population from a drop library 

is isolated using fluorescence-activated drop sorting, enabling downstream analysis of drop 

contents. The PIPE chip can improve multiplexed high-throughput assays by enabling 

simultaneous encapsulation of barcoded samples stored in a microtiter plate and reducing sample 

preparation time. 

Chapter 5: “Automated, multiplexed antimicrobial 

susceptibility testing and quantitative heteroresistance 

determination in microfluidic droplets” 

 This work was motivated by the observations that (1) the ability to conduct multiplexed 

AST experiments in parallel in microfluidic droplets is an outstanding issue within the field, and 

that (2) droplet AST platforms typically treat growth as binary (“on” or “off”), a reductive approach 

which could be improved upon by the detection of single cells and estimation of biomass within 
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the droplet. We hypothesized that the parallel encapsulation chip developed in Chapter 4 could be 

used to facilitate multiplexed droplet AST, that signal detection of microfluidic droplets could be 

optimized for single-cell detection, and that these advances could be integrated into a single 

platform for high-resolution description of single-cell growth responses to multiplexed 

antimicrobial panels. 

Chapter abstract: Antibiotic resistant bacteria are an immediate and growing threat to 

public health, responsible for millions of infections and tens of thousands of deaths annually in the 

US alone. In clinics, susceptibility profiles of offending microbes are assessed using techniques 

such as broth dilution, whereby samples of the infection are grown in the presence of antimicrobial 

dilution series and monitored for growth. These standardized techniques are invaluable to 

clinicians and society, however, suffer from long time-to-assay on the order of 18-72 hours, and 

fail to detect phenotypic heterogeneities present within an infection. Both of these limitations are 

related to the requirement of broth dilution to begin with 104-105 cells. Such a dense starting culture 

can result in long incubation periods before a detectable amount of growth has occurred, and can 

mask the presence of resistant subgroups if they are relatively infrequent. These shortcomings of 

standard susceptibility testing techniques have resulted in rampant misuse of antibiotics, 

compounding antimicrobial resistance (AMR)- related problems. As such, there is an urgent need 

of novel techniques to rapidly assess microbial antibiotic response with single-cell resolution. 

Among recent innovations, drop-based microfluidics (DBMF) has been used for ultrahigh-

throughput examination of single-cell growth responses to antibiotics. However, current 

microfluidics techniques are hindered by experimental complexity, and limited ability to assay 

whole panels of antimicrobials in parallel, a necessary feature of AST. In this work, we present a 
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droplet-based AST platform that addresses these challenges. To solve the issue of multiplexing, 

we use a plate-interfacing, parallel encapsulation chip (PIPE chip) which emulsifies an entire panel 

of antimicrobials from a well plate, into a multiplexed library of single-celled droplets. The 

droplets are spectrally barcoded to enable parallel analysis of the droplet library. The assay readout 

module is a droplet laser-induced fluorescence (LIF) detector, which collects multiplexed 

fluorescence signals as droplets flow through a channel and encounter an excitation laser. During 

readout, droplet barcodes encoding experimental conditions, as well as droplet growth values, are 

recorded coincidentally at kHz rates. We demonstrate our platform by monitoring the growth 

response of single E. coli cells in droplets against a panel of 36 antibiotic conditions, comprising 

6 antibiotics of varying class. In a single 8-hour working day we collect ~150,000 single-cell 

growth readings, and output quantitative metrics of population susceptibility and phenotypic 

heterogeneity in response to each of the 6 antibiotics. One of the major challenges in widescale 

heteroresistance and AMR surveillance is a technique which can rapidly assay many thousands of 

single cell replicates, against a multiplexed panel of antimicrobials; our platform represents an 

example solution to this challenge. 

Chapter 6: “Conclusions and Outlook” 

 Chapter summary: The research presented in this thesis comprised three separate but 

related projects, during which a high-throughput, multiplexed microbial drug screening assay in 

microfluidic droplets was developed. The presented work contributes to the understanding of 

developing droplet-based single-cell assays, as well as heterogeneity in bacterial growth response 

to antimicrobials. Here, I will summarize the results of this work, provide context within the wider 

field of microfluidic AST, and comment on future work. 
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CHAPTER TWO 

MICROFLUIDIC APPROACHES FOR ANTIMICROBIAL 

SUSCEPTIBILITY TESTING 

Overview 

 My dissertation encompasses the development of a droplet-based microfluidics platform 

for multiplexed testing of antimicrobial compounds against single bacterial cells, at ultrahigh-

throughput. This platform was designed to enable parallel testing of multiplexed experimental 

conditions in droplets, provide susceptibility results over shorter timeframe than the 18-72 hours 

typically required by standard susceptibility tests, and concurrently describe cell-cell 

heterogeneities in antibiotic response. These advancements were motivated by the observations 

that (1) delays in susceptibility results can have negative effects on patient outcomes, (2) bacterial 

heterogeneity is implicated in reduced patient outcomes and the spread of antimicrobial resistance 

and (3) techniques and infrastructure to conduct multiplexed droplet experiments in parallel are 

generally poor. Here [in Chapter 2], I provide context of the wider antimicrobial resistance issue, 

the advantages of single-cell methods, and the current landscape of microfluidics-based solutions 

for these problems.  

The Antimicrobial Resistance Crisis and Antimicrobial 

Susceptibility Testing 

Antimicrobial resistance. 

Antimicrobial resistance (AMR) is an immediate threat to global health, as the spread of 

resistant strains of pathogens has reduced the efficacy of many classical antimicrobial therapy 
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routes. AMR arises from the misuse and overuse of antimicrobials in medicine, industry and 

agriculture. The development of novel antimicrobials has stagnated, rendering some common 

infections difficult, if not impossible, to treat. Antibiotic resistant bacterial infections were 

responsible for 1.27 million deaths globally in 2019, with forecasts predicting that this figure could 

rise to 8 million by 2050. In addition to global mortality, the AMR crisis also brings economic 

costs, with The World Bank estimating losses up to US$ 3.4 trillion in global gross domestic 

product (GDP) by 2030 [1-4].  

Several notable pathogens exemplify the AMR crisis. The World Health Organization has 

compiled a 2024 Bacterial Priority Pathogens List which outlines key threats. Carbapenem-

resistant Acinetobacter baumannii (CRAB), carbapenem-resistant Enterobacterales (CRE) and 

third-generation cephalosporin-resistant Enterobacterales (3GCRE) were among the highest-

scoring threats. Other notable threats include Salmonella, Shigella, Neisseria 

gonorrhoeae, Pseudomonas aeruginosa, and methicillin-resistant Staphylococcus 

aureus (MRSA). These pathogens are associated with widespread prevalence in society, high 

transmissibility and concerning mortality rates [1, 2]. 

 Gram-negative bacteria (GNB) are responsible for a significant component of the AMR 

crisis. Several pathogens marked by the WHO as high importance are part of this group, including 

Enterobacterales, A. baumanii, Pseudomonas aeruginosa and Salmonella spp. GNB are 

characterized by having two cell membranes, with a thin layer of peptidoglycan in the 

intermembrane periplasmic space. The name ‘gram-negative’ comes from the inability of GNB to 

retain the crystal violet stain during gram staining (their counterparts, gram-positive bacteria, 

possess a single cell membrane inside a thick peptidoglycan cell wall which retains the crystal 
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violet stain). The gram-negative outer membrane (OM) is structurally dynamic, and contributes to 

AMR phenotypes in gram-negative pathogens by impeding drug uptake [5, 6]. GNB possess 

numerous multidrug efflux pumps (MDEPs) which can evacuate drugs which are taken up by the 

cell [7-9]. Additionally, many GNB strains have acquired resistance through mobile genetic 

elements carrying genes such as MDEPs, and drug inactivation enzymes like extended-spectrum 

β-lactamases (ESBLs) or carbapenemases [5]. Notable examples include Escherichia 

coli and Klebsiella pneumoniae, which frequently harbor ESBL genes [10]. GNB have been shown 

to mediate AMR through all 4 of the AMR mechanistic groups, namely (1) drug inactivation, (2) 

limiting drug uptake, (3) drug target modification and (4) drug efflux [6, 11]. As treatment of 

infections by GNB and other AMR pathogenic strains is expected to continue increasing in 

difficulty, there is an urgent need for novel antibiotic therapy regiments and AMR surveillance 

techniques.  

Antimicrobial susceptibility testing 

 Antimicrobial susceptibility testing (AST) is a critical phase in clinical infection therapy, 

where the susceptibility profile of a causative isolate is deduced empirically. Most AST techniques 

quantify the minimum inhibitory concentration (MIC) of a drug required to prevent microbial 

growth. The MIC is the standard metric for communicating the susceptibility level of an isolate, 

and can be compared to standardized breakpoint values such as those published by the Clinical & 

Laboratory Standards Institute (CLSI) [12], to classify an isolate as 

susceptible/intermediate/resistant (S/I/R). Standard techniques for measuring the MIC including 

agar dilution, antimicrobial gradient diffusion, disk diffusion and broth dilution all rely on 

monitoring changes in optical density (OD) of a bacterial colony in response to antibiotics, 
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sometimes by visual inspection [13-15]. To perform agar dilution, serial 2-fold dilutions of an 

antimicrobial are incorporated into molten agar, and poured into plates. The plates are then 

inoculated with a standardized inoculum of the isolate, and monitored for growth after incubation. 

Agar dilution presents advantages related to accuracy and ability to count colony forming units 

(CFU) in the presence of antimicrobial, however, suffers from high labor related to processing 

many agar plates. Gradient diffusion AST relies on the establishment of a gradient of antimicrobial 

concentrations within an agar plate. Perhaps the most well-known version of this test is the Etest 

(bioMérieux), which makes use of a plastic test strip impregnated with a gradient of antimicrobial. 

Up to 6 unique strips are placed radially onto an inoculated agar plate, and the zone of inhibition 

around each strip yields a quantitative susceptibility result. Etests are considered a useful option, 

as the organism can be assayed against many antimicrobial conditions on a single agar plate. 

However, Etests show biases toward higher or lower MIC values for certain microbe-antimicrobial 

combinations, and the interpretation of the result is subject to some variability based on operator 

error [14, 16]. In disk diffusion, a dense culture of bacteria (~108 CFU/mL) is inoculated onto an 

agar plate, and small disks impregnated with a single antimicrobial concentration are placed onto 

the plate. The zone of inhibition around the disk, which is measured in mm, is related to the 

susceptibility level of the isolate, as well as the diffusion of the antimicrobial compound through 

the agar. Disk diffusion is cheap, simple and easily conducted by any clinic, however it is 

considered qualitative, as it can classify organisms as S/I/R without quantifying a MIC. In broth 

dilution AST, serial 2-fold dilutions of antimicrobial are created in liquid broth, which is inoculated 

with a standardized inoculum and monitored for turbidity across an incubation period. Broth 

dilution is the most commonly used AST technique in clinics, due to its amenability to microtiter 



12 

 

plates and plate reading instruments which produce continuous turbidity readings (it is termed 

‘broth microdilution’ when the reaction volume is µL-scale, as in the well on a microtiter plate). 

Current state-of-the-art AST platforms are automated broth microdilution assay machines. 4 are 

FDA approved and available in the US: VITEK-2 (bioMérieux), MicroScan WalkAway (Beckman 

Coulter), BD Phoenix (Becton Dickonson) and Sensititre ARIS (ThermoFisher Scientific) [15]. 

These systems have become commonplace because they reduce manual liquid handling steps and 

can produce MIC results, though limitations include cost and variable accuracy of susceptibility 

predictions. Notably, all the aforementioned techniques conduct AST against an entire population 

of bacteria at once, and therefore fail to detect phenotypic heterogeneities present within the 

isolate.  

Whereas MIC measurements fall under the category of phenotypic AST, a number of 

molecular AST techniques, including PCR, MALDI-TOF MS, SERS and proteomics-based 

approaches have been developed to rapidly detect resistance markers in causative microbes [15, 

17-19]. However, molecular AST approaches generally suffer from expensive reagents and/or high 

reaction volumes. Molecular AST approaches rely on detection of specific resistance-associated 

biomarkers, but this strategy is limited because many resistance phenotypes have not been directly 

linked to identifiable genetic markers [14, 17, 20]. For example, approximately 50% of 

carbapenem-resistant Enterobacteriaceae isolates in North America appear capable of 

carbapenemase production, based on PCR analysis [21].  Furthermore, phenotypic methods 

quantify susceptibility or resistance more accurately; as such, phenotypic AST has been the 

preferred form of AST in clinical settings and is poised to remain clinically relevant [14, 18, 19].  
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Much attention has been devoted in recent decades to reduce assay times in AST [22]. 

Manual AST techniques relying on broth dilution or agar plates have long time-to-assay readouts 

on the order of 18-72 hours. Automated broth microdilution platforms can produce MIC results 

moderately fast (~8-24 hours). Notably, all of these methods necessitate a standardized culture of 

the microbial infection prior to introduction into the assay, which requires agar plating over 24-

120 hours [18, 19]. Thus, while the testing itself has seen significant speed improvements, AST 

results are often still not available until days after a patient sample is collected. AST results are 

critical for generating antibiograms to guide empiric therapy and provide treatments for specific 

infections. Delays in AST turnaround times can have negative effects on patient outcomes by 

delaying effective, patient-tailored care. Moreover, before susceptibility results are available 

clinicians apply broad-spectrum antibiotics, which can exacerbate antimicrobial resistance 

(AMR)-related problems by selecting for resistant strains. Thus, there is an urgent need for 

techniques to rapidly assess the susceptibility of bacterial isolates towards antibiotics.  

Bacterial Phenotypic Heterogeneity, Heteroresistance and Single-

Cell Analysis 

Bacterial phenotypic heterogeneity 

 Bacterial phenotypic heterogeneity has become a subject of increasing interest as it is 

implicated in the spread of AMR and poor antibiotic therapy outcomes [23-30]. Resistant 

subgroups can evade eradication by antibiotics resulting in chronic, recurrent infections, and 

contributing to AMR. The presence of a resistant subgroup within a population of presumed 

isogenic, susceptible bacteria has been termed heteroresistance, and this phenotype has been 

documented in a variety of medically relevant pathogens [29, 31-34]. The reference standard assay 
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for detecting heteroresistance is population analysis profiling (PAP), which involves interrogation 

of the isolate by serial 2-fold dilutions of antimicrobial [35-37]. However, PAP is extremely labor- 

and time-intensive compared to the standard broth microdilution, as it relies on counting colonies 

on agar plates rather than multiplexing antibiotic dilution series using microtiter plates. Curiously, 

despite the concern over heteroresistance-related clinical complications, the relationship between 

heteroresistance and clinical outcome remains a matter of some debate [32, 34, 38]. The absence 

of a routine heteroresistance testing procedure has resulted in a dearth of heteroresistance data in 

the literature. Moreover, inconsistent definitions for heteroresistance have led to susceptibility 

misclassifications and confusion. The development of facile techniques to characterize bacterial 

heterogeneity in antimicrobial response could result in improved patient outcomes, by broadening 

the understanding of the clinical significance of heteroresistant bacterial infections. 

 A notable feature of heteroresistance is the transient nature of the resistance phenotype 

[39]. Heteroresistant isolates are regularly shown to revert to susceptibility after cessation of the 

antibiotic stress. Various mechanisms underlie the ability of an isogenic population of bacteria to 

produce heterogeneous responses to antimicrobial stress, without acquiring heritable genetic traits. 

Many of these mechanisms can be attributed to noise in genetic processes. For example, variable 

DNA topology in bacteria results in transcriptional noise, which in turn produces cell-cell 

heterogeneity and can result in persister cell phenotypes [30]. Heterogeneous gene expression can 

mediate heterogeneous susceptibility toward antibiotics [24], and stochastic partitioning of 

biomolecules at cell division produces daughter cells with heterogenous amounts of cellular 

machinery [40]. Spontaneous tandem gene amplifications contribute to a significant proportion of 

heteroresistance phenotypes [29]. Increased plasmid copy number and transposition of resistance 
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genes onto cryptic plasmids can also give rise to heteroresistance phenotypes, in a gene dosage-

dependent manner [41]. These mechanisms contribute to bacterial adaptive resistance, a relatively 

under-explored form of resistance which allows bacteria to rapidly respond to environmental 

changes, over timescales much shorter than those required to acquire heritable resistance genes or 

mutations. It is understood that adaptive resistance phenotypes can be induced by environmental 

triggers, such as sub-lethal dosages of antimicrobial compounds [24, 42]. However, recent work 

has also demonstrated the presence of transiently resistant subpopulations of bacteria before the 

introduction of antimicrobial triggers [24, 29, 33, 39, 41]. Moreover, it has been shown that 

spontaneously resistant subpopulations can endure antibiotic exposure, while compensatory 

resistance mutations are generated [39]. Thus, adaptive resistance can contribute to the 

development of acquired, genetically-encoded resistance, which is then passed on vertically to 

daughter cells. These findings emphasize the deficiencies of using the MIC based on population-

level analyses as the sole metric of bacterial susceptibility to antimicrobials. Furthermore, they 

emphasize the societal need for techniques to detect heteroresistance in bacterial isolates 

concurrently with AST analyses, so that such infections can be managed with tailored 

antimicrobial regiments. 

Single-cell analysis in AST 

 Recently, AST techniques based on single-cell analysis have shown promise in advancing 

AST capabilities [43-47]. Analysis of growth responses of individual cells within a population 

presents obvious opportunities for characterizing cell-cell heterogeneity. Moreover, interrogation 

of single cells enables sensitive detection of early bacterial divisions and expedited AST results. 

Figure 2.1 shows images collected in our lab, of green fluorescent protein (GFP)-labeled E. coli 
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encapsulated into micron-scale emulsions. Bacterial growth is easily discerned after a 3-hour 

incubation period, implying that single-cell analyses could reduce AST turnaround times to the 

order of single working days. Tracking of individual bacterial divisions by optical microscopy has 

enabled AST results in as little as 30 minutes from bodily sample collection, including 

quantification of heterogeneous single-cell growth rates [48]. It has been posited [44] that the MIC 

measured in the limit of single cells (the single-cell MIC or scMIC) is a more meaningful metric 

of antimicrobial susceptibility than the MIC, as it eliminates the possibility of inoculum effects 

[49]. It has also been posited that AST on a single cell confined to a small volume could produce 

an inoculum effect, as the ratio of antimicrobial molecules to cells decreases with decreasing 

reaction volume [50]. These questions will doubtless be answered during the validation processes 

required to translate the results from emerging single-cell technologies.  

 

Figure 2.1. Analysis of single microbial cells allows expedited growth readouts. Images show 

green fluorescent protein-labeled E. coli cells encapsulated into microfluidic droplets at time = 0 

hours (left) and 3 hours (right) of incubation. Growth is clearly discernible after a short incubation 

period, implying that single-cell analysis could expedite AST results.  
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Of the emerging platforms for single-cell AST, microfluidics devices are among the most 

commonly reported in literature. This is likely due to the ease with which microfluidic devices can 

navigate one of the primary challenges in developing a single-cell diagnostics platform: the 

isolation or compartmentalization of the single cell. Microfluidics is the scientific field in which 

fluidic flow is manipulated at the micro-scale. Microfluidics technologies are ideally suited to 

conducting single-cell biological analyses, as microfluidics devices generally consist of fluidic 

channels of 101-102 μm characteristic dimension—the scale of the cells themselves. 

Microfluidics for AST 

Microfluidic device fabrication. 

 Microfluidic devices are most commonly fabricated by casting silicone-based elastomers 

in molds fabricated by soft lithography, first presented by Whitesides et al. in 1998 [51]. SU-8 

photoresist patterned onto silicon wafers are the most common mold materials [52]. To fabricate 

molds in this way, photoresist is spun onto the wafer substrate to a desired thickness. Then, the 

resist is exposed in the design of the microfluidic device, and un-exposed resist, washed away. The 

resulting mold is the negative mold of the microfluidic device, as a polymer cast and cured in the 

mold will contain cavities in the shape of the hardened photoresist. Cured polymer slabs are peeled 

from the mold, and plasma bonded to a glass microscope slide or another polymer slab to produce 

a sealed fluidic channel. Fabricated microfluidic devices are often termed ‘chips,’ in an intentional 

analogy meant to liken the microfabricated fluidic circuits to computer chip circuits. 

 Polydimethylsiloxane (PDMS) is the most commonly used elasteromeric material to cast 

microfluidic devices out of. PDMS has several notable advantages for biomicrofluidics, including 

(1) optically clear material suitable for microscopy techniques, (2) bio-compatible, and therefore 
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suitable for cell culture and bioassays, (3) facile  surface modification, (4) excellent gas 

permeability, allowing aerobic conditions within microfluidic devices and (5) low-temperature 

curing over the course of ~hours.  

 Several techniques besides soft lithography have been used for microfluidic device 

fabrication, including 3D printing, hot embossing, injection molding, as well as mechanical 

techniques such as micro-cutting and CNC-based cutting techniques [53, 54].  

Microfluidic flow characteristics 

Flow through microchannels is almost exclusively realized in the laminar regime, owing 

to the small characteristic channel dimension of microfluidic devices. The long, narrow channels 

also result in flow which is characteristically uniaxial. In laminar uniaxial flow, individual fluid 

elements or layers do not mix as in turbulent flow. A key result of laminar uniaxial flow is therefore 

that all mass, momentum and heat transport in the direction normal to the flow is by diffusive 

mechanisms: molecular viscosity, molecular diffusivity, and thermal conductivity. Fluidic flow 

through microfluidic devices is generally pressure-driven, with pressure gradients created by 

pneumatic sources or syringe pumps. The achieved velocity profile is typical of Poiseuille flow, 

being parabolic with a maximum velocity in the channel center and minima at the channel walls 

[55, 56]. Together, these phenomena result in microfluidic devices which exhibit predictable fluid 

flow and reproducible device behavior. This is beneficial to the proliferation of microfluidic 

devices to end-users without microfluidics training.  

Drop-based microfluidics 

 Drop-based microfluidics (DBMF) is the field of microfluidics which concerns the flow of 

multiple, immiscible fluidic phases which are segmented in a flow channel. Microfluidic droplets 
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function as micro-scale reaction compartments, which can contain components for biological 

assays, including single cells. Droplets are generated and assayed at kHz rates, enabling 

unprecedented high-throughput of experimental conditions. Moreover, droplets can be moved 

[57], immobilized [58], split [59], coalesced [60] and sorted [61] on-chip. Such precise 

manipulation of microfluidic droplets has enabled a variety of applications, including chemical 

synthesis [62], directed evolution [63], drug discovery [64] and antimicrobial susceptibility testing 

[50].  

Droplet formation 

 To form microfluidic droplets, a stream of fluid A flows through a microfluidic channel 

and through an orifice, where it encounters a second, immiscible fluid phase B. The result is an 

emulsion of fluid A dispersed into fluid B, the latter of which is termed the continuous phase. The 

forces driving breakup of the stream of dispersed phase into droplets can be described with two 

dimensionless numbers, the Capillary (Ca) and Weber (We) numbers. 

𝐶𝑎 =  
𝜇𝜈

ϒ
 

𝑊𝑒 =  
𝜌𝜈2𝑙

ϒ
 

Where µ is dynamic fluid viscosity, v is characteristic fluid velocity, ϒ is interfacial tension 

between two fluids, is ρ density and l is a length dimension, typically a channel diameter or 

hydraulic diameter. Ca describes the ratio of viscous shear forces to surface tension forces, and We 

describes the ratio of inertial forces to surface tension forces. Two prominent droplet formation 

regimes exist: dripping, where a forming droplet is broken up at the orifice into which the dispersed 

phase stream is forced, and jetting, where the dispersed phase stream forms a jet which extends 
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through the orifice, and droplet breakup occurs some distance downstream. Moreover, the relative 

values of the continuous phase Capillary number, Caout and the dispersed phase Weber number, 

Wein, have been shown to be predictive of the droplet formation regime (Figure 2.2). Drops formed 

in the dripping regime are highly monodisperse, therefore dripping is typically thought of as the 

more desirable of the two regimes. In the jetting regime, droplets are broken up at the end of the 

extended fluid thread due to Rayleigh-Plateau instabilities, which can result in polydisperse 

emulsions [65, 66].  

 

Figure 2.2. Dripping-to-jetting transition dependence on Caout and Wein. Filled symbols correspond 

to dripping regime, while empty symbols correspond to jetting. Each shape corresponds to a unique 

viscosity ratio, surface tension, or geometry. Reprinted figure with permission from A. S. Utada, 

A. Fernandez-Nieves, H. A. Stone, and D. A. Weitz, Physical Review Letters, 99, 094502 (2007). 

Copyright (2007) by the American Physical Society. 
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Droplet formation junction geometry is a critical parameter which contributes to droplet 

formation characteristics [67, 68]. A common geometry for microfluidic droplet generation, which 

we used exclusively in this work, is a flow-focusing junction (Figure 2.3). A flow-focusing junction 

resembles a 4-way intersection, where a dispersed phase stream is intersected on two sides by 

continuous phase streams, which cause droplet pinch-off at the junction. A second common droplet 

formation junction is shown in Figure 2.4A, called a T-junction. Device geometry can influence 

the realization of a third droplet generation regime, which has been termed “squeezing.” In 

squeezing, the nascent droplet bulges out from the orifice and obstructs the channel downstream 

of the orifice, restricting the flow of the continuous phase around it. This causes a dramatic increase 

in pressure upstream of the forming droplet, forcing droplet pinch-off [69].  

Figure 2.3. Flow-focusing droplet generation junction. 

In practice, fluid flow rates and channel geometries can be tuned empirically to ensure 

desired, application-specific droplet production. Importantly, the results shown in Figure 2.2 were 
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generated using a co-axial flow device (Figure 2.4B), where the continuous phase stream is 

introduced concentrically around the dispersed phase stream. This 3D control over channel 

geometry is impractical in devices made by soft lithography and cast in PDMS, which explains the 

popularity of flow-focusing and T-junction devices. Therefore the results of the analyses in Figure 

2.2 do not perfectly hold for 2-dimensional droplet formation devices, emphasizing the importance 

of empirical droplet generation observations [67].  

The contents and surface chemistries of microfluidic droplets can be tuned for the specific 

application. To conduct biological assays, the droplets must consist of an appropriate biological 

media and be dispersed into an oil phase with good oxygen solubility, hence the common choice 

of fluorinated oils. Fluorinated oils also safeguard against the diffusion of reaction contents into 

the continuous phase, as fluorinated oils are very poor solvents for organic and hydrophilic 

molecules present in biological reactions. To prevent coalescence of the droplets, the droplets are 

stabilized with biocompatible surfactants. To prevent wetting of droplets onto channel walls, the 

channels are functionalized with fluorophilic molecules, which ensure that a sheath of continuous 

phase forms around droplets in the channel. 
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Figure 2.4. Common droplet generation junction geometries. A, T-junction geometry and B, co-

axial flow geometry.  

Droplet microfluidics for AST 

 DBMF has been used as a powerful tool for characterizing bacterial response to antibiotics 

with single-cell resolution [50, 70-73]. The principal advantage provided by microfluidic droplets 

is the automated encapsulation and subsequent analysis of thousands to millions of single-cell 

replicate experiments. AST analyses can be extracted from droplets arranged in static arrays [17, 

64, 74-80] or from droplets flowing past a detector [42, 81-93]. Droplet array-style platforms 

promise superior precision of measurements by optical microscopy, enabling tracking of individual 

cell growth processes [77, 94]. However, microscopy-based readouts result in inherent throughput 

limitations, as the number of replicate experiments which can be conducted is related to the 

imaging field of view and the complexity of the image acquisition and analysis pipelines. 

Sabhachandani et al. reported a droplet docking array which enabled simultaneous monitoring of 
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bacterial growth in the presence of antibiotics in 1,000 droplets [17]. The authors conducted AST, 

as well as morphological and growth rate analysis using this platform. Researchers from the same 

group later updated this device design to incorporate 4 arrays of 8,000 docking sites each, 

increasing throughput and number of testable antimicrobial-pathogen combinations at once [80]. 

 However powerful, the throughput demonstrated by droplet array platforms pales in 

comparison to analysis of flowing droplets, which can be analyzed at thousands of droplets per 

second. Analysis of flowing droplets is similar to flow cytometry (FC) as the analyzed particles 

pass through an interrogation region where droplet signals are collected. It should be noted that 

the advantages of flowing droplets come with reduced precision during readout. Flowing droplets 

do not allow for tracking of individual cell replication events by optical microscopy. However, 

processing data from flowing droplets is possibly more intuitive and translatable across labs and 

instruments, as the employed optical/electronic detectors generate quantitative data directly. This 

contrasts with microscopy-based methods, where image analysis pipelines are required to extract 

quantitative data from images, introducing a possible point of inter-lab or inter-instrument 

variability. Flowing droplet analysis is typically thought of as an end-point style assay, where the 

droplet sample is prepared, stored or incubated off-chip, and re-introduced into a signal detection 

device for assay readout. 

Laser-induced fluorescence (LIF) is the most commonly used light signal in microfluidic 

droplets, as the vast array of fluorophores available provides experimental flexibility, and 

fluorescence promises superior signal-to-noise, as excitation and emission light can be separated 

spectrally. With droplet LIF, bacterial cells expressing a fluorescent protein [83], or encapsulated 

with a fluorescent metabolism indicator such as resazurin [81], can be used to produce a 
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fluorescence assay readout. Optical fibers have been integrated in so-called “optofluidic” devices 

to detect light scattered by microbial cells for AST applications [89, 90, 92, 95]. This latter droplet 

detection mode represents a promising label-free route toward droplet AST, which reduces the 

need for optical equipment. 

Droplet-based AST platforms have enabled numerous biological discoveries. Scheler et al. 

used their platform to describe the distribution of heteroresistance phenotypes in an E. coli isolate, 

and showed that it is the relative amount of cefotaxime on a per-cell basis, not the concentration, 

which determines susceptibility [83]. Lyu et al. monitored the development of heteroresistance in 

a population of bacteria exposed to sub-inhibitory concentrations of antimicrobials, and detected 

resistance phenotypes comprising 10-6 of the total population [42]. Pacocha et al. demonstrated 

that the shape features of a viable fraction of cells vs. antibiotic concentration curve can inform 

about the species content within a droplet, including the presence of small colony variant 

phenotypes [92].  

Parallelized microfluidics platforms 

Infrastructure for multiplexing the testing of many antimicrobial conditions in 

microfluidics devices is generally lacking [50]. Certainly, it has lagged behind the industry 

standards set by automated broth microdilution systems, which test panels of 40-120 

antimicrobials concurrently. This is a specific concern for microfluidic AST, as AST platforms 

must test entire panels of antibiotic dilution series in parallel to output a MIC and deduce a best 

therapy route over a reasonable timeframe. Several microfluidics platforms [77, 81, 87, 96] have 

navigated this by conducting breakpoint analyses, where one or a few specific antimicrobial 

conditions which correspond to clinical breakpoints are tested. By analyzing microbial growth at 
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a clinical breakpoint, the organism can be classified as S/I/R by the test AST platform. However, 

it is preferable to generate an antibiogram, where an entire dilution series of an antimicrobial is 

surveyed, so that a MIC can be output. Several reports have achieved parallelized testing of 

antimicrobials in microfluidic droplets, though only by way of complicated device and 

experimental designs, which prohibit proliferation of the techniques [80]. Kulesa et al. reported a 

droplet array-based technique, in which barcoded, antibiotic-laden droplets were randomly paired 

and coalesced in the array, allowing for pairwise testing of hundreds of combinations of 

antimicrobial compounds per chip [64]. However this platform was designed for drug discovery, 

not AST, and suffers from great complexity as it relies on pairwise merging of droplets and image 

analysis protocols. So far, the greatest degree of multiplexing in droplets for AST has been 

achieved by serial emulsification of individual experimental conditions [76, 81, 83, 91]. Computer-

controlled, valve-operated sample mixing modules in microfluidic chips, and so-called “cascaded” 

device designs have automated some of these steps. However, in these platforms the problem of 

multiplexing is solved by the introduction of complexities elsewhere and it is difficult to envision 

their widespread use by untrained personnel. Kim et al. reported a method of parallel 

emulsification of an antibiotic dilution series, though it could only generate 8 droplet populations 

at once, and relied on mixing fixed cell and antibiotic inputs in varying proportions, and could thus 

be introducing unwanted inoculum effects [78]. Therefore, a facile technique to conduct 

multiplexed droplet AST would represent a significant advance in the field.  

Continuous microfluidics 

 Continuous microfluidics (CMF) is the subcategory of microfluidics technologies which 

concerns the flow of a single fluidic phase through microfluidic devices. CMF is not the focus of 
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the present work, however, advancements in rapid AST have been made using CMF and will be 

briefly summarized here. The principal advantage provided by CMF is the ability to immobilize 

test organisms in a culture chamber for optical measurements. Indeed, several reported platforms 

have demonstrated rapid AST by leveraging the basic protocol of trapping cells in micro-scale 

chambers, followed by precise tracking of cell growth with optical microscopy [43, 46, 48, 97-

100]. Notable advantages of culture chamber-style CMF devices include simplicity of sample 

preparation, non-complicated injection of samples into devices, and amenability to standard 

microscopy-based readouts. Increasing throughput in CMF devices presents issues though, as the 

number of experimental replicates which can be assayed in a single device (the number of micro-

culture-chambers) is directly related to the device footprint. Opalski et al. reported a CMF-based 

device containing >1,000 individual microchambers, effectively addressing the throughput issue 

[99]. However, scale-up of numbers of microchambers necessitates increased complexity of the 

microscopy pipeline, as the microchambers must still be monitored optically. CMF devices also 

present issues in multiplexing of test conditions. The simplicity with which the bacterial sample is 

injected into the CMF device from a single inlet is one of the virtues of CMF, however, it provides 

poor control over chamber content. This issue has been addressed by non-contact printing of 

antibiotic conditions into microchambers [99], and with an integrated antibiotic multiplexing 

dilution module [43]. However, the complicated device design and experimental complexity of 

these platforms is expected to be an issue for their use by untrained personnel. A notable advance 

within continuous microfluidics pertains to the integration of electrodes, enabling impedance-

based measurements on-chip for AST applications [101-104]. To our knowledge this label-free 
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biomass detection technique has not been applied to microfluidic droplets, suggesting a possible 

novel development route.  

Commentary on commercialization of microfluidic AST 

platforms for clinical and point-of-care use 

 Given the ubiquity of a single type of AST platform in clinics (automated broth 

microdilution systems), it is tempting to envision the microfluidic AST solution as a singular 

master test, capable of all-in-one pathogen ID, phenotypic AST and heteroresistance detection 

against any bacterial species and from any bodily sample. This concept is appealing and would be 

well received by both the medical and research communities. Nevertheless, current evidence 

suggests that this vision is unlikely to be realized by a single platform. Rather, it seems more likely 

that a multitude of testing solutions will arise to address the multitude of bacterial infection-related 

problems. Each novel testing platform reported entails advantages and disadvantages, and allowing 

relevant platforms to specialize toward a specific problem allows for leveraging of the advantages 

and simultaneous navigating of the disadvantages. By contrast, a universal master solution will 

require the collectivization of its advantages and disadvantages. For example, a nanofluidics-based 

technology with European regulatory approvals recently received its first clinical evaluation, and 

demonstrated promising results [105]. This technology is currently only validated for urinary tract 

infections (UTIs), and leverages the fact that urine is a relatively uncomplicated bodily sample, 

which is amenable to rapid separation of contaminating bacteria from the sample matrix by 

mechanical filtration. AST with this platform using more complicated body samples such as 

bacteremic blood is expected to prove challenging. However, the technology is currently able to 

conduct AST on urine samples collected directly from the patient without pre-incubation steps, 

and outputs AST results for common UTI pathogens in 45 minutes from the time of urine 
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collection. Given that UTIs are the second-most common infectious disease in the world behind 

only respiratory tract infections [106], it would be detrimental to society to reject this technology 

on the basis of its specialization. On a different note, recent advances in rapid separation of bacteria 

from infected blood samples have resulted in rapid AST without the need for blood pre-culturing 

steps [107, 108]. The primary tradeoff between separation of bacteria from blood, and culture-

amplification of bacteria from blood, is that the bacterial yield which can be used for subsequent 

testing is much greater from culture-amplification, though culture-amplification requires 

incubation for up to 24 hours. In theory, this is an issue that microfluidics platforms of all type are 

suited to address, via the miniaturization of AST reaction volumes. This result should extend to 

any bodily sample collected for suspected bacterial infection: microfluidics devices require lower 

reagent volumes and lower cell counts, and thus facilitate reduction or elimination of pre-culturing 

steps. It is therefore conceivable that separate microfluidics-based tests specifically designed to 

accommodate, for example, bacteria separated from blood cultures, bacteria minimally amplified 

from an abscess sample, or bacteria contained in whole urine, could all become commonplace. For 

point-of-care (POC) testing, it is possible that continuous microfluidics-based platforms hold an 

advantage over droplet-based platforms, as droplet generation is not required and whole infectious 

samples can be simply injected into the device. For example, a recent CMF device based on 

immunofluorescence demonstrated quantification of E. coli in synthetic urine, featuring 

smartphone camera-based readout [109]. This platform represents a powerful POC option which 

also navigates the general requirement of microscopy in CMF platforms. However, in a separate 

platform, bacterial encapsulation into droplets was driven by handheld syringe-vacuum, and viable 

bacteria were quantified by smartphone-based turbidity readings of the droplets [110]. Perhaps 
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then, the decision between droplets and continuous microfluidics should be related to the desired 

throughput. Droplet-based AST techniques come with complexities that are not present in CMF, 

however the trade-off is in their ability to assay many thousands of single-cell experiments. For 

example, in the future, in the case of recurrent infection or suspected heteroresistance, clinicians 

may opt for a droplet-based method with the goal of detecting a rare resistance phenotype, which 

could be used to inform the antimicrobial therapy route. Or, in the case of a multidrug resistant 

isolate, clinicians may need to rapidly identify a combinatorial drug treatment plan [111]. Recent 

microfluidic combinatorial AST platforms have leveraged on-chip drug mixing units with droplet 

sample generation to perform rapid, single-cell AST against a panel of combinatorial drug 

conditions [76, 86].  

It is perhaps telling that most recently commercialized microfluidic AST systems rely on 

microscopy-based monitoring of a bacterial sample in a microchamber, in a single fluidic phase 

[105, 112-115]. Two commercial microfluidics-based AST options [116, 117] are available which 

rely on monitoring changes in resonant frequencies of cantilever sensors in response to microbial 

growth [118]. However, a recent platform based on pheno-molecular AST represents possibly the 

platform of greatest potential yet reported [45, 87]. This platform leveraged microfluidic droplets, 

as the effective concentration of bacteria from low-bacterial-load urine is immediately and 

dramatically increased when the cell is encapsulated into a 4 pL droplet. This phenomenon, 

combined with detection and quantitation of bacterial 16S rRNA enabled simultaneous ID and 

AST of common uropathogenic bacteria, in 30 minutes directly from patient urine. Questions about 

the ability of untrained personnel to conduct this experiment remain, as it relies on complicated 

equipment and device design—perhaps this explains why this platform has not been 
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commercialized yet. Nevertheless, simultaneous pathogen ID and AST directly from patient 

sample is something of a holy grail in AST. 
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CHAPTER THREE 

DEVELOPMENT OF A ROBUST PLATFORM FOR 

ULTRAHIGH-THROUGHPUT ANALYSIS OF MULTIPLEXED 

FLUORESCENCE SIGNALS FROM MICROFLUIDIC 

DROPLETS 

Abstract 

Droplet-based microfluidics (DBMF) is a powerful technology for single-cell biological 

analysis, as it enables automated, high-throughput processing of individual cells. In DBMF, 

biological samples are partitioned into micrometer-scale, water-in-oil droplets, each acting as an 

isolated microreactor. This miniaturization converts a standard mL-scale sample into millions of 

discrete, single-cell experiments conducted in parallel. Maximal automation and throughput of 

emulsified droplet samples has been achieved by analyzing optical signals from flowing droplets. 

Despite this, signal analysis from flowing droplet samples presents several key challenges, 

including robust assembly of optical equipment to deliver optimized laser beams to the droplet 

sample, stable reinjection of emulsion samples, data quality assurance, and reliable acquisition of 

multiplexed droplet signals. In this thesis chapter, we detail the assembly of a robust platform for 

ultrahigh-throughput analysis of multiplexed fluorescence signals from microfluidic droplets, and 

provide tutorials for navigating these challenges. 

Introduction 

Droplet-based microfluidics (DBMF) has enabled unprecedented throughput in single-cell 

assay screening [42, 70, 73]. In DBMF, a biological sample is compartmentalized into micron-
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scale water-in-oil emulsions, converting a standard mL-scale sample into thousands or millions of 

single-cell technical replicate experiments. Each microfluidic droplet is equivalent to a well on a 

microtiter plate, and the droplets are generated using automated platforms at kHz rates. As 

microfluidic droplets contain picoliter to nanoliter volume, each droplet is 103 to 106 times smaller 

than the minimum required volume on a well plate, which is on the scale of microliters.  

Maximal automation and throughput of emulsified droplet samples has been achieved by 

analyzing optical signals from flowing droplets [119]. Detection of light signals from droplets is 

similar to flow cytometry (FC) as the analyzed particles pass through an interrogation region where 

signals such as fluorescent, scattered or transmitted light are emitted from the droplets and 

analyzed by detectors. Then, the signals are evaluated against pre-determined criteria. Laser-

induced fluorescence (LIF), in which droplets flow past a laser beam which excites fluorescence 

signals from the droplets, is the most commonly used light signal in microfluidic droplet detection. 

The vast array of fluorophores available provides experimental flexibility, and fluorescence 

promises superior signal-to-noise, as excitation and emission light can be separated spectrally. 

While FC is a mature technology, providing such benefits as superior throughput, 

integrated FC instruments and at some institutions, institutional FC cores, there are several 

analyses which are only enabled by the compartmentalization of the cell into a discrete volume as 

in DBMF. Microfluidic droplets contain an entire reaction so reaction products like secreted 

molecules, extracellular metabolites or daughter cells can be analyzed and linked to the original 

seeded cell. This is in contrast to FC, in which sample components are not discretized, and are free 

to mix throughput the process. This feature of droplets enables ultrahigh-throughput, flow based 

analyses which are impossible by analyzing flowing cells on a flow cytometer [120]. 
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In Chapters 4 and 5 of this thesis, we use a droplet fluorescence detection platform to 

conduct multi-color LIF, enabling parallelized microfluidics and single-cell analyses. The 

assembly of the equipment required to conduct LIF on microfluidic droplets has been detailed in 

the literature [121, 122]. In this thesis chapter, we will provide information on the equipment used 

in our detection stand, as well as the optimization procedures conducted on our unit which enabled 

the applications detailed in later chapters. The optimization protocol will be detailed in order of 

most global to most specific variables, beginning with the shaping of the laser beam and droplet 

detection basic procedures, and ending with the optimization of individual fluorescence channels 

and their combination, to produce a multiplexed droplet LIF application. 

Droplet LIF detection working principle and equipment. 

In our detection stand, a microchannel device containing a flowing droplet sample is first 

mounted onto a microscope stage. A microscope objective focuses a multi-color laser onto the flow 

channel, which excites fluorophores in the flowing droplets. Fluorescence signals are collected by 

the microscope objective and propagate toward an array of photomultiplier tubes (PMTs) at the 

rear of the microscope. The fluorescence signals are separated by color using dichroic mirrors 

before signal amplification by the PMTs. Each color channel has a laser and PMT specific to the 

channel; thus, in our 4-color setup, there are 4 laser diodes of unique wavelength, and 4 PMTs 

uniquely gated to accept channel-specific wavelengths of fluorescent light. Each PMT outputs a 

voltage proportional to the incident fluorescent light from an excited droplet. We use a custom 

script in LabView 2015 and a National Instruments PCIe-7852 data acquisition card (NIDAQ) to 

record PMT voltage signals, apply PMT gains, and write datafiles during droplet fluorescence 

detection phases (Figure 3.1). 
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Figure 3.1. Schematic of optical train used for droplet laser induced fluorescence. Picture bottom 

right taken of the optical train integrated with the microscope. 

Table 3.1. Optical components used in the droplet LIF optical train. 

  

Component Part number Manufacturer Purpose

FP1 PAF2-A4A Thorlabs RGB laser coupling into free-space

FP2 PAF2S-7A Thorlabs 405 nm laser coupling into free-space

LP1 DMLP-425 Thorlabs Redirect 405 nm laser onto optical axis

BE GBE02-A Thorlabs 2x magnification beam expander

NF Di01-R405/488/561/635 SemRock
Reflect laser beams while transmitting 

fluorescent light

LP2 FF495-Di03 IDEX H&S Direct blue fluorescent light into PMT 1

LP3 FF573-Di01 IDEX H&S Direct green fluorescent light into PMT 2

LP4 FF652-Di01 IDEX H&S
Direct orange fluorescent light into PMT 3 and 

transmit red-far red light into PMT 4

BP1 MF-445/45 Thorlabs Filter fluorescent light prior to PMT

BP2 FB530-10 Thorlabs Filter fluorescent light prior to PMT

BP3 FB620-10 Thorlabs Filter fluorescent light prior to PMT

BP4 FL 670-10 Thorlabs Filter fluorescent light prior to PMT

PMT 1-4 H10723-20 Hamamatsu Amplify fluorescent light signals
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Laser excitation and droplet fluorescent light are propagated along an epifluorescence 

configuration, meaning the same microscope objective which delivers the laser beam to the sample 

is used to collect the fluorescent light. Epifluorescence provides superior background signal 

reduction, as the excitation light source does not point directly into the photodetectors. 

Epifluorescence also supports multi-channel fluorescence collection, with the use of in-line optical 

filters to separate multi-wavelength light signals by color.  

Fluorescence-based biological applications are commonly multiplexed using up to 4 color 

channels which are simultaneously detected from a sample. The 4 most common color channels 

used coincidentally correspond to DAPI (exc/em 360/460 nm), FITC (497/520 nm), TexasRed 

(595/615 nm) and Cy5 (645/665 nm) stains, owing to their minimal spectral overlap, availability 

of filter sets and appropriate laser diodes, and compatibility with existing instrumentation. Our 

multichannel droplet LIF platform was designed to reflect this arrangement of fluorophores. As 

such we implement 405, 488, 561 and 642 nm lasers to excite fluorophores in channels roughly 

corresponding to DAPI, FITC, TexasRed and Cy5 bandwidths.  

The optical train used to arrange excitation and emission light signals is detailed in Figure 

3.1. The order of operations, beginning with the introduction of laser beams and ending with the 

amplification of fluorescence signals by PMTs, is as follows: 

(1) 488, 561 and 642 nm lasers are delivered to the optical train in a single optical fiber 

and coupled into free-space using fiberport 1 (FP1, Thorlabs part no. PAF2-A4A). 

These three laser beams are combined into a single beam using a fiber laser combiner 

(Thorlabs part no. RBG50HF) upstream of FP1, not shown in Figure 3.1. This 3-color 

combined laser will be referred to as the RGB (red-green-blue) laser. The 405 nm laser 
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is delivered to the optical train in a separate fiber, coupled into free-space using FP2 

(Thorlabs part no. PAF2S-7A). 

(2) Dichroic mirror LP1 reflects the 405 nm laser beam into coalignment with the RGB 

laser. The RGB laser is transmitted through LP1.  

(3) A beam expander (BE, Thorlabs part no. GBE02-A) expands the beam waist two-fold. 

(4) The 4-color laser is reflected off the notch filter (NF, Semrock part no. Di01-

R405/488/561/635) and travels to the microscope objective to excite fluorescence. The 

notch filter reflects laser light while transmitting Stokes-shifted fluorescent light. 

(5) Flowing droplets are excited by the multicolor laser focused onto the microfluidic 

channel. Droplets emit fluorescence isotropically. Fluorescent light is collected by the 

microscope objective and propagated along the epifluorescence path in the reverse 

direction as the laser beam, toward the optical train. 

(6) Emitted fluorescent light is transmitted through the notch filter. Any laser light reflected 

back along the same path as the emitted fluorescent light is prevented from reaching 

the PMT array by the notch filter.  

(7) LP2 reflects blue light into PMT 1 and transmits longer wavelength light.  

(8) LP3 reflects green light into PMT 2 and transmits longer wavelength light.  

(9) LP4 reflects orange light into PMT 3 and transmits red-far red light into PMT 4.  

Beam shaping considerations 

Focusing a laser beam onto a microfluidic droplet sample through a microscope objective 

requires directing the beam from an external laser diode source, through the microscope body and 

to the objective's rear aperture. The beam must also be shaped and aligned in order to produce an 
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optimized beam spot within the microfluidic device for droplet LIF applications. For optimal 

performance, the laser beam delivered to the back aperture of the microscope objective should be 

collimated, concentric with and parallel to the central axis of the objective, and should over-fill the 

back aperture [123]. A collimated beam allows the microscope objective to focus the laser to its 

smallest possible spot size, enabling one droplet at a time to be irradiated by the laser. A non-

collimated beam can reach a focus in a different plane than the focal plane of the microscope 

objective, and can also produce spherical aberrations in the beam spot. If the beam is delivered 

off-axis, this can produce aberrations such as astigmatism or coma, or could even result in beam 

vignetting if the microscope objective’s apertures clip the beam [124, 125]. Filling the back 

aperture of the microscope objective allows the microscope objective to focus the laser beam using 

its entire numerical aperture, producing a higher-resolution, smaller beam spot. 

Methods, Results & Discussion 

Laser beam collimation. 

We use optical fibers to guide the laser beams from external diode sources to the optical 

train for safety and setup flexibility reasons. Optical fibers are the safest way to propagate a laser 

as the beam is contained within the fiber, preventing stray laser beam hazards. Moreover, optical 

fibers are flexible and can guide a laser beam in any direction without reflective mirror optics. 

However, the laser beam must be coupled into free-space before it can be propagated through a 

microscope. When a laser exits an optical fiber into free-space, it diverges according to the 

numerical aperture (NA) of the fiber: 

 

𝑁𝐴 =  𝑛0 ∗ sin (𝜃) 
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Where no is the refractive index of the medium into which the laser exits from the fiber (air, in the 

case of coupling into free-space), and θ is the half-angle of the cone of light that defines the laser 

beam shape (Figure 3.2). This contrasts with the requirement for a collimated beam, which is a 

bundle of light rays with parallel direction of propagation, to be delivered to the microscope 

objective. 

Figure 3.2. A laser beam exiting an optical fiber diverges according to the numerical aperture of 

the fiber.  

To mediate laser beam coupling into free-space and beam collimation, we deployed 

Thorlabs FiberPort collimator/couplers (FP1 and FP2, Figure 3.1). The fiberport fulfills two 

primary functions: first, as an optomechanical device, it positions the optical fiber centrally and 

perpendicular to a cube in the optical train's cage system. This is an essential crude beam 

positioning step, in which the beam is positioned to within manufacturing tolerances of the optical 

axis, so that it may later be moved onto the axis. Second, each fiberport contains an aspheric lens 

element for beam shaping which can be used to collimate the beam. The shaping lens can also be 
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used to translate and tilt the beam, though it is recommended that these functionalities be 

implemented sparingly, to prevent the introduction of beam aberrations.  

Figure 3.3. Optical fiberport mounted on an optical post for laser beam visualization and shaping.  

To collimate the beam output by the shaping lens, it is necessary to visualize changes in 

the beam waist as a function of distance from the lens element. A collimated beam will have a 

constant waist, regardless of distance from the lens element. By contrast, the beam waist of a 

converging or diverging beam will show dependence on distance from the lens. To visualize the 

beam waist-distance relationship, the fiberport was mounted on a post and the fiber was integrated 

(Figure 3.3). The beam was visualized on a notecard. During visualization, the black laser screen 

shown in Figure 3.3B was removed. This allowed visualization of the beam spot up to 10 meters 

from the lens element, which can be approximated as infinity in optical terms, as it is many times 

Fiberport 

Fiber 

Laser target 
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the focal length of the lens elements (effective focal length, EFL <7.5 mm for each fiberport). A 

divergent beam will show increasing beam spot size with distance from the lens element; 

oppositely, a convergent beam will show decreasing beam spot size with increasing distance. 

Importantly, a convergent beam will diverge after it reaches its focus, so the user must take care to 

document the correct deviation from collimation, if present. A well-collimated beam will maintain 

constant beam waist across many focal lengths. Thus for best results, the beam waist should be 

visualized while walking the visualization card as far away as is feasible within the lab space. 

We found that both of our laser-fibers were convergent after mating with their respective 

fiberports. In each case when visualizing the beam on a notecard, the laser spot decreased in 

diameter for the first ~2 meters of free-space propagation, then began to diverge after the focal 

point. To collimate the beams, the three “Zθ” screws on the fiberports were adjusted one eighth-

turn at a time, until the beam waist maintained constant diameter over the length of the microscopy 

room. The Zθ screws must be adjusted equally, or else a tilt will be imposed onto the lens element 

which will produce aberrations in the final laser beam [126]. If the beam is divergent, the lens 

element is too close to the fiber, and the Zθ screws must be tightened to move the lens element 

away from the fiber; the opposite adjustment is required if the beam is convergent. 

Beam alignment 

While laser beam collimation ensures that every ray within the beam is propagating in the 

same direction, the direction of the beam as a whole must also be aligned to the system of optics. 

It is conventional to use cylindrical coordinates in optics, as lens systems are most often composed 

of individual elements which are sections of spheres, arranged concentrically. The optical axis is 

the z-axis in cylindrical coordinates terminology. In most laser beam alignment procedures 
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including the present application, the goal is to position the beam so that it is concentric with and 

parallel to the optical axis. Henceforth we will refer to such a beam as on-axis. Moreover, the co-

alignment of laser beams originating in two separate optical fibers presents an additional design 

constraint (Figure 3.1). 

Figure 3.4. Procedure for walking a laser beam onto the optical axis using two reflective optics. 

405 nm laser beam alignment 

FP2, containing the collimated 405 nm laser fiber, was mounted onto the optical train in 

its final position for alignment using reflective optics. A collimated beam will maintain its 

collimation through any number reflective events. Furthermore, two reflectors with complete 

tip/tilt/rotational control provide sufficient degrees of freedom to walk a laser beam onto any 

desired path. Thus, a step-wise laser alignment procedure was conducted to walk the 405 nm 
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laser beam onto the optical axis. In the step-wise approach, the first reflector was adjusted to 

position the laser spot centrally on the second reflector, then the second reflector was fine-tuned 

to direct the beam precisely onto the desired path (Figure 3.4).  

Figure 3.5. Laser visualization target mounted opposite FP2 for crude alignment of the 405 nm 

laser beam. 
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A laser visualization target (Thorlabs part no. VRC2SM1) was threaded onto the optical 

cage face directly opposite FP2 (Figure 3.5). We observed that the laser beam exiting the shaping 

lens was not initially centered on the visualization target. This is an artifact of the manufacturing 

tolerances of optomechanical components. To adjust the beam position, the X-Y translational 

limiting screws on the fiberport were adjusted until the beam spot had translated onto the center 

of the visualization target. At this point the laser beam was also visualized on a notecard while 

modulating the distance from the fiberport, to ensure the X-Y translational adjustments had not 

introduced any aberrations. This first alignment step guaranteed that the laser beam intersected 

the optical axis at a point near the first reflective element, LP1. LP1 was then put in place to 

reflect the beam further downstream in the optical train. To ensure tip/tilt/rotational control, all 

dichroics were held in position by Thorlabs B4CRP kinematic rotation platforms, which 

mediated the control over dichroic orientation.  

The visualization target was then moved to directly opposite FP1 (Figure 3.6) in the same 

cube as NF. The orientation of LP1 was modulated using its tip/tilt/rotational controls until the 405 

nm laser spot reflected off LP1 was centered on the visualization target. Last, the visualization 

target was moved to a microscope objective lens port, and the notch filter was replaced. The 

tip/tilt/rotational controls modulating the notch filter orientation were adjusted until the laser spot 

was centered on the visualization target in the microscope turret. Very little adjusting was required 

during this last step, due to the preceding alignment steps.  

In this way, the 405 nm laser beam was made to propagate on-axis. Documenting a laser 

beam’s position at any two points in space produces its propagation vector. Forcing the two points 

to both be on the optical axis using tip/tilt/rotational controls ensures on-axis propagation. The 
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reflection by LP1 toward NF guaranteed that the laser beam intersected the optical axis in the plane 

of NF. Then, the reflection by NF to another point on the optical axis, discerned as the center of 

the visualization target in the microscope turret, ensured on-axis propagation.  

Figure 3.6. Laser visualization target mounted opposite FP1, in the same cube as NF, for laser 

beam alignment.  
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RGB laser beam alignment 

FP1, containing the collimated RGB laser fiber, was mounted onto the optical train in its 

final position for alignment by reflective optics. The laser visualization target was threaded 

opposite FP1 in the same cube as NF (Figure 3.6). Of note, the RGB laser will transmit through 

LP1 so this dichroic was left in place. Again, we observed that this laser beam was not centered 

on the visualization target and centered it using the X-Y translational limiting screws on FP1. The 

introduction of new beam shape aberrations was ruled out by visualizing the RGB beam spot on a 

notecard while modulating distance.  

At this stage, it was possible that the RGB and 405 nm lasers intersected at the visualization 

target opposite FP1, while propagating at different angles. If this were the case, NF would reflect 

the two beams along different trajectories and two beam spots would be visible on the visualization 

target in the microscope objective lens port. This was not the case as only a single beam spot was 

visible on the microscope turret visualization target. This indicated that the two initially separate 

laser beams had been coaligned to the optical axis. To verify their co-alignment, we propagated 

the 642 and 405 nm laser beams through a microscope objective and onto the ceiling of the 

microscope room and observed concentricity of the two beam spots, confirming successful co-

alignment. In a second experiment to test for co-alignment of the lasers, we detected fluorescence 

from droplets containing dissolved AlexaFluors 405, 488, 568 and 647, each at 1.0 µM. Figure 

3.7A shows a close up of a single fluorescence peak in the live LabView detection window, 

confirming simultaneous fluorescence detection in all 4 channels. If the lasers were not co-aligned 
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at this point, individual fluorescence color peaks would appear at slightly different points in time, 

as in Figure 3.7B.  

Figure 3.7. Visualization of laser beam alignment by 4-color droplet fluorescence detection in 

LabView. A shows aligned laser beams producing different color peaks which are aligned in time. 

B shows the result of a misaligned laser, and individual color peaks which are not temporally 

aligned.  

Of note, the RGB laser was aligned with only a single reflective optic. This was a fortunate 

occurrence; all optical and optomechanical components are subject to manufacturing variability, 

and can occasionally show good alignment within an optical system as manufactured. In the case 

that the RGB laser could not be centered using the X-Y adjusters, or if these adjusters introduced 
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beam aberrations, the beam could be aligned by introducing an extra right-hand turn as done for 

the 405 nm laser. In this scenario, the RGB laser would be introduced parallel to the 405 nm laser, 

and would reflect 90o off a dichroic mirror upstream of LP1. This extra reflective event would 

provide the degrees of freedom required to walk the RGB laser beam onto the optical axis, without 

use of the X-Y translational adjusters.  

Beam expansion  

With the preceding steps, the delivery of an on-axis, collimated, 4-color laser beam to the 

rear aperture of the microscope objective was ensured. At this stage, a laser beam expander should 

be added if the laser beam does not over-fill the rear aperture of the microscope objective. The 

laser beam spot size in the plane of the microscope objective rear aperture can be visualized with 

the visualization target used for alignment. Beam expanders such as Thorlabs’ line of Galilean 

beam expanders (for example, part no. GBE02-A) are designed to intake a collimated, on-axis 

beam and expand its waist by a specified magnification, without introducing unwanted effects on 

the collimation or direction of beam propagation.  

Stable reinjection of emulsion samples for flow-based 

analysis. 

The power of high-throughput droplet microfluidics comes from its amenability to flow-

based detection schema in which droplets, acting as individual bioreactors, are analyzed 

automatically at kHz rates. However, achieving reliable droplet flow regimes is a challenge. 

Droplets are composed entirely of liquids, and are only stabilized by the surfactant layer adsorbed 

onto the liquid-liquid interface of the droplet [127]. As droplets flow through a device, any droplet 

deformation causes momentary fluctuations in the density of surfactant in the adsorbed layer [69]. 
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If droplets flow too quickly past microfluidic device structures or suspended particles such as 

contaminant dust, they are susceptible to coalescence or shear [128]. Indeed, droplet deformation 

by flowing past microfluidic structures has been used as a mechanism to induce coalescence [129]. 

Sometimes droplet samples are polydisperse even in the absence of destabilizing effects, which 

can result in irregular flow patterns, possibly obfuscating droplet detection signals.  

Several theoretical treatments of droplet coalescence are available [69, 130-132], none of 

which are a stand-alone substitute for lab-specific optimization of a droplet reinjection protocol to 

avoid emulsion instabilities. Much of the theoretical and experimental work on coalescence has 

considered idealized systems, such as the coalescence of two droplets freely suspended in a fluid, 

or droplets confined in a model channel geometry [69, 131, 133]. While these treatments are useful 

and informative, in practice, microfluidic devices used for bioassays generally present deviations 

from these idealized systems. For example, the use of various surfactants to stabilize droplets of 

varying content, and confined to flow channels of varying geometry, are factors which cannot 

always be accounted for in a theoretical treatment of coalescence.  

When preparing microfluidic devices, care should be taken to avoid the introduction of 

dust from the outset. Reinjection devices should be designed with filtration structures which can 

catch dust and other contaminants without damaging droplet samples. The injected emulsion 

should be close-packed. Close-packing can be achieved by removing as much of the continuous 

phase as possible [128], for example, by positioning the syringe or tube holding the emulsion 

upright, and allowing the continuous phase to drain out while the emulsion floats to the top. Upon 

introduction to the microfluidic device, inter-droplet contact forces will order the close-packed 

emulsion [128, 133], and the droplets will flow through the device regularly. In our group, we pre-
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lubricate microfluidic tubing lengths used for reinjection with continuous phase, and treat the 

tubing with an anti-static gun, to prevent electrostatic coalescence in the tubing. 

Even during reinjection of a stable, monodisperse emulsion, the droplets flowing in the 

detection channel must be adequately spaced to avoid simultaneous detection. This is generally 

achieved by introducing an additional stream of continuous phase, which intersects the reinjected 

droplets and spaces them. The theoretical minimum distance between two droplets in sequence, 

Δx, required to prevent their co-detection by LIF is defined by the laser beam diameter, d. If Δx < 

d, two sequential droplets will be irradiated by the laser coincidentally. The spot size of a laser in 

a diffraction-limited system, do, can be calculated using the Airy Disc Diameter formula: 

 

𝑑𝑜 = 1.22 ∗  
𝜆

𝑁𝐴
 

 

Where λ is the wavelength of the laser beam and NA is the numerical aperture of the microscope 

objective [134]. However, the laser beam will reach this minimum spot size at the focal plane of 

the microscope objective, and will assume a conical beam of greater waist diameter before and 

after its focal point [123]. Moreover, most microfluidics labs do not contain sophisticated optical 

equipment required to reach the diffraction limit, so deviations from a diffraction-limited optical 

system should be prepared for. As such, we suggest empirical observation of the relationship 

between emulsion injection flow rates, droplet spacing and discrete droplet detection. For example, 

the diameter of the diffraction-limited airy disk produced by the NA = 0.6 microscope objective 

used in our setup ranges from 900 nm for λ = 405 nm, and 1,200 nm for λ =  642 nm. However, as 

we will show in the later section, Fluorescence intensity and time inside measurements collected 
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by droplet LIF are correlated, practical data from droplet fluorescence detection suggest that the 

region of laser illumination is on the order of 101 μm diameter. Laser beam spots smaller in 

diameter than the droplet in the flow channel could result in failure to detect particles of interest, 

such as cells or colloidal particles, if the particles are positioned outside the beam waist during 

detection. 

Robust detection of flowing microfluidic droplets using 

reference dyes. 

To facilitate robust detection of microfluidic droplets we developed a method to impart 

each droplet with a standardized fluorescence signature, enabling visualization of droplet spacing 

and differentiation from noise, coalescence, and sheared emulsions. We dubbed this standard 

fluorescence signature the reference dye, in an intentional analogy to the reference dyes used in 

qPCR applications. The inclusion of a reference dye in the dispersed phase means that the entire 

droplet is fluorescently stained. Thus, abnormally sized droplets can be discerned as fluorescence 

peaks of larger or smaller than average width, due to the droplet residence time underneath the 

laser. Figure 3.8 shows a screenshot of the live detection window in LabView, during detection of 

droplets stained with a red reference dye, and containing green-fluorescent E. coli cells loaded at 

~20% rate. Each droplet, as well as its adequate spacing from neighboring droplets, can be clearly 

discerned. Moreover, the yellow boxed panel labeled Detection Parameters contains user-

programmable controls to define a set of criteria required to trigger a droplet detection event. The 

criteria can be defined as a range of fluorescence peak amplitudes and widths, for a specific 

fluorescence channel. These controls provide a means to program the LabView software to record 

signals from droplets and exclude noise or incorrectly sized droplets. For example, high-frequency, 

low-amplitude noise can be observed in channel 4 (red) in Figure 3.8. To gate this signal from 
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recorded datasets, the controls in the Detection Parameters panel are programmed to only record 

signals in channel 4 which are greater in amplitude than 0.1 V and wider than 0.01 ms.  

Figure 3.8. Screenshot of LabView live detection window showing LIF detection of droplets 

stained with red fluorescent dye and loaded with green fluorescent E. coli cells at approximately 

20% rate.  

The reference dye has the added benefit of staining and detecting droplets which did not 

receive a fluorescent particle of interest, for example fluorescent cells. In the absence of a reference 

dye, only the droplets loaded with a fluorescent particle are detected. Thus, a reference dye is a 

requirement for applications such as cell counting or digital drop polymerase chain reaction 
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(ddPCR), in which the desired readout is an enumeration of the fraction of droplets loaded with an 

analyte of interest. 

We use AlexaFluor dyes as reference dyes. AlexaFluor dye carboxylic acid conjugates can 

be dissolved into water or biological media and thus stain the entire droplet, facilitating its 

detection by LIF. We have tested AlexaFluors 405, 488, 568 and 647, all of which proved 

functional as reference dyes at 100 nM final concentration. However, for complex, multi-

fluorescence-channel applications, we primarily used AlexaFluor 405, a DAPI-channel dye. This 

is because channel cross-talk in multi-color fluorescence applications typically moves upward in 

wavelength, meaning that cross-talking fluorophores will appear in off-target channels of higher 

wavelength, but not lower wavelength. Using the lowest-wavelength fluorescence channel for 

reference dye detection thus safeguards against cross-talk into the reference dye channel, ensuring 

its robustness.  

Figure 3.9. Data filtration using fixed gates to eliminate incorrectly sized droplets, discerned by 

droplet time inside measurements. Data with time inside measured between the red dashed lines 

are kept, and all other data are eliminated. The red dashed lines are drawn at the same time inside 

value in both figures. 
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In Figures 3.9 and 3.10 we show tutorials for size- and reference dye signal-based data 

filtration, to eliminate data from droplets of incorrect size or reference dye signals. The procedures 

we will describe herein are the same for filtration based on droplet size and reference dye signal.  

The LabView script records a residence time measurement, called ‘time inside,’ for each droplet 

recorded in the data set. Data filtration of the dataset using time inside can be easily conducted by 

visualizing the time inside distribution as a histogram, and eliminating incorrectly sized drops 

which fall outside of fixed gates, as shown in Figure 3.9A. However, a plot of time inside vs droplet 

number in chronological order, such as the heatmap in Figure 3.9B, reveals that fixed gating is 

inappropriate if any variability in droplet flow is present. Flow variations can result, for example, 

in the case of fluidic pump fluctuations or developing flow. From Figure 3.9B, it can be seen that 

the y-axis data are normally distributed for a small window of time, but the center of the 

distribution oscillates slightly up and down with flow variations. This allows some data which 

should be eliminated to pass through the fixed data filtration gates, which are plotted on the same 

time inside value in Figure 3.9B as in Figure 3.9A. Thus, a dynamic gating method is required to 

move the data filtration gates in response to flow variations.  

Figure 3.10. Dynamic data gating in MATLAB. (A) The dynamic gating program draws contour 

lines on a plot of time inside vs. droplet number, corresponding to data density. The outermost 

green contour defines the dynamic gate. Only data that falls within the perimeter of the green 

contour will be kept. (B) Zoom of boxed region in A. (C) Plot of time inside vs droplet number for 

the filtered dataset. 
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Figure 3.11. Scatter plots of fluorescence barcode data before (A) and after (B) data filtration by 

time inside. The data filtration process effectively eliminates coalesced and broken up droplets, 

discerned as data which falls between fluorescence clusters in (A). 

The dynamic gating MATLAB program we developed is shown in Figure 3.10. The 

program plots time inside or reference dye signal against droplet number in chronological order as 

a heatmap. Then contour lines are generated around the heatmap based on data density (Figures 

3.10A and 3.10B). The contour lines are analogous to elevation contours on a topographic map, 

where regions of high data density are analogous to regions of greater elevation. The user inputs a 

normalized data density, as a percentage, and the data filtration gate is drawn as a contour to include 

every region of equal or greater data density. For example in Figure 3.10 the normalized data 

density was specified as 8%, and the green contour line was drawn to include every region of data 

density ≥ 8% of the maximum observed data density value. The filtered data are shown in Figure 

3.10C, and it can be seen that the dynamic gating method effectively eliminates all incorrectly 

sized droplets, while preserving the desired data. The effect of the data filtration on data quality is 

shown in 3.11, which shows two scatter plots of fluorescence data from droplets generated with 

unique fluorescence signatures, before (Figure 3.11A) and after data filtration (Figure 3.11B). In 

the absence of coalescence or other forms of droplet instabilities, the data should cluster into 36 
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unique clusters based on fluorescence signature. However, droplet instabilities were present during 

detection of this droplet sample. Unwanted data from sheared or coalesced emulsions registered 

fluorescence signatures between the unique data clusters, and were effectively eliminated by the 

data filtration process.  

A low-pass filter reduces detector noise and smooths over 

droplet fluorescence signal pulses. 

The PMT output voltage is represented by a waveform: the voltage rises as the PMT is 

excited and converts incident light into photocurrent (which is transformed into a voltage at the 

output), and falls to a ground state in the absence of incident light. Background detector noise can 

also be represented by a waveform, generally consisting of high frequency, low-amplitude signals. 

The total waveform output by the PMT corresponds to a composite signal comprised of noise and 

fluorescence signal, and these individual components can be separated on the basis of frequency. 

While droplet signal pulses typically have durations on the order of 10-1-100 ms and frequencies 

of occurrence on the order of 102-103 Hz, the character of the PMT noise is typically much higher 

in frequency, on the order of 104-105 Hz.  
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Figure 3.12. Demonstration of the noise filter in LabView. A-D, screenshots of the LabView 

window taken at various cutoff frequency values. E, PMT signal maximum amplitude vs cutoff 

frequency value, showing signal attenuation at low filter values. 

The LabView script contains a user-programmable parameter called Cutoff Frequency 

(Figure 3.12A, boxed yellow) which defines a low-pass filter to reduce high-frequency signal 

above the cutoff value. The noise filter can be applied to produce clean, easily discernible 

fluorescence pulses. However, its use must be optimized in an application-dependent manner. For 

this purpose, we treated the noise filter as an independent variable during fluorescence channel 

optimization phases. The functionalities of this parameter which we have learned from empirical 

testing, will be described here.  

The low-pass noise filter is applied to the voltage waveform output by the PMT by 

specifying a frequency, in Hz, at which to process the waveform. When applied, signal content of 

higher frequency than the specified cutoff frequency is filtered from the waveform recorded by the 

NIDAQ. Figures 3.12 A-D show screen shots during LIF detection of a droplet sample flowing at 

approximately 1 kHz occurrence frequency, while modulating cutoff frequency to demonstrate its 

effect. There are three primary effects on droplet signal collection which result from application 
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of the noise filter. Most notably, the filter will effectively reduce most or all of the noise, if the 

cutoff frequency is set to ≤12 kHz. A higher cutoff frequency can be thought of as a more “relaxed” 

filter, which will allow more components of the total waveform to pass. Secondly, the noise filter 

is a smoothing function. Unfiltered droplet signal pulses will be composed of high-frequency 

components oscillating on top of the low frequency signal waveform (Figure 3-12C). Elimination 

of the high frequency components produces the smooth, sinusoidal peaks observed in Figure 

3.12A. However, elimination of high frequency signal content also produces the third effect, which 

is signal attenuation. The data in Figure 3.12E were collected from the same droplet sample as in 

Figure 3.12A-D. These data demonstrate that the amplitude of the PMT signal is a function of filter 

cutoff value, with signal attenuation especially prominent at low cutoff values near the frequency 

of droplet occurrence. As we will show later in Optimization of channel 2, GFP-E. coli cell density, 

setting the cutoff frequency too low can entirely eliminate the signals from single fluorescent cells 

in droplets. The optimized filter cutoff value is therefore one which balances noise elimination and 

peak smoothing with signal attenuation. We have found through empirical observation that a cutoff 
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frequency value equal to 4-5 times the expected droplet frequency of occurrence, for droplet 

frequencies of occurrence of 1-4 kHz, is an acceptable rule of thumb.  

Figure 3.13. Time inside measurements correlate with reference dye PMT signal. Pearson 

correlation coefficient, r = 0.624 with p-value < 0.001 indicates moderate positive correlation with 

statistical significance. Color bar indicates number of droplets. 

Fluorescence intensity and droplet size measurements 

collected by droplet LIF are correlated  

A notable observation we have made regarding the use of reference dyes as a droplet 

signature, is that in our system, time inside measurements correlate with the amplitude of the 

reference dye fluorescence peak (Figure 3.13). The data shown in Figure 3.13 are from LIF 

detection of a population of droplets generated by emulsion of a fluorescent dye sample in a single 

emulsification generation procedure. The variation in time inside and fluorescence signature 

therefore represents the natural variability of a single population of droplets, which will always 

p < 0.001 
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assume a narrow distribution of sizes and fluorophore concentrations. For these data, we calculated 

a Pearson correlation coefficient, r = 0.624 with p-value < 0.001, indicating moderate positive 

correlation with statistical significance.  

We proposed two hypotheses to explain, causatively, the correlation between time inside 

and PMT signal amplitude. In hypothesis 1, larger drops result in greater PMT output voltages. 

The rationale behind this hypothesis relies on geometric constraints imposed on droplets during 

flow. The LIF flow channel was designed to squeeze droplets vertically and from the sides, so that 

they elongate in the direction of flow (Figure 3.14). Larger droplets will elongate further, and 

experience a longer residence time underneath the laser beam. This increased residence time 

naturally results in a greater time inside measurement. Plausibly, greater residence times could 

result in greater perceived fluorescence intensity if the PMT circuit conducts some form of time-

integration over the duration of the fluorescence signal pulse. In this scenario, the rate of 

fluorescence emission by two droplets is constant as they have equal fluorophore concentration, 

but a larger droplet will emit more photons by residing longer underneath the laser beam. 

Alternatively, the observed correlation could suggest that the area illuminated by the laser beam in 

the flow channel is greater than the area assumed by a typical droplet. If the beam spot is large 

enough to illuminate whole droplets regardless of droplet size, then the larger droplets will result 

in greater instantaneous illuminated volume when encompassed entirely inside the laser beam. 

This in turn produces a greater rate of fluorescent photon emission and higher-amplitude PMT 

signal pulse for the larger droplets. 
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Figure 3.14. Detection devices were designed to squeeze flowing droplets vertically and from the 

sides, so they elongate in the direction of flow.  

In hypothesis 2, natural variations in fluorescence signals from droplets of equal size 

produce perceived variations in time inside measurements. The rationale behind hypothesis 2 can 

be explained by describing droplet detection as a threshold-governed process. According to this 

hypothesis the PMT must experience a photonic input signal which is greater than a certain 

threshold value, in order to output a non-zero, noise filter-conditioned voltage and initiate a 

detection event by the NIDAQ. The rate of photon emission by the droplet is a function of the 

droplet’s illuminated volume, which is itself a function of droplet position relative to the laser, and 

therefore time. Possibly, the detection threshold is crossed as soon as an infinitesimally small 

volume of the droplet is illuminated by the laser, and the first photon of the droplet excitation event 

reaches the PMT. Alternatively, the threshold might only be crossed once a finite volume of the 

droplet is illuminated and the droplet has emitted relatively many photons. In this latter scenario a 

droplet which was, by chance, loaded with an above-average number of fluorophore molecules 

will cross the detection threshold at an earlier point in the droplet illumination process than a 

droplet of equal size and typical fluorophore content. Thus the droplet of greater fluorescence 

intensity due to natural variation will produce a greater time inside measurement, despite being of 

typical size. We note that variations in the photocurrent generated by the PMT can also arise from 

detector shot noise [135]. Shot noise is a form of noise inherent to PMTs and is related to the 
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particle nature of light. In this scenario, a droplet of typical size and fluorophore content might 

cross the detection threshold earlier than average, if a chance upward variation in detector noise 

produces an abnormally large photocurrent from a standard photonic input. 

We designed parallel experiments to test these hypotheses. In experiment 1, designed to 

test hypothesis 1, a single dropmaker was used to generate two populations of fluorescent droplets 

of different size, by varying the flow rates during emulsification. The two populations were 

identical in fluorophore concentration, as they originated from the same syringe containing 

dissolved AlexaFluor dyes, yet were bimodal in size (Figure 3.15A). The two subpopulations were 

then mixed and detected by LIF to probe for size-related effects on fluorescence intensity. Figure 

3.15B shows the distribution of droplet diameters as measured by microscopy, confirming the 

bimodal size distribution. Figure 3.15C shows a screenshot of the live LIF detection window in 

LabView, where fluorescence peaks from two droplets in sequence show different peak heights 

and widths. Figure 3.15C and 3.15D show the measured time inside and PMT 2 signal 

distributions, respectively, where bimodality is again captured. Last, in Figure 3.15E, PMT 2 signal 

is plotted against time inside as a heatmap. The two droplet populations and their respective 

bimodal signals are clearly visible, as is their correlation. For these data, we calculated a correlation 

coefficient, r = 0.985 with p-value <0.001, indicating near-perfect positive correlation with 

statistical significance.  
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Figure 3.15. Increased droplet diameter produces fluorescence intensity measurements of greater 

magnitude. A, fluorescence image of a mixed population of droplets containing droplets of two 

different diameters and equal fluorophore concentration. B, droplet diameter distribution measured 

by microscopy. C, screenshot of LabView LIF detection window depicting two droplets in 

sequence registering fluorescence peaks of bidisperse amplitude and width. D, time inside 

distribution measured by LIF detection of the mixed droplets. E, PMT signal intensity distribution 

measured by LIF. F, PMT 2 signal vs time inside for the mixed droplet sample. r = 0.993 with p-

value < 0.001 indicates near perfect correlation with statistical significance.  

This result led us to accept hypothesis 1, that larger droplets produce greater PMT output 

voltages in our system. However, the mechanism by which this causative relationship arises is not 

yet confirmed. The PMT datasheet [136] indicates that the output signal pulse is not produced by 

a summation over the signal pulsewidth. Our results therefore suggest the second mechanism by 

which larger droplets might produce greater PMT voltages: by illuminating whole droplets, 

regardless of size. This further indicates that the area illuminated by the laser in the flow channel 

is tens of microns in diameter. To confirm this mechanistic explanation of the observed correlation, 

a similar experiment should be conducted in which a variety of fluorescent droplet sizes are 

detected coincidentally, with the goal of observing at least one subpopulation which assumes a 

p < 0.001 
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larger area than can be covered by the laser beam. If this mechanism correctly explains the 

observed correlation, the increase in PMT voltage should plateau once the droplets cannot be fully 

covered by the laser beam, as increasing droplet size no longer results in increased illuminated 

droplet volume. This experiment would also yield a more rigid estimate of the laser beam waist in 

the flow channel. This experiment was not conducted in the present work.  

Figure 3.16. Fluorophore concentration effect on time inside measurement. A, micrograph of a 

mixed population of droplets of equal diameter and bidisperse fluorophore concentrations. B, 

droplet diameter distribution measured by microscopy. C, time inside distribution measured by 

droplet LIF. D, channel 1 fluorescence intensity distribution measured by droplet LIF. E, time 

inside vs. channel 1 PMT signal. Pearson correlation coefficient = 0.741 with p-value <0.001 

indicates strong linear correlation with statistical significance. 

In experiment 2, designed to test hypothesis 2, two droplet populations were generated, of 

equal size and with two distinct fluorophore concentrations. The two populations, which contained 

100 nM and 250 nM AlexaFluor 405, were then mixed and detected by LIF to probe for effects of 

fluorophore concentration on measured time inside. The results are shown in Figure 3.16. Figure 

p < 0.001 
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3.16A and 3.16B show a brightfield image of the mixed droplet sample, and the droplet diameter 

distribution as counted by microscopy, respectively. By these methods, the sizes of the two droplet 

types in the mixed droplet sample are indistinguishable. Yet, as shown in Figure 3.16C, the 

measured time inside distribution is bimodal. Furthermore, as expected, the distribution of 

fluorescence intensities detected from the mixed droplet sample is bimodal (Figure 3.16D) and 

correlates to the time inside measurements (Figure 3.16E).  

This result led us to accept hypothesis 2, that droplets can register greater time inside 

measurements by containing more concentrated fluorophore. It also supports the existence of a 

droplet fluorescence emission threshold, below which, a noise filter-conditioned PMT voltage will 

be recorded as zero and a detection event will not occur. The conditioning of the PMT voltages by 

the noise filter is likely a critical parameter affecting the detection threshold. The raw PMT signal 

voltage never has an amplitude truly equal to zero, as it always outputs some background dark 

current. However, the noise filter can condition very low amplitude and/or high frequency voltages 

to be recorded as zero values. Later in Optimization of channel 2, GFP-E. coli cell density, we will 

show that increasing the noise filter cutoff value permits a greater proportion of single-celled 

droplets to register PMT signals > 0 V in amplitude. 

Together these results demonstrate that, in our droplet LIF system, the relationship between 

measured time inside and fluorescence signal amplitude is bidirectionally causative. Larger 

droplets can produce fluorescence signal pulses of greater amplitude, and droplets of greater 

fluorophore concentration can produce greater droplet time inside measurements. These findings 

have implications in designing droplet LIF-based assays, as they demonstrate that the signal pulse 

amplitude and width can be influenced by factors which do not intuitively relate to these 
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measurements. For example, in a hypothetical droplet qPCR assay, two droplets containing equal 

concentrations of fluorescent reporter dye, proportional to PCR product accumulation, might be 

measured as having different fluorescence intensities if they are of different size. Moreover, in 

some applications it might be suitable to use the average or summed value of a fluorescence signal 

pulse as the assay readout. These measured values are directly related to the pulsewidth, which we 

have shown can be influenced by the fluorescent content of the droplet. 

Allocation of fluorescence channels in a multiplexed 

microbial growth assay 

We sought to use our droplet fluorescence detection setup to develop a multiplexed 

microbial growth assay in droplets using multicolor fluorescence signals. A single fluorescence 

channel is required for assay readout. We therefore hypothesized that 2 additional fluorescence 

channels could be used in a spectral barcoding technique [64, 83, 137] to encode multiplexed 

experimental conditions contained within the droplets. Spectral barcoding of microfluidic droplets 

involves imparting unique optical signatures, such as fluorescence spectra, onto droplets during 

emulsion generation, enabling identification and tracking using their distinct fluorescence 

signatures.  

A green fluorescent protein (GFP)-labeled strain of E. coli was made available to us, in a 

kind gift from Dr. Michael Franklin of Montana State University. We therefore reserved channel 2 

which detects green fluorescence from droplets as the cell growth channel, and sought to develop 

the spectral barcoding method using channels 1, 3 and 4. We purchased AlexaFluor dyes for 

barcoding based on reports in literature [64], and readily observed that AlexaFluor dyes can be 

used to impart unique fluorescence signatures onto droplets in all 4 of our fluorescence channels 

(Figure 3.17).  
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Figure 3.17. AlexaFluor dyes are suitable for spectral barcoding of microfluidic droplets. Each 

plot shows a histogram of PMT signals from droplet LIF detection of a population of droplets 

containing unique AlexaFluor concentrations. A-D correspond to detection in PMT 1-4, using 

AlexaFluor 405, 488, 568 and 647, respectively. The concentrations of dye used are indicated by 

the text in Figure 3.17A.  

In initial experiments, we tried using AlexaFluor 647 in channel 4 as the reference dye. We 

speculated that, as this channel is filtered by the narrowest bandpass filter, it would be robust 

against spectral cross-talk from neighboring channels. We further speculated that the highest 

wavelength channel would have more room for parametric flexibility to optimize detection in that 

channel, as it does not have an upwards neighbor into which it can exhibit channel cross-talk. 

However, it was immediately observed that droplets barcoded with AlexaFluor 568 dye in channel 
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3 will produce cross-talk into channel 4 in a concentration-dependent manner. This resulted in 

droplet populations emitting a variety of reference dye signals into channel 4, which depended on 

the fluorescent content in channel 3 (Figure 3.18). This was deemed untenable, and we opted to 

proceed with channel 1 as reference dye, channel 2 as assay readout, and channels 3 and 4 for 

spectral barcoding channels.  

Figure 3.18. Channel 3 fluorescence barcodes produce cross-talk into channel 4. The data shown 

were collected from a population of droplets containing 6 unique AlexaFluor 568 conditions which 

fluoresce in channel 3, and each subpopulation of droplets contained a fixed concentration of 

AlexaFluor 647 which fluoresces in channel 4. 

Overview of optimization protocol for multichannel 

fluorescence detection. 

Fluorescence channel cross-talk is a major challenge which must be overcome in 

multichannel fluorescence applications [137]. In fluorescence microscopy, spectral overlap can be 

mitigated by collecting fluorescence from multiple channels, sequentially. For example, the iris to 

the FITC detector is only opened after the DAPI signal has been collected and the 405 nm 

excitation light is turned off, preventing light emitted by DAPI-channel fluorophores from 

reaching the FITC channel detector. However this is less feasible in flowing droplet applications 

which use a single microscope objective to excite fluorophores in all channels coincidentally. 
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We hypothesized that user-programmed detection variables controlling individual 

fluorescence channels could be optimized, so that each channel performs its specific function, 

while preserving the functionality of neighboring channels. An individual fluorescence channel 

has N variables which can be modulated to affect the performance of the channel, for example but 

possibly not limited to, laser power and PMT gain. Each channel thus has an inherent parameter 

space, which is a N-dimensional matrix, where each node of the matrix is a combination of 

variables set to specific values. In a multichannel fluorescence application consisting of M 

channels, the sheer scale of the available parameter space becomes infeasible to examine 

exhaustively, as the multichannel parameter space is a D-dimensional matrix, where 

 

𝐷 =  ∑ 𝑁𝑖

𝑀

𝑖=1

 

 

For example, in a 4-channel fluorescence application, if each channel has 3 channel variables 

which can be set to 5 unique values, the 4-channel parameter space is a 12-dimensional matrix, 

containing 2.44 x 108 unique combinations of parameters. 

To address this optimization problem, we further hypothesized that the parameter spaces 

of individual fluorescence channels, being much smaller than the multichannel parameter space, 

could be systematically scanned for regions of channel functionality. Parameter space regions of 

non-functionality could then be eliminated to produce a smaller viable parameter space for each 

channel, which we called the functional parameter space. When the individual channel functional 

parameter spaces are then combined to create the multichannel parameter space, it is of lesser 

complexity, and the individual channel functionalities, in isolation, have already been guaranteed.  



70 

 

To develop a 4-channel droplet fluorescence detection application, we therefore 

implemented an optimization protocol beginning with optimization of individual channels, 

followed by channel co-optimization. In the first phase, each individual channel’s parameter space 

was assessed for regions of desired functionality, producing functional parameter spaces for each 

channel which are reduced in scale compared to the total available parameter spaces. In the second 

phase, we combined channels pairwise to ensure that their functionalities were maintained despite 

the presence of neighboring fluorophores. In the final phase we combined all 4 fluorophores to 

demonstrate the simultaneous detection of 4-channel fluorescence in droplets for a multiplexed 

microbial growth application.  

Optimization of individual fluorescence channels  

To systematically test the channel’s performance at each node of its parameter space is to 

characterize every possible performance level for the individual channel. Therefore, an individual 

channel’s performance can be optimized by first establishing a performance criterion for the 

channel, and assessing its performance relative to the criterion at each node of the channel’s 

parameter space. To construct each channel’s parameter space, we varied the laser power, channel 

gain, and noise filter. In a multichannel application, the noise filter is applied to every channel in 

unison. However, we treated it as an individual channel variable during individual channel 

optimizations. Thus, from the outset, a 3D parameter space for each fluorescence channel was 

constructed, consisting of 140 to 288 unique combinations of parameters, depending on the 

channel. Of note, the power of the 405, 488 and 642 nm laser diodes is input as a current in mA 

on our laser module. Therefore, for these lasers we report the laser current, which is proportional 

to the realized laser power. 
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Figure 3.19. Channel 1 reference dye PMT signals as a function of PMT gain and 405 nm laser 

current, for a fixed noise filter value. I405, 405 nm laser current. 

Optimization of channel 1, reference dye. 

The reference dye’s primary function is to register a fluorescence signature of any value, 

so long as it is readily distinguishable from the noise floor, and provides proxy measurements of 

droplet size. When used in channel 1, the reference dye has the added constraint of minimizing 

cross-talk into the GFP channel, channel 2. Conceivably, excessive cross-talk from channel 1 to 2 

could mask the fluorescence signals from single microbial cells, which would hinder the growth 

assay. This constraint is particularly challenging to navigate, as bacterial undefined media such as 

Luria broth (LB) and cation-adjusted Mueller-Hinton broth (CAMHB) show significant 

autofluorescence in the violet-green range of the visible spectrum. As increasing the current 
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supplied to the 405 nm laser diode produces increased media autofluorescence into channels 1 and 

2, we sought minimize the 405 nm laser current while optimizing channel 1. 

Figure 3.20. Reference dye PMT signal vs PMT gain for several different 405 nm laser current 

settings.  

To optimize the detection of reference dye signals in channel 1, we detected fluorescence 

signals from droplets containing 100 nM AlexaFluor 405 dissolved into cation-adjusted Mueller-

Hinton broth (CAMHB), to mirror a microbial growth assay. We surveyed 4 laser currents at the 

low end of the laser current range, 7 PMT gain values and 5 noise filter values, producing a 140-

node parameter space. Figure 3.19 shows an array of histograms of reference dye signal intensities 

for a single noise filter value, arranged as a grid of laser current and detector gain conditions.  The 

region of higher gain and laser current naturally produces reference dye signals of greater 
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amplitude. These data are shown as mean PMT 1 signal vs PMT gain in Figure 3.20. There are 

several regions where the reference dye distribution cannot be adequately discerned, namely gain 

= 50, 55 and parts of 60, for all 4 laser powers. These nodes were therefore eliminated from the 

functional parameter space for channel 1. For channel 1 optimization, we found that the noise filter 

had a negligible effect on the performance of the channel, and therefore included all noise filter 

values in the functional parameter space.  

Optimization of channel 2, GFP-E. coli cell density 

As the biological readout of the designed assay, channel 2 presented the most stringent 

requirements. Single-cell detection was required, which requires a high ratio of GFP fluorescence 

signal to background noise. It was also required that droplets exhibiting full microbial growth show 

good separation from non-growth droplets in terms of PMT signal. These two requirements are 

opposing: to increase fluorescence signal from microbial cells, channel 2 laser power, gain and 

noise filter cutoff are increased, which can in turn introduce background noise and obfuscate 

single-cell fluorescence signals. 

In early attempts at optimization, it was found that the channel 2 parameter space can be 

divided into two regimes, based on PMT gain and noise filter. In the first regime, background 

signal originating from cross-talk and detector noise is completely eliminated by the noise filter, 

and empty droplets register a true zero signal in channel 2 (Figure 3.21A). In the second regime, 

background signal produces a non-zero PMT 2 signal in every droplet, but cells in droplets are still 

discernible by their heightened channel 2 signal (Figure 3.21B). In regime 2, increased PMT gain 

and noise filter values result in significant background signals which are permitted through the 

noise filter.  
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Figure 3.21. Two regimes for detection of cellular fluorescence. A, regime 1, in which detector 

gain and noise filter values are low, abiotic droplets register 0 values in PMT 2 (green) and biotic 

droplets register a sharp peak in the green channel. B, regime 2, in which PMT 2 gain and noise 

filter values are high, and background signal results in every droplet registering a non-zero PMT 

2 voltage.  

Regime 1 provides straightforward identification of biotic droplets, as abiotic droplets 

register zero values in channel 2. For this reason, we initially defined the functional parameter 

space for channel 2 as the set of parameters that produce regime 1. This corresponds to the region 

of maximum gain = 52, noise filter ≤10 kHz and all 488 nm laser currents. To assess the 
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functionality of channel 2 in this region of the parameter space, a population of droplets was 

generated containing CAMHB media, 100 nM AlexaFluor 647 as reference dye, and single GFP-

E. coli cells loaded at ~8% rate. LIF was conducted on this droplet sample before and after a 5-

hour incubation period, while sweeping the available parameter space. It was observed that in this 

parameter space which consists of low gain and noise filter values, the separation between growth 

and non-growth droplets is poor (Figure 3.22).  

Figure 3.22. Detection of droplet GFP signals in PMT 2 regime 1. A, representative fluorescence 

image of droplets at time = 0 hours. B, representative fluorescence image of droplets at time = 5 

hours, showing growth in droplets. C, PMT 2 signal distributions from LIF detection at time = 0 

(blue) and time = 5 hours (red) at an array of detection parameters which produce regime 1. Top 

row, PMT 2 gain = 50, bottom row, PMT 2 gain = 52. Noise filter values are indicated above 

histograms.  

It was also observed that, in PMT 2 regime 1, a significant portion of single cells evade 

detection by LIF. Figure 3.23 shows a plot of the biotic fraction of droplets observed by LIF vs 

noise filter value, with gain and laser set to the highest values available in this parameter space. To 

calculate the biotic fraction, we enumerated the fraction of droplets with channel 2 PMT signal > 

0 V. The green shaded region corresponds to the biotic fraction of cells counted by analyzing 
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fluorescence images of the same droplet population, +/- 95% confidence interval. The biotic 

fraction calculated from image analysis was used as a positive control value, to assess the single-

cell detection performance by LIF. These data demonstrate that, when channel 2 variables are set 

to produce detection regime 1, a significant portion of single cells go undetected by LIF in a noise 

filter-dependent manner. The observed dependence on noise filter corroborates the previous 

suggestion that the noise filter can errantly condition target fluorescence signals to be recorded as 

zero values. A plausible explanation for this observation is that, at low detector gain, a portion of 

single cells produce a low amplitude or high frequency PMT voltage which is susceptible to 

elimination by the noise filter. Incrementally relaxing the noise filter by increasing the cutoff 

frequency then decreases the proportion of single cell signals eliminated by the filter. 

Figure 3.23. Detection of single cells in regime 1 is poor. Biotic fraction of droplets detected by 

LIF vs noise filter value is shown for a population of droplets containing single cells. Green shaded 

region corresponds to the biotic fraction enumerated by image analysis of the same population of 

droplets. For LIF data, biotic fraction was equal to the fraction of droplet data with PMT 2 signal 

> 0 V.  
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During preliminary optimization experiments, it was also observed that the background 

green fluorescence signal due to media autofluorescence is not a function of the 488 nm laser 

current (Figure 3.24). This result indicated that cellular GFP fluorescence signals could be 

increased by increasing the 488 laser current, without incurring any additional background signal. 

As such the channel 2 parameter space was truncated to include only a single laser current, the 

maximum current, I488 = 76 mA.  

Figure 3.24. PMT 2 background signal from media autofluorescence is not a function of 488 nm 

laser current. Data collected during LIF detection of droplets containing media and channel 1 

reference dye. m, slope of fit curve. 

In subsequent experiments, the channel 2 parameter space corresponding to regime 2 was 

assessed. Regime 2 promises superior signal from fluorescent cells as it corresponds to the region 

of high detector gain and noise filter. However, in this regime, every droplet registers a non-zero 
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channel 2 PMT signal, thus, a method to separate biotic from abiotic data was required. To address 

this issue, we explored a method to divide datasets binarily using a fixed cutoff value. In this 

method, any droplet registering a channel 2 signal below the cutoff value was eliminated as noise. 

The efficacy of the cutoff value was then assessed by comparison of biotic data counts to an image 

analysis control, as done previously in Figure 3.23. The cutoff value thus represents an additional 

dimension to channel 2’s parameter space. Figure 3.25 shows the result of a channel 2 optimization 

experiment, in which we conducted LIF on droplets loaded with single cells, before (Figure 3.25A) 

and after (Figure 3.25A) a 5-hour growth period. In this experiment we surveyed a 288-node 

parameter space consisting of 6 channel gain values, 6 noise filter values and 8 binary cutoff 

values, while keeping the laser current set to its max. In Figure 3.25C, each of the 8 plots is specific 

to a channel 2 binary cutoff value for abiotic data elimination. Each plot shows two surfaces, a 

lower surface corresponding to channel 2 LIF signals at time = 0 hours, and an upper surface 

corresponding to channel 2 LIF signals at time = 5 hours of incubation. The GFP fluorescence 

signals in channel 2 function as the assay readout, and are plotted on the z-axis against gain and 

noise filter. Each individual data point on a surface is the mean PMT 2 signal from a subset of 

droplet LIF data collected at that node in the parameter space, after abiotic data elimination. It can 

be seen that separation of growth from non-growth values is superior in the region corresponding 

to gain = 58-60 and noise filter = 8-12 kHz, as discerned by the superior separation of the two 

surfaces in this region. Moreover, the effect of the increasing cutoff value can be discerned: in the 

first row of plots, the cutoff value is too low for some conditions in the parameter space, and the 

time = 5 hours surface appears crumpled. This is due to the errant inclusion of abiotic data in the 

final dataset, which have low GFP signal and reduce the average channel 2 signal. Figure 3.26 
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shows a comparison of biotic data counts between image analysis and LIF data with binary cutoff 

applied, from the same experiment as Figure 3.25. Each column of plots is specific to a timepoint, 

with channel 2 binary cutoff value increasing across successive rows within the column. Each 

individual plot shows the calculated biotic fraction against PMT 2 gain, and the green shaded 

region again corresponds to the biotic fraction enumerated by image analysis, +/- 95% confidence 

interval. Thus, the regions where black data intersect the green shaded region indicate agreement 

between the two biotic data counting techniques, and accurate elimination of abiotic data by binary 

cutoff division. It is notable that so many more conditions produce agreement between the biotic 

data counting techniques for time = 5, than for time = 0. This is likely because at time = 5 hours, 

the average biotic droplet has become filled with GFP-producing E. coli, and is readily 

distinguishable from an abiotic droplet at a variety of nodes within the channel 2 parameter space. 

With these results, we defined the channel 2 functional parameter space as the region 

corresponding to gain = 58-60, noise filter = 8-12 kHz, I488 = 76 mA and channel 2 binary cutoff 

= 0.02 – 0.05 V.  
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Figure 3.25. Channel 2 optimization in regime 2. A and B, representative fluorescence images of 

droplets at time = 0 and 5 hours, respectively. C, droplet LIF data in channel 2 as a function of 

noise filter, PMT 2 gain and channel 2 binary cutoff value. Each of the 8 plots is specific to a 

cutoff value. Upper surface, time = 5 data, lower surface, time = 0 data. Each point on a surface 

corresponds to the mean value of the dataset collected at that node of the parameter space, with 

abiotic data eliminated according to the specific cutoff value.  
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Figure 3.26. Assessment of binary cutoff value efficacy. Each individual plot shows the biotic 

fraction detected vs PMT 2  gain, for the binary cutoff value listed left. Left column, time = 0 LIF 

data, right column, time = 5 hours. Green shaded region indicates the biotic fraction enumerated 

by image analysis, thus, accuracy of binary division of LIF data is indicated when the black data 

intersects the green region. 

Channel 1 and 2 co-optimization 

The previous experiments concerning channel 2 optimization were conducted with a red, 

channel 4 reference dye, so that channel 2 could be optimized before the introduction channel 

cross-talk by the reference dye. To co-optimize channels 1 and 2, we conducted a similar 

experiment to the channel 2 individual optimization, with a multichannel parameter space of 

greater complexity. The multichannel parameter space was 4-D, consisting of dimensions 
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corresponding to 405 nm laser current, channel 2 gain, noise filter, and channel 2 binary cutoff 

value. However, each dimension was drastically reduced in number of values, owing to previous 

single-channel optimization phases. In this experiment we generated droplets containing CAMHB 

media, 100 nM AlexaFluor 405 reference dye, and single GFP-E. coli cells at ~10% loading rate. 

Fluorescence signals in channels 1 and 2 were detected coincidentally from the droplet samples, 

before and after a 5-hour growth period. During LIF detection, we collected data at each node of 

the 4D multichannel parameter space, to probe for regions of preserved functionality in the two 

channels once they were combined.  

Figure 3.27. Screenshot of LabView LIF detection window during channel 1 (blue) and 2 (green) 

co-optimization, showing background fluorescence signal in channel 2. Droplets containing a 

single bacterial cell can be discerned as high-amplitude green peaks, while empty drops all contain 

a background level of green fluorescence signal. 

Figure 3.27 shows a screenshot of the LabView detection window during LIF. Regular blue 

reference dye peaks as well as green background fluorescence peaks in every droplet, are clearly 

discernible. Moreover, biotic droplets are easily distinguished by their increased GFP signal. 

Figure 3.28 contains surface plots of the time = 0 and 5 hours GFP channel intensities, as a function 
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of PMT 2 gain and noise filter value. As in Figure 3.25, the lower surface corresponds to time = 0 

hours, and each plot is specific to a channel 2 binary cutoff value. As expected, the separation of 

time = 5 from time = 0 growth data is again best in the region of high gain and noise filter. 

Moreover, the accurate elimination of abiotic data was maintained, as can be seen in Figure 3.29. 

We note that the range of viable cutoff values increased slightly in value upon the introduction of 

a reference dye in channel 1, from 0.02 – 0.05 V to 0.04 – 0.06 V. This makes sense intuitively: 

increasing the amount of background signal in channel 2 by increasing the fluorescent content of 

channel 1, should result in a higher binary division value to separate background signals from 

assay signals. At this stage we elected to control the noise filter value, to simplify proceeding 

optimization experiments in channels 3 and 4. Of the available range, 8-12 kHz, we opted for the 

median value, 10 kHz.  
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Figure 3.28. Channel 1 and 2 co-optimization. A, B, representative fluorescence images of droplets 

at time = 0 and 5 hours, respectively. C, droplet LIF data in channel 2 as a function of noise filter, 

PMT 2 gain and channel 2 binary cutoff value. Each of the 8 plots is specific to a cutoff value. 

Upper surface, time = 5 data, lower surface, time = 0 data. Each point on a surface corresponds to 

the mean value of the dataset collected at that node of the parameter space, with abiotic data 

eliminated according to the specific cutoff value. As expected, separation of growth from non-

growth values is maintained at high laser and gain values after channels 1 and 2 were combined. 
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Figure 3.29. Assessment of binary cutoff value efficacy after channels 1 and 2 were combined. 

Each individual plot shows the biotic fraction detected vs PMT 2  gain, for the binary cutoff 

value listed left. Left column, time = 0 LIF data, right column, time = 5 hours. Green shaded 

region indicates the biotic fraction enumerated by image analysis, thus, accuracy of binary 

division of LIF data is indicated when the black data intersects the green region. These data 

indicate that accurate elimination of abiotic data was maintained after combination of channels 1 

and 2.  
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Channel 3 optimization 

Channels 3 and 4 were used for a spectral barcoding channel, which represents an 

application of moderate requirements. For each barcoding channel, we aimed to generate 6 

barcodes by loading droplets with a single AlexaFluor dye in 6 concentrations. In this way, 36 

barcodes can be generated by pairwise combination of the two dyes in 6 concentrations each. Thus 

the requirements of each spectral barcoding channel were that the 6 unique fluorescence signatures 

are readily distinguishable from each other, with good separation between barcoded data clusters. 

In early attempts to impart fluorescence barcodes onto droplets, it was observed that unique 

fluorescence signatures are readily distinguishable when the entire range of the detector is utilized. 

This result was reproduced during channel 3 optimization experiments. In these experiments, a 

parameter space consisting of 3 laser powers and up to 5 gain settings was explored. A mixed 

droplet sample was generated, consisting of 6 subpopulations of droplets, containing 0, 70, 176, 

316, 492 and 700 nM AlexaFluor 568, with channel 1 reference dye. To optimize detection of the 

6 unique barcode signatures, we conducted LIF on the mixed droplet population while scanning 

the individual channel parameter space. Figure 3.30 shows the results of this examination. By 

visual inspection, it can be discerned that the 6 individual data clusters are more easily 

distinguished in the region of higher laser power and gain. To demonstrate facile clustering of the 

data into 6 clusters based on AlexaFluor 568 signal, we conducted DBSCAN data clustering [138] 

on the dataset corresponding to P561 = 30 mW, gain = 74 and noise filter = 10 kHz (Figure 3.31). 

Figure 3-31A shows the non-clustered, raw barcode channel histogram of PMT signals, and Figure 

3.31B shows the clustered result. The DBSCAN clustering algorithm accurately identifies the 6 

barcoded clusters of data, and less than 2% of the total data is eliminated as noise.  
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Figure 3.30. Channel 3 optimization. A droplet sample consisting of 6 subpopulations of unique 

AlexaFluor 568 concentration was detected by LIF while varying detection parameters controlling 

channel 3. By visual inspection, 6 unique fluorescence barcodes are most readily distinguishable 

at high gain and laser powers.  

Rather than establish a functional parameter space for this channel, it was instead decided 

that the channel 3 and 4 co-optimization phase should be conducted first, to establish if an 

individual functional parameter space was necessary. The most likely problem to arise would be 

cross-talk from channel 3 fluorophores into channel 4. During attempts to use channel 4 as a 

reference dye, it was observed that channel 3 to 4 cross-talk is considerable (Figure 3.19). 

However, this is of greater concern if channel 4 is used as a reference dye, than if it is used as a 

barcoding dye. In experiments prior to this work, we have managed cross-talk between channels 

in a two-color barcoding schema by background subtraction, and it was expected that this same 
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treatment could be applied here. Thus, we planned to use the combination of parameters shown in 

Figure 3.31B in the proceeding co-optimization phase, and proceeded to channel 4 optimization.  

Figure 3.31. DBSCAN clustering analysis of AlexaFluor 568 barcodes in droplets. A, raw PMT 

signal histogram for a single dataset from channel 3 optimization experiment. B, same dataset as 

A, grouped by cluster identified by DBSCAN analysis.  

Channel 4 optimization 

The procedure to optimize channel 4 was identical to the procedure used to optimize 

channel 3. However, channel 4 was reduced in constraints, as it has no neighboring channel of 

higher wavelength into which to cross-talk. Thus, it was expected that maximum laser and gain 

settings could be used to promote separation of barcoded data clusters, without cross-talk penalty.  

As expected, the regions of channel 4 parameter space corresponding to high gain and laser 

setting produced readily distinguishable barcode clusters (Figure 3.32). To demonstrate facile 

clustering of the data into 6 clusters based on AlexaFluor 647 signal, we conducted DBSCAN data 

clustering on the dataset corresponding to the highest gain and laser settings. The results are shown 

in Figure 3.33, where the raw barcode channel histogram shown in Figure 3.33A was accurately 

clustered into the 6 subpopulations shown in Figure 3.33B, and less than 1% of data was eliminated 
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as noise. Rather than establishing a functional parameter space, we instead planned to use these 

highest gain and laser settings in the co-optimization phase.  

Figure 3.32. Channel 4 optimization. A droplet sample consisting of 6 subpopulations of unique 

AlexaFluor 647 concentrations was detected by LIF while varying detection parameters 

controlling channel 4. 6 unique fluorescence barcodes are most readily distinguishable at high gain 

and laser powers. 

Channel 3 and 4 co-optimization. 

The procedure to establish working conditions to detect AlexaFluor 568 and 647 barcoding 

dyes coincidentally was not so much an optimization procedure, as an experiment to verify 

maintained functionality in both channels once combined. For this experiment, the barcoding dyes 

in 6 concentrations each were combined pairwise to generate 36 unique 2-color fluorescence 
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barcodes. A library of droplets was generated which consisted of 36 uniquely barcoded 

subpopulations, and LIF was conducted on the droplet library. Prior to the experiment, a 4D 

multichannel parameter space was constructed, with dimensions corresponding to 561 nm laser 

power, 642 nm laser current, and both channel gains. However, it was found that channel 

bifunctionality is preserved by the conditions identified during individual channel optimizations 

corresponding to maximum laser and gain settings. Thus, the 4D multichannel parameter space 

was not examined. The results of this experiment are shown in Figure 3.34. Figure 3.34A shows a 

fluorescence image of the droplet library in both barcoding channels, and Figure 3.34B shows a 

scatter plot of the raw PMT signals in the barcoding channels. The cross-talk from channel 3 to 4 

can be discerned, as the PMT 4 signal is a function of PMT 3 signal. However, the discrimination 

of 36 unique barcode clusters was not affected by this cross-talk. Figure 3.34C shows the result of 

DBSCAN clustering, in which 36 unique clusters comprising over 99% of the total data were 

identified. Data which were not clustered are plotted as red X’s.  

Figure 3.33. DBSCAN clustering analysis of AlexaFluor 647 barcodes in droplets. A, raw PMT 

signal histogram for a single dataset from channel 4 optimization experiment. B, same dataset as 

A, grouped by clusters identified by DBSCAN analysis.  
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Figure 3.34. Detection of 2-channel fluorescence barcodes. Two barcoding dyes in 6 

concentrations each were combined pairwise to generate 36 unique 2-color fluorescence barcodes 

in droplets. A, fluorescence image of the droplet library. B, scatter plot of PMT signals in the two 

barcoding channels. C, DBSCAN clustering analysis of the same data in B. The clustering 

algorithm readily identifies 36 subpopulations of droplets comprising over 99% of the total data. 

Non-clustered data plotted as red X’s.  

Simultaneous 4-color fluorescence detection of 

microfluidic droplets enables a multiplexed microbial 

growth assay. 

We designed a multiplexed droplet microbial growth assay, to show proof-of-concept of 

the utility of our multicolor droplet fluorescence detection setup. In this assay, single microbial 

cells were loaded into a library of droplets encoded with 2-color fluorescence barcodes, and LIF 

was conducted on the droplet library at time = 0 and 5 hours of incubation. The resulting datasets 

contain data from a mixture of abiotic and biotic droplets, from all 36 barcoded subpopulations. 

Below, we will demonstrate the data processing procedures implemented to assay microbial 

growth across 5 hours, for each of the subpopulations of droplets.  

Figure 3.35 shows the data quality filtration process based on droplet time inside, for the 

time = 0 (Figure 3.35A-C) and time = 5 hours (Figure 3.35D-F) datasets. Figures 3.35A and 3.35D 

show time inside vs droplet number in chronological order for the whole, unfiltered datasets. 

Coalesced and sheared droplets are discernible as the regions of low data density above and below 
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(respectively) the central bands of greatest data density. In Figures 3.35B and 3.35E, the dynamic 

gating MATLAB program has been applied to draw the data density contour lines. The outermost 

green contour defines the dynamic gate; droplet data which falls outside this perimeter was 

eliminated from the dataset. Figures 3.35C and 3.35F show time inside vs droplet number of the 

filtered datasets. This filtration process was repeated on the once-filtered datasets, using reference 

dye signal as the filtration criterion (Figure 3.36). Figure 3.36A-C correspond to time = 0 hours 

and Figures 3.36D-F correspond to time = 5 hours datasets. As seen in Figures 3.36A and 3.36D, 

which show plots of reference dye PMT signal vs droplet number from the once-filtered dataset, a 

significant amount of undesired data was already eliminated by filtration based on time inside. As 

in Figure 3.35, Figures 3.36B and 3.36E show the reference dye vs droplet number heatmaps with 

dynamic gating program applied, and Figures 3.36C and 3.36F show the same plot, from the 

filtered datasets. The double filtration process resulted in the elimination of 11.52% and 14.24% 

of total data points, from the time = 0 and 5 hours datasets, respectively.  
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Figure 3.35. Data filtration based on time inside measurements, of whole mixed datasets. Top row 

corresponds to time = 0 hours data, bottom row, time = 5 hours. A, D, time inside vs droplet number 

in chronological order. B, E, the dynamic gating MATLAB program applied to the same plots as 

in A and D, to define the data quality gate. C, F, time inside vs droplet number for the filtered 

datasets.  

 

Figure 3.36. Reference dye-based filtration of mixed datasets. Top row corresponds to time = 0 

hours data, bottom row, time = 5 hours. A, D, reference dye signal vs droplet number in 

chronological order. B, E, the dynamic gating MATLAB program applied to the same plots as in 

A and D, to define the data quality gate. C, F, reference dye signal vs droplet number for the filtered 

datasets.  
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The elimination of abiotic data from the twice-filtered datasets is detailed in Figure 3.37. 

Figures 3.37A and 3.37C show histograms of PMT signals in the cell growth channel, with 

representative fluorescence images of the droplets shown in the insets. The channel 2 binary 

division value was established by visual inspection of the histograms. Each histogram contains 

several bins near 0 on the x-axis which account for approximately 80% of the dataset. Moreover, 

these bins occupy the region of PMT 2 signal = 0 – 0.05 V, which corresponds to the range of PMT 

2 signals from abiotic droplets established during the channel 2 optimization phase. As such, we 

speculated that abiotic data could be eliminated from the datasets by elimination of the abnormally 

tall bins. The binary division value is shown in Figures 3.37B and 3.37E, which show a zoomed 

in region of the same histograms in Figures 3.37A and 3.37D, respectively. A red dashed line is 

plotted along the binary division values for each dataset, which corresponded to PMT 2 signal = 

0.03 and 0.04 V for time = 0 and 5 hours, respectively. The accuracy of this binary division process 

is reported in Figure 3.37C and 3.37F. In each figure, the difference between the biotic fraction, 

F+, counted by image analysis and binary division of LIF datasets is reported as ΔF+ = F+, image – 

F+, LIF, as a raw percentage. The error bar corresponds to the 95% confidence interval calculated 

for the image analysis control value. This result indicates excellent agreement between the two F+ 

counting methods, and accurate elimination of abiotic data using the binary division method.  

Clustering of the filtered, biotic datasets into 36 subpopulations based on fluorescence 

barcode signatures is demonstrated in Figure 3.38. Scatter plots of PMT signals in channels 3 and 

4 are shown in Figures 3.38A and 3.38C, for time = 0 and 5 hours, respectively. Figures 3.38B and 

3.38D show the results of the DBSCAN-based clustering in MATLAB. In each case, the clustering 
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algorithm identifies 36 clusters based on fluorescence signature, comprising over 97% of the data. 

Data which were not clustered, and subsequently were eliminated as noise, are plotted as red X’s.  

Figure 3.37. Elimination of biotic data by binary division. A, D, GFP fluorescence histograms for 

time = 0 and 5 hours, respectively. Insets show representative fluorescence images of the droplets. 

B, E, zoom of A and D, respectively. Red dashed line indicates the binary division value. Droplets 

with PMT 2 signal less than the division value were marked as abiotic and eliminated from the 

datasets. C, F, assessment of binary division accuracy. Difference in biotic fraction, ΔF+, 

enumerated by image analysis and by droplet LIF with binary division. ΔF+ = F+, image – F+, LIF. 

Error bar corresponds to 95% confidence interval calculated for the image analysis control value.  

In Figure 3.39, we show endpoint growth analysis for each of the 36 subpopulations of 

droplets. Each subplot in Figure 3.39 is specific to one of the 36 barcoded subpopulations of 

droplets, and histograms of cellular GFP fluorescence are shown for time = 0 (blue) and time = 5 

hours (red). As established during channel 2 optimization, excellent separation of growth from 

non-growth values can be discerned. In this proof-of-concept assay, the same experimental growth 
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condition was encapsulated into each of the 36 subpopulations of droplets, namely, growth media. 

However in the future, this platform could be used to assay a panel of 36 unique experimental 

conditions in droplets, such as antimicrobial dilution series.  

Figure 3.38. DBSCAN clustering of droplet the droplet library at time = 0 (top row) and 5 hours 

(bottom row). A, C, scatter plots of PMT signals in the two barcoding channels. B, D, results of 

DBSCAN clustering. Non-clustered data are plotted as red X’s. 

The assay shown here represents the culmination of the procedures developed in this thesis 

chapter: from mixed, multi-channel droplet fluorescence datasets, we (1) eliminated noise using 

dynamic gating of time inside and reference dye measurements, (2) eliminated data corresponding 

to abiotic droplets using a channel 2 binary division value, (3) clustered the data into 36 
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subpopulations based on 2-color barcode signals, and (4) conducted endpoint growth analysis on 

each of the 36 subpopulations of droplets. We achieved simultaneous detection of droplet reference 

dye, cell growth, and 2-color fluorescence barcode signals, which was only made possible by the 

step-wise optimization procedures detailed previously.  

Figure 3.39. Endpoint growth analysis of the 36-plexed droplet library. Each plot shows histograms 

of PMT signals for time = 0 hours (blue) and 5 hours (red), for each of the 36 barcoded 

subpopulations of droplets, with abiotic data eliminated. In this proof-of-concept assay, there is no 

difference in the test condition of each subpopulation. In the future, experimental conditions such 

as antimicrobials could be tested in parallel using this technique. 

Conclusions 

The power of droplet microfluidics is realized in flowing droplet LIF assays, in which 

microfluidic droplets, acting as single-cell microreactors, are analyzed at ultrahigh-throughput. 

However, the analysis of flowing droplet samples presents several key challenges, including robust 

assembly of optical equipment to deliver optimized laser beams to the droplet sample, stable 
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reinjection of emulsion samples, data quality assurance, and reliable acquisition of multiplexed 

droplet signals. In this thesis chapter, we provided tutorials for navigating these challenges.  

The first step in any droplet LIF application is the delivery of a laser beam to a flowing 

droplet sample. Without requisite alignment and beam shaping operations, the laser beam which 

exits a microscope objective might contain aberrations. The possibilities for deterioration of 

droplet LIF are myriad: simultaneous detection of two droplets in sequence, spatiotemporally 

separated beam spots of different laser wavelength,  reduction in fluorescence signal by attenuated 

laser beam power or off-axis excitation of droplets, to name a few. To safeguard against these 

artefacts, we developed and outlined here a stepwise procedure to shape and align laser beams 

before delivery to the microscope objective. The procedures are robust, and can be conducted with 

off-the-shelf optical components by persons without prior optical training.  

Reinjection of emulsion samples for flow-based analysis is a known point of droplet-based 

experimental failure [128]. Even when droplet reinjection has been optimized to reduce droplet 

instabilities, some degree of low-level droplet coalescence and/or breakup is virtually inevitable. 

In response to this, we detailed a method to encode microfluidic droplets with a standardized 

fluorescent reference dye condition, which can be used as a data quality signature. We reported 

tutorials on how to use this standard fluorescence signature to conduct data quality control by 

eliminating data corresponding to droplets of incorrect size or reference dye intensity. Moreover, 

we reported on non-intuitive factors which influence measurements of droplet size and 

fluorescence intensity in our system. The techniques reported are facile and could facilitate the 

acquisition of high-quality droplet data by future experimenters.  



99 

 

Last, we outlined a rational method to optimize the detection of multiplexed fluorescence 

signals from flowing droplets. In theory, the method could be used to optimize the use of any 

fluorophore as an assay readout. The process of identifying performance criteria and establishing 

an available parameter space, followed by systematic assessment of performance within the 

parameter space, enabled step-wise, bottom-up construction of a multiplexed droplet bioassay. The 

method can serve as a blueprint for future experimenters hoping to detect biological assays at 

ultrahigh-throughput from microfluidic droplets. 

Droplet microfluidics can enable impactful discoveries via ultrahigh-throughput single cell 

biological analyses. Therefore, society stands to benefit greatly from the continued proliferation 

of microfluidics-based techniques. As microfluidic methods spread further from microfluidics-

specific laboratories, the translation of existing biological assays into microfluidics-based assays 

is a challenge which must be addressed. Taken together, this chapter serves as a step-by-step guide 

to developing flow-based bioassays in microfluidic droplets. It is our hope that this thesis chapter 

might facilitate the development of novel assays conducted in microfluidic droplets. 
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Abstract 

 Antibiotic resistant bacteria have emerged as a critical and growing challenge for public 

health systems, responsible for millions of infections and tens of thousands of deaths annually in 

the US alone. In clinics, susceptibility profiles of offending microbes are assessed using techniques 

such as broth dilution. These standardized techniques are invaluable to clinicians and society, 

however, suffer from long time-to-assay on the order of 18-72 hours, and fail to detect phenotypic 

heterogeneities present within an infection. These shortcomings have resulted in rampant misuse 

of antibiotics, compounding antimicrobial resistance (AMR)- related problems. As such, there is 

an urgent need of novel techniques to rapidly assess microbial antibiotic response with single-cell 

resolution. Among recent innovations, drop-based microfluidics (DBMF) has been used for 

ultrahigh-throughput examination of single-cell growth responses to antibiotics. However, current 

microfluidics techniques are hindered by experimental complexity, and limited ability to assay 

whole panels of antimicrobials in parallel, a necessary feature of AST. In this work, we present a 

droplet-based AST platform that addresses these challenges. To solve the issue of multiplexing, 

we use a plate-interfacing, parallel encapsulation chip (PIPE chip) which emulsifies an entire panel 

of antimicrobials from a well plate, into a multiplexed library of single-celled droplets. The 

droplets are spectrally barcoded to enable parallel analysis of the droplet library. Droplet barcodes 

encoding experimental conditions, as well as droplet growth values, are recorded coincidentally at 

kHz rates on a flow-based, laser-induced fluorescence (LIF) assay readout module. We 

demonstrate our platform by monitoring the growth response of single E. coli cells in droplets 

against a panel of 36 antibiotic conditions, comprising 6 antibiotics of varying class. In a single 8-

hour working day we collect ~150,000 single-cell growth readings, and output quantitative metrics 
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of population susceptibility and phenotypic heterogeneity in response to each of the 6 antibiotics. 

One of the major challenges in widescale heteroresistance and AMR surveillance is a technique 

which can rapidly assay many thousands of single cell replicates, against a multiplexed panel of 

antimicrobials; our platform represents an example solution to this challenge. 

Introduction 

Antibiotic resistant bacteria are an immediate threat to global health [139, 140]. The US 

Centers for Disease Control and Prevention (CDC) reports approximately 3 million infections 

caused by antibiotic resistant bacteria annually in the US, resulting in over 48,000 deaths; this 

death toll is predicted to rise to 10 million annually by 2050 [141]. In clinical settings, 

antimicrobial susceptibility testing (AST) is conducted by monitoring changes in optical density 

(OD) of a bacterial colony in response to antibiotics, using techniques including broth dilution, 

agar dilution, and disk diffusion [14, 139]. Importantly, these techniques output the minimum 

inhibitory concentration (MIC) of antimicrobial required to prevent growth, which has become the 

standard in communicating the susceptibility level of an isolate. These techniques suffer from long 

assay time on the order of 18-72 hours, which can produce negative effects on patient outcomes 

by delaying effective, patient-tailored care. Before susceptibility results are available, clinicians 

apply broad-spectrum antibiotics which can exacerbate antimicrobial resistance (AMR)-related 

problems by selecting for resistant strains.  

Standard AST techniques are population-level analyses which fail to capture phenotypic 

heterogeneities present at the single-cell level [142, 143]. Bacterial phenotypic heterogeneity has 

become a subject of increasing interest within the field of AST as it is implicated in the spread of 

AMR and poor antibiotic therapy outcomes [23-30]. Resistant subgroups can evade eradication by 
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antibiotics resulting in chronic, recurrent infections, and contributing to AMR. The presence of a 

resistant subgroup within a population of presumed isogenic, susceptible bacteria has been termed 

heteroresistance, and this phenotype has been documented in a variety of medically relevant 

pathogens [31-34]. The reference standard assay for detecting heteroresistance is population 

analysis profiling (PAP), which involves interrogation of the isolate by serial 2-fold dilutions of 

antimicrobial [35-37]. However, PAP is extremely labor- and time-intensive compared to standard 

broth dilution, as it relies on counting colonies on agar plates, rather than multiplexing antibiotic 

dilution series using microtiter plates. Curiously, despite the concern over heteroresistance-related 

clinical complications, the relationship between heteroresistance and clinical outcome remains a 

matter of some debate [32, 34, 38]. The absence of a routine heteroresistance testing procedure 

has led to limited data on heteroresistance in the literature. Moreover, inconsistent definitions for 

heteroresistance have led to susceptibility misclassifications and confusion. The technological 

shortcomings of standard AST and heteroresistance assaying techniques have resulted in repeated 

misuse of antibiotics in society. As such, there is an urgent need for rapid, precise AST techniques 

which can also assay heteroresistance. 

Recently, AST techniques based on single-cell analysis have shown promise in advancing 

AST capabilities [43-46, 50, 99]. Interrogation of single cells enables sensitive detection of early 

bacterial divisions and expedited AST results, as well as description of cell-cell heterogeneities. 

Among many recent technological advances, drop-based microfluidics (DBMF) has emerged as a 

powerful tool for characterizing bacterial response to antibiotics with single-cell resolution [50, 

70-74, 77, 81, 83-85, 89, 91-93, 144]. In DBMF, biological samples are compartmentalized into 

micron-scale water-in-oil emulsions, enabling ultrahigh-throughput analysis of single cells. This 
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feature of DBMF has enabled the analysis of thousands of single cells within a population, enabling 

the description of phenotypic heterogeneities. However, infrastructure for multiplexed droplet 

experiments is poor. This is a specific concern for microfluidic AST, as AST platforms must test 

entire panels of antibiotic dilution series in parallel to output a MIC and deduce a best therapy 

route over a reasonable timeframe. Several reports have achieved parallelized testing of 

antimicrobials in microfluidic droplets, though only by way of complicated device and 

experimental designs, which prohibit proliferation of the techniques [80]. So far, the greatest 

degree of multiplexing has been achieved by serial emulsification of individual experimental 

conditions [76, 81, 83, 91]. Computer-controlled, valve-operated sample mixing modules in 

microfluidic chips, and so-called “cascaded” device designs have automated some of these steps. 

However, in these platforms the problem of multiplexing is solved by introducing complicated 

device and/or experimental designs, which could impede their widespread use by untrained 

personnel. Kim et al. reported a method of parallel emulsification of an antibiotic dilution series, 

though it could only generate 8 droplet populations at once, and relied on mixing fixed cell and 

antibiotic inputs in varying proportions, and could thus be introducing inoculum effects [78].  

To avoid multiple-cell-encapsulation events, single-cell bioassays are typically conducted 

in droplets by encapsulating cells at approximately 10-20% rate. This loading process is governed 

by Poisson statistics, and produces droplet samples of mostly abiotic droplets, so that the biotic 

fraction of droplets are primarily single-celled [146]. This can present a problem during data 

analysis if the delineation between biotic and abiotic data is unclear. In many droplet AST 

platforms, only vigorous-growth droplets are detectable, and abiotic droplets are classified together 

with single- and few-celled droplets [83, 89, 91, 92]. In other cases, a biotic droplet is identified 
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by the fluorescent signal of a metabolism indicator such as resazurin, and all such droplets are 

classified together as growth droplets [74, 81, 84, 85]. These assay schemas constitute digital 

assays in which droplets are binned binarily as positives (1’s) or negatives (0’s), and the readout is 

an enumeration of the positive droplets. The utility of digital AST platforms comes from the 

quantification of the viable fraction within the analyzed sample, but information regarding cell-

cell growth heterogeneity is generally lost. By contrast, growth of individual bacterial cells has 

been shown to be a stochastic process, where single seeded cells grow dynamically along a path 

from 0 to 1 [147, 148]. To reduce a droplet AST assay to digital is to ignore these growth dynamics 

entirely. Lu et al. demonstrated an automated approach to counting fluorescent cells in flowing 

microfluidic droplets, but it relied on acquiring a fluorescent image of the droplets concurrent with 

droplet fluorescence detection, and was not used to assay growth [146]. Kim et al. used their 

platform to detect heterogeneous growth in response to antibiotics in droplets [78]. However, it 

relied on an image analysis pipeline, and their method only allowed for ternary binning of growth 

readings as growth, non-growth or intermediate. 

Here, we present a droplet-based approach to AST and heteroresistance assaying which 

achieves multiplexing with facile techniques and devices, and automatically detects single cells in 

droplets, enabling high-resolution description of growth values. This work was driven by our 

hypotheses that (1) a microfluidics chip which directly emulsifies biological samples arranged in 

a microtiter plate could facilitate multiplexed droplet susceptibility testing, (2) that signal detection 

from microfluidic droplets could be optimized to detect single cells and (3) these technological 

advances could be combined into an integrated platform, enabling high-resolution measurements 

of single-bacterial-cell growth responses against a multiplexed panel of drugs, at ultrahigh-
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throughput. We use our previously reported plate-interfacing, parallel encapsulation chip (PIPE 

chip) to rapidly emulsify antibiotic dilution series from a well plate, into a multiplexed library of 

droplets [137]. We implement a spectral barcoding method [64, 75, 83] to encode the experimental 

condition of each droplet, allowing parallel analysis of the entire droplet library. Biotic droplets, 

even single-celled droplets, are identified from mixed datasets programmatically, allowing high-

resolution description of heterogeneous growth response and growth processes in droplets. Droplet 

signals are detected in an automated, flow-based data collection module, which relies detection of 

photonic signals from droplets, rather than image analysis pipelines. Thus, the only manual 

operations are the pipetting of reagents into the microtiter plate for emulsion preparation, and 

injection of the droplet library into the data collection module. In this work, we generate AST 

results after a 5-hour sample incubation, though our results suggest that as little as 1 hour will be 

sufficient in the future.  We demonstrate our platform by monitoring the growth response of single 

E. coli cells in droplets against a panel of 36 antibiotic conditions, comprising 6 antibiotics of 

varying class. In a single 8-hour working day we collect ~150,000 single-cell growth readings, 

conduct AST and calculate MIC values for each of the 6 antibiotics, and output quantitative metrics 

of heteroresistance. One of the major challenges in widescale heteroresistance and AMR 

surveillance is a technique which can rapidly assay many thousands of single cell replicates, 

against a multiplexed panel of antimicrobials. Our platform represents an example solution to this 

challenge, and will facilitate high-resolution characterization of heterogeneous bacterial responses 

to antimicrobials.  
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Materials & Methods 

Microfluidic chip fabrication. 

Microfluidic devices were cast in polydimethylsiloxane (PDMS) mixed 10:1 with curing 

agent. Microfluidic molds were fabricated using standard techniques in soft lithography [51, 121]. 

Cured PDMS slabs were plasma bonded in a Harrick PDC-001 plasma cleaner with O2 plasma at 

Poperating = 500 mtorr. The PIPE chip is composed of 3 unique PDMS layers bound together as 

previously reported [137]. The chip used for droplet detection was based on the design by Sciambi 

et al. [119], and was fabricated by plasma bonding to a glass microscope slide. All microfluidic 

devices were functionalized by flowing 1% vol/vol trimethoxy(1H,1H,2H,2H-tridecafluoro-n-

octyl)silane (CAS 85857-16-5, Tokyo Chemical Industry) dissolved in Novec HFE 7500 through 

the channels of the device by manual pushing through a syringe. The silane mixture was allowed 

to react at room temperature for 30 minutes before evaporation in a 65oC oven. 

Cell culture. 

 The night before experimentation, E. coli HB101(pMF230) was inoculated into 1x 

CAMHB supplemented with 100 μg/mL ampicillin for plasmid maintenance. On the day of 

experimentation, 100 μL of overnight culture was inoculated into 10 mL fresh CAMHB with no 

antibiotic and allowed to reach exponential phase for 90 minutes. After 90 minutes, the exponential 

phase culture was diluted to OD600 = 0.02 as measured on a PG Instruments T60 

Spectrophotometer and pipetted onto the well plate for emulsification by the PIPE chip.  

Microtiter plate preparation. 
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 All antibiotics and AlexaFluor barcoding dyes were purchased from Thermo-Fisher in 

powdered form and diluted in sterile MilliPure water. Stocks were prepared at 100x so that working 

concentration could be achieved by pipetting 1 uL of antibiotic or AlexaFluor stock into 100 uL 

total volume on a well plate. Each well received 98 μL OD 0.02 exponential phase E. coli 

suspension in CAMHB, 1 μL antibiotic stock and 1 μL barcode dye stock. The working 

concentrations of chemicals prepared in the wells of the plate are identical to the final 

concentrations contained within the emulsion.  

PIPE chip operation 

 PIPE chip operation protocols were described in previous work [137]. Briefly, the PIPE 

chip was connected to a sample-prepped 384-well plate via its stainless steel capillaries, and the 

plate-chip assembly was placed inside the pressure chamber. The continuous phase, Novec HFE 

7500 with 1.5% w/w PFPE-PEG-PFPE fluorosurfactant (RAN Biotechnologies), was pressurized 

in an external vessel. The pressures applied to the fluids, Pchamber and Poil, were ramped according 

to Table B.1. Once at operating pressure, the droplet collection tubing was fed into a waste stream 

for 2 minutes to ensure stable, developed flow. After equilibration, the droplet library sample was 

collected for 3 minutes into an Eppendorf tube or syringe.  

Droplet laser-induced fluorescence detection. 

 Droplet samples were reinjected into the detection channel and spaced by recycled HFE 

7500 with surfactant. Droplets and spacer oil were injected at 300 μL/hr and 700 μL/hr, 

respectively. The 4-color excitation laser was focused onto the flowing droplets by first focusing 

a 40x microscope objective onto the PDMS-glass interface, then shifting the focal plane upwards 

by half of the channel height. In this schema, the laser is focused on the vertical center of the 
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detection channel. Multi-color fluorescence signals from flowing droplets were collected through 

the microscope objective and directed through the rear epi port of the microscope, where the 

signals were split into 4 channels according to color, by dichroic mirrors. Four photomultiplier 

tubes (PMTs), one for each color channel, amplified the fluorescence signals, and output a voltage 

proportional to the incident fluorescent light. PMT voltages were digitized using a National 

Instruments PCIe-7852 FPGA card, and recorded by a custom LabView script. All fluorescence 

signals reported in this work correspond to the peak height of the output PMT voltage. 

Gaussian mixture modelling of mixed biotic and abiotic 

droplet datasets. 

 The Gaussian mixture model (GMM) MATLAB script was programmed to process whole 

datasets containing data from both biotic and abiotic droplets of all 36 barcoded subpopulations. 

Datasets were imported into MATLAB and visualized as a histogram of GFP intensities. GMMs 

were generated with MATLAB’s fitgmdist function with full, non-shared covariance matrix, and 

regularization value = 10-5. To eliminate abiotic data, we first assumed that the biotic droplets emit 

greater GFP fluorescence than abiotic droplets. The GFP dataset was then sorted by descending 

GFP signal and divided binarily according to the proportions of the two subpopulations specified 

by the GMM.  

GFP fluorescence antibiograms and MIC calculations. 

 Individual droplet GFP fluorescence intensities were first normalized by the average GFP 

fluorescence intensity observed in the no-antibiotic control (NABC). Then, 6 antibiograms (one 

for each antibiotic) were plotted as the mean normalized GFP intensity of each barcoded 

subpopulation against its natural log-transformed antibiotic concentration. Each antibiogram also 
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received a datapoint corresponding to the NABC and the time = 0 distribution. As these data do 

not have inherent antibiotic concentrations, we set the NABC equal to 0.1x the lowest 

concentration tested, and the time = 0 datum equal to 10x the highest concentration tested, for each 

individual antibiogram (Figure 4 white triangles and white circles, respectively). Then, a Gompertz 

function (Equation (1)) defined as: 

𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 (1):   𝑦 = 𝐴 + 𝐶𝑒−𝑒𝐵(𝑥−𝑀)
       

was fit to the antibiogram data using MATLAB’s lsqcurvefit function. The only boundary imposed 

on the fit curve was to the lower asymptote. As fully inhibitory antibiotic conditions still contain 

fluorescent cells, they register as non-zero PMT signals, so the lower asymptote of each fit sigmoid 

was bounded to be ≥ the lowest mean normalized GFP value observed in the dataset. R2 values for 

the curve fits were > 0.9 in all cases, and >0.98 in most cases. 

scMIC PDF and heteroresistance calculation. 

 The scMIC PDF, f ’(x), is the derivative of the curve fit to a plot of normalized viable 

fraction vs antibiotic concentration, f (x) [83]. To categorize individual droplets binarily as viable 

or non-viable, we defined a cutoff value equal to the mean normalized GFP signal at time = 0, plus 

two standard deviations. We assessed the validity of this cutoff value by applying it to the NABC 

population from all 10 biological reps and confirming its effect by visual inspection. In each 

experiment there is a small population (~1%) of cells that do not proliferate, even in absence of 

antibiotics. For all biological reps, dividing the NABC dataset according to the defined cutoff 

marked the proliferating droplets as viable, and the non-proliferating droplets as non-viable. A 

sigmoid was fit to the normalized viable fraction vs antibiotic concentration curves, defined as: 
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𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 (2):     𝑓(𝑥) =  
1

1 +  ( 
𝑥
𝑎  )𝑏 + 𝑐( 

𝑥
𝑎  )2𝑏 

 

where x is the antibiotic concentration and a, b, and c are the fit parameters which are iteratively 

solved for in MATLAB. Once the normalized viable fraction vs antibiotic concentration was fit, f 

‘(x) was solved for numerically, rather than analytically, as 

𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 (3):    𝑓′(𝑥𝑖) =  
𝑓(𝑥𝑖+1) − 𝑓(𝑥𝑖−1)

𝑥𝑖+1 −  𝑥𝑖−1
 

Last, the probability of observing a scMIC greater than or equal to a given concentration, c, is 

given by the definition of a probability density function: 

𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 (4):        𝑃(𝑠𝑐𝑀𝐼𝐶 ≥ 𝑐) =  ∫ 𝑓′(𝑥) 𝑑𝑥
∞

𝑐

 

Results & Discussion 

PIPE chip platform overview. 

The PIPE chip platform enables parallel analysis of a multiplexed panel of antibiotic 

conditions, against single microbial cells in microfluidic droplets. We tested our platform on E. 

coli HB101, a K-12 derivative, labeled with plasmid-encoded, constitutively-expressed green 

fluorescent protein (GFP) for detection of growth signals. The plasmid pMF230 contains ampR, a 

transcriptional regulator conferring resistance against β-lactams, to allow selection with ampicillin 

[149-152]. As such, the strain is expected to show varying degrees of resistance toward β-lactams, 

and unchanged physiology in response to other classes of antimicrobials.  
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Figure 5.1. PIPE chip platform overview. A) Droplet library generation. (i) Barcoded antibiotic 

solutions are prepared by pipetting into wells of a microtiter plate, along with a bacterial cells in 

media. (ii) The PIPE chip interfaces with the well-plate. (iii) the chip-plate assembly is placed in 

a pressure chamber, to drive fluidic flow from the wells into the device. HFE carrier oil used as 

the continuous phase is pressurized in an external vessel (not shown) (iv) In less than 10 minutes, 

a barcoded droplet library of ≈107 individual droplets is generated. Scale bars, 50 mm. B) Droplet 
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growth processes. (i) The droplet library incubates in a syringe or Eppendorf tube for up to 5 hours 

to allow microbial growth to proceed in droplets. (ii) – (iv) Example growth processes. Over the 

course of a few hours, a seeded cell will exhibit (ii) vigorous growth if it is resistant to the antibiotic 

in its droplet, (iii) intermediate growth if it has intermediate resistance and (iv) no growth if it is 

susceptible to the antibiotic. (v) Fluorescence images from a no-antibiotic growth control, 

representative droplets seeded with single cells and allowed to incubate for 0-5 hours.  Scale bars, 

50 μm.C) Multiplexed growth readout. (i) The incubated droplet library is reinjected into a flow 

channel, where the droplets pass under an interrogation laser in single-file. (ii) Fluorescence 

barcodes and (iii) GFP growth signals are detected from each droplet coincidentally, at over 2 kHz.  

The panel of experimental conditions to be emulsified into droplets is first prepared in the wells 

of a 384-well plate. Each well receives (1) a culture of exponential phase bacteria diluted to 

appropriate concentration in cation-adjusted Mueller-Hinton broth, (2) a unique antibiotic 

condition and (3) a unique fluorescence barcode composed of a 2-color combination of AlexaFluor 

568 and AlexaFluor 647 fluorescent dyes (Figure 5.1A, i). The PIPE chip contains an array of 

microfluidic dropmakers, which are fluidically connected to the wells of the microtiter plate by 

capillary tubes [137]. Upon mating the PIPE chip with the well-plate (Figure 5.1A, ii), the plate-

chip assembly is placed inside a custom-built pressure chamber (Figure 5.1A, iii), and the 

pressurized atmosphere of the chamber drives fluidic flow from the wells, upwards into the 

dropmaker array. During operation, the PIPE chip forms microfluidic droplets at approximately 

105 Hz. Using these procedures, we generate a library of ≈ 107 individual droplets, each containing 

one of 36 uniquely barcoded antibiotic conditions (Figure 5.1A, iv), in approximately one hour 

starting from a flask culture of bacteria. The droplets are 29-32 μm in diameter, with CV ranging 

from 1-4% (Figure 5.2A, B), and are loaded with cells at 10-20% loading rate, so that most droplets 

contain only a single microbial cell.  

Due to the artificial concentration of analytes provided by microfluidic droplets [84], 

microbial growth in droplets is easily discernible within a few hours. The formed droplet library 
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is first collected into an Eppendorf tube and incubates at 37oC, during which time microbial growth 

processes occur in droplets. Microbial growth and droplet GFP fluorescence signal correlate 

inversely to the susceptibility level of the seeded cell (Figure 5.1B, ii - iv). Fluorescence images 

taken hourly across a 5-hour growth process, using the model organism and in absence of 

antibiotics, are shown in Figure 5.1B, v. 

For laser-induced fluorescence (LIF) assay readout [61], the droplets are reinjected single-

file into a microfluidic flow channel, where they encounter an interrogation laser (Figure 5.1C, i). 

During LIF, individual droplet barcodes and growth readings are collected coincidentally, at 

approximately 2.1 kHz. The data are first grouped according to antibiotic condition, using the 

fluorescence barcode signatures of the droplets (Figure 5.1C, ii). Then during data analysis, we 

use a custom MATLAB script to programmatically discriminate between empty (abiotic) and 

celled (biotic) droplets. After elimination of abiotic droplet data, the growth response of each of 

the 36 sub-populations of cells toward their individual antibiotic conditions, is assessed (Figure 

5.1C, iii). In an average data collection phase, we generate >4,000 single-cell growth readouts, for 

each of the 36 barcoded antibiotic conditions, within a 15-minute detection period. 

The PIPE chip rapidly emulsifies antibiotic dilution series 

into a monodisperse droplet library. 

We use an iteratively-optimized pressurization protocol to generate droplet samples using 

the PIPE chip (Table B.1). We found that immediately jumping the two pressurized vessels from 

atmospheric pressure to operating pressure can result in undesired flow regimes and polydisperse 

droplet samples. Thus, a key feature of the operating protocol is the ramping to operating pressures 

over a few minutes. We found that the combination of final pressures, Pchamber = 2 PSIg and Poil = 
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3.5 PSIg, will produce the desired monodisperse, 29-32 μm diameter droplet library (Figure 5.2A, 

B). At operating pressures, the PIPE chip produces a ≈107-droplets sample (Figure 5.1A, iv) in 3 

minutes. The device can produce monodisperse droplet samples up to 40 μm in diameter at higher 

pressure ratio (Pratio = Pchamber / Poil). However, we found that generating droplet populations 

smaller than 30 μm comes at the expense of monodispersity. For example, we have operated the 

chip at Pratio = 1/3 to produce 25 μm droplets, with CV = 10%.  

As reflected elsewhere in literature [119], we find that monodispersity of the droplet sample 

is a critical feature for reliable droplet LIF. In a flow channel used for droplet fluorescence 

detection, a small droplet will catch up to a larger droplet, possibly resulting in their co-detection 

and obfuscating droplet signals. By contrast, a monodisperse droplet sample will flow 

monotonously down a detection channel, with equal spacing between droplets and stable droplet 

frequency. We find that droplets of different size emit different fluorescence signals from dissolved 

barcoding dyes, with fluorescence signal magnitude correlating directly to droplet size (Figure 

B.1). Our data show correlation, not causation, though it is conceivable that this phenomenon 

arises from geometric constraining of droplets in the flow channel: a larger droplet will be 

squeezed and elongate along the direction of flow, and experience a larger residence time 

(“exposure”) underneath the excitation laser. Also of note, a polydisperse droplet sample will have 

variable cell loading rates, with loading rate correlating directly to droplet size, given a fixed input 

bacterial concentration. This could produce unwanted inoculum effects in the larger, higher-

loading-rate droplet populations. While these effects are minimized in a monodisperse droplet 

sample, achieving monodispersity from tens of individual dropmakers is a major challenge. A 

solution, which we implemented in the PIPE chip, is to design the chip such that the fluidic 
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resistance of the fluid distribution channels is negligible compared to the resistance of the 

individual dropmaker units [153]. If designed otherwise, the fluid distribution channels impart a 

pressure drop onto fluid phases en route to the dropmaker units, and the individual dropmakers 

will operate with different flow rates, producing a polydisperse sample. 

Figure 5.2. PIPE chip performance metrics. A) Histogram of droplet diameters measured by 

microscopy after PIPE chip droplet library generation. Data from a single, representative 

experiment. B) Fluorescence image of barcoded droplets generated by the PIPE chip, taken from 

a representative experiment. C) 2D barcode scatter plot. On average, 92-99% of data are clustered 

into a barcode group by DBSCAN clustering algorithm. D) Average time = 5 GFP signal vs. 

barcode concentration from a representative AlexaFluor dye growth control experiment. Individual 

barcoded clusters show some variability after 5 hours growth, but it is random and unrelated to 

barcode condition. E) Pearson correlation statistics, r, and associated P-values for 4 biological reps 

of AlexaFluor dye growth control. F) Duplicate testing for interdrop transport of the multiplexed 

antibiotic panel. For the control value, reporter drops were incubated next to bacterial media drops. 

For the test value, reporter drops were incubated next to the multiplexed panel of antibiotic 

droplets. Alignment of test and control values after 4 hour growth period indicates negligible 

interdrop transport of antibiotics. 
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Two-color AlexaFluor dye barcodes encode experimental 

conditions in microfluidic droplets.  

To assay a panel of antibiotic conditions in microfluidic droplets in parallel, we implement 

a method to spectrally encode each droplet according to its antibiotic condition. Each spectral 

barcode is a 2-color combination of AlexaFluor 568 and AlexaFluor 647 dyes in predetermined 

concentrations. To barcode droplets, the barcoding dyes are simply diluted to working 

concentration into microwells during the microtiter plate preparation step. The dye concentrations 

of droplets formed from a particular well are identical to the concentrations prepared in the well. 

To generate 36 fluorescence barcodes, each individual dye is present in 6 unique concentrations: 

0, 70, 176, 316, 492 and 700 nM. We combine the two dyes in pairwise fashion to create a square 

6 x 6 panel of 36 barcodes (Figure 5.2B, C). Notably, the dilution series does not follow any linear 

or fold-dilution pattern. The variance of the fluorescence barcode distributions increases with 

signal magnitude, thus, the spacing between barcode concentrations must increase with 

concentration [137]. Using a dilution series which is finer than 2-fold allows us to fit more 

barcodes into a given range of dye concentrations. During data processing, we use the DBSCAN 

clustering algorithm in MATLAB to group data clusters according to their barcode signal. 

Typically, between 1-8% of data falls outside of barcode clusters, and is eliminated from the 

dataset. 

To verify that AlexaFluor barcodes do not interfere with biological assays in droplets, we 

conducted microbial growth experiments in the presence of barcoding dyes. For these experiments, 

we prepared a droplet library containing the panel of 36 barcodes dissolved in bacterial media, and 

GFP-E. coli cells loaded at 10-20% rate. We allowed the droplet library to incubate for a 5-hour 

growth period, and detected growth signals from the droplets at the endpoints (time = 0 and 5 
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hours) to probe for dye-related growth effects. We found that there is some variability in growth 

between barcoded droplet populations, however it is random and not related to the barcoding dye 

concentration (Figure 5.2D, data from single representative experiment). For 4 biological 

repetitions of this experiment, we calculate a Pearson correlation coefficient, r, to test for statistical 

correlation between barcoding dye and microbial growth in droplets (Figure 5.2E). For 3 

repetitions, we found r <0.3 indicating negligible correlation, with non-significant P-statistic (P > 

0.05). Intriguingly, for 1 of the 4 biological reps, we found r = 0.3374 indicating very low 

correlation, with statistical significance (P = 0.0442). However, the line fit to these data to assess 

their linear relationship follows a line of slope ≈ 5 x 10-5, and we conclude that this is negligible. 

Together, these results demonstrate that the AlexaFluor barcodes used in this work do not produce 

any growth effects on E. coli grown in droplets. 

Interdrop transport of the multiplexed panel of antibiotics is 

negligible.  

Transport of dissolved chemicals between microfluidic droplets is a documented 

phenomenon which poses potential challenges in droplet AST [154-158]. Droplets in an emulsion 

system may receive unintended chemical antibiotic inputs from neighboring droplets, 

compromising the accuracy of growth readings taken from the droplets. Recently, it was shown 

that the transport of antibiotics between droplets stabilized by PFPE surfactants is influenced by 

the solubility of the antibiotic [157]. Specifically, greater water solubility is associated with 

minimal transport between aqueous droplets. We selected the panel of antibiotics used in this work 

based on this knowledge. However, we further hypothesized that multiple water-soluble 

antibiotics, which individually show only trace interdrop transport, could synergize in off-target 

drops to produce non-negligible growth effects in a multiplexed assay. To test this hypothesis, we 
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conducted experiments resembling those implemented by Ruszczak et al. [157]. This approach 

utilizes droplets containing bacterial cells as reporter drops, to detect the transport of antibiotics 

from neighboring droplets. In these experiments, antibiotic transport from neighboring droplets is 

indicated by reduced growth in the reporter droplets. As the test condition, we incubated reporter 

drops alongside a droplet library containing the entire 36-plexed panel of antibiotics; as a control 

condition, we incubated reporter droplets with droplets containing bacterial media. After a 4-hour 

growth period, we quantified GFP fluorescence from fluorescence images of the droplet samples. 

The data (Figure 5.2F), show minor differences in growth signals between test and control 

populations, indicating negligible interdrop antibiotic transport, for the panel of antibiotics selected 

and for our model organism. 

These experiments allowed us to evaluate potential synergistic effects from a mixture of 

antibiotics, which individually show negligible transport between droplets. This positive result 

suggests that in the future, panels of antimicrobials could be pre-vetted for retention in drops, and 

specifically designed for implementation in multiplexed droplet experiments. Unfortunately, there 

are entire classes of antimicrobials which are poorly soluble in water and expected to be 

incompatible with droplet AST, including macrolides, fluoroquinolones, tetracyclines, and some 

penicillins. Fortunately, those expected to be compatible with droplet AST are some of the most 

important classes of antibiotics to society, including aminoglycosides, cephems and carbapenems 

[157]. Moreover, recent advances in tuning the chemistry and spatial geometries of 

fluorosurfactant polar head groups have resulted in stable emulsions which exhibit minimal small-

molecule interdrop transport [159, 160]. Further advances within this field could open the door to 

the deployment of all antibiotic classes in droplet AST applications, regardless of water-solubility. 
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Interestingly, in this work we showed that colistin, an antibiotic predicted by Ruszczak et al. to 

leak from droplets and be incompatible in droplet AST assays [157], does not leak appreciably at 

the concentrations tested. This observation emphasizes empirical testing for antibiotic leakage as 

a necessary prerequisite control experiment to droplet AST. 

Gaussian mixture modelling of mixed datasets enables 

programmatic discrimination of biotic and abiotic droplet 

signals. 

To detect high-resolution growth signals from droplets, we built a custom MATLAB 

program to identify subpopulations of biotic and abiotic data within mixed droplet fluorescence 

datasets. The program generates a gaussian mixture model (GMM) of the dataset, which reliably 

identifies biotic and abiotic subpopulations in correct proportions, and bins the data accordingly. 

With this data treatment step, we can distinguish droplets containing even a single fluorescent cell 

from abiotic droplets. Zhang et al. presented a novel approach to susceptibility assessment, which 

also utilized a gaussian mixture model to bin droplets binarily. However, the method was not 

detailed, and did not allow for identification of biotic, non-proliferating droplets and thus was not 

used to describe heteroresistance phenomena [81]. Our method is automated, and acts on datasets 

collected in massively parallel, scalable designs. The ability to specifically extract biotic data from 

mixed droplet datasets will enable novel studies of bacteria in droplets, as well as improve on 

insights gained from phenotypic droplet AST studies.  

The GMM program was optimized during the AlexaFluor dye growth control experiments 

discussed in the previous section. For each of 4 biological replicates at time = 0 and 5 hours, we 

collected fluorescence images of the multiplexed droplet samples, and enumerated the biotic 

fraction, F+. On average, we counted 3,163 +/- 817 droplets per timepoint per experiment, to ensure 
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statistical significance of the image counts. In this way, we use the sample of fluorescence images 

as a positive control to assess the performance of programmatic counting of F+ by the GMM 

program in MATLAB. Figure 5.3 shows a demonstration of the counting program, as well as 

performance assessment. Representative fluorescence images of cell-laden droplets are shown at 

time = 0 hours (Figure 5.3A) and after a growth period at time = 5 hours (Figure 5.3D). Figures 

5.3B and 5.3E show histograms of LIF detection data from the same droplets at time = 0 and 5 

hours, respectively. The GMM generated for each dataset is overlaid onto each histogram; at both 

timepoints, the model identifies two subpopulations corresponding to biotic and abiotic fractions, 

that agree strongly in proportion. Discrepancy between the two counting methods is shown in 

Figures 5.3C and 5.3F, for time = 0 and 5 hours respectively. For each timepoint and for all 4 

biological repetitions, the data are plotted as ΔF+ = F+, image – F+, GMM, such that a value of 0 

indicates perfect agreement between the two F+ counting methods. Error bars show the binomial 

95% confidence interval of the control, image counting method. While there is some discrepancy 

between the two counting methods, the magnitude of the discrepancy is always reasonably close 

to 0. Moreover, the 95% confidence interval of the image count method, which is a measure of 

uncertainty of the control method, is generally greater than the magnitude of error. These analyses 

demonstrate the robustness of our programmatic biotic data identification method, and indicate 
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that the program can be used to eliminate abiotic data points from mixed droplet fluorescence 

datasets in AST assays.  

Figure 5.3. Programmatic discrimination of biotic and abiotic data. A) and D), fluorescence images 

from a representative growth control experiment of cell-laden droplets at time = 0 (A) and 5 (D) 

hours. B) And E) GFP fluorescence histograms collected during LIF of the droplets shown in A) 

and D), respectively. The Gaussian mixture model is drawn on top of the histograms. Fbiotic and 

Fabiotic reported on each plot are output by the model. C) And F) error analysis of programmatic 

Fbiotic counting in MATLAB. For each of 4 growth control bio reps, Fbiotic was first enumerated in 

fluorescence images. Then, discrepancy between the two counting methods is reported as ΔF+ = 

F+, image – F+, GMM, such that a value of 0 indicates perfect agreement between the two F+ counting 

methods. G) Fluorescence images of cell-laden drops across a 5-hour growth process in hourly 
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intervals. (i) – (vi) correspond to 0-5 hours, respectively. Scale bars, 100 μm. H) Droplet GFP 

fluorescence data from the same drops as in G). Droplet populations first had abiotic data 

eliminated using the gaussian mixture model program in MATLAB, then biotic data are reported.  

To demonstrate the utility of this procedure, we monitored growth of E. coli in droplets 

over a 5-hour time course. In hourly intervals, we collected fluorescence images (Figure 5.3G), 

and detected LIF signals (Figure 5.3H) from the droplet sample. Biotic data from each hourly 

dataset was extracted using the GMM F+ counting program, and plotted against time to probe for 

our ability to monitor exponential growth processes occurring in the droplets. Figure 5.3H shows 

the mean GFP fluorescence intensity of each processed dataset +/- standard deviation, with raw 

GFP signals jittered and plotted underneath. Exponential growth of the cells in droplets can be 

clearly discerned from the data, as well as growth heterogeneity. We found that the mean droplet 

GFP intensity is always greater than the median, indicating that the growth signal is being 

disproportionately affected by outlying droplets on the upper end of the growth observation range. 

It is possible that these outlier growth observations result from cells that over-produce GFP without 

over-producing biomass, but they are notable for this phenotype nonetheless. Last, we note that 

we detected statistically significant differences in GFP distributions between time = 0 and 1 hour 

(P-value ≈ 10-73, two-tailed t-test), suggesting that this procedure could be used to generate AST 

results with as little as 1 hour of incubation time. 

Minimum inhibitory concentrations (MICs) for a 

multiplexed panel of antibiotics can be extracted from GFP 

fluorescence antibiograms. 

The primary goal of AST and AMR surveillance applications is to generate a quantitative 

susceptibility result. The minimum inhibitory concentration (MIC) is the conventional metric for 

communicating the susceptibility or resistance level of an organism. There are several methods to 
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calculate a MIC from growth data; here, we modify the method developed by Lambert et al. (2000) 

[83, 91, 161]. In the Lambert method, which was developed for use on turbidity measurements 

from plate reader instruments, an antibiogram is generated by plotting normalized growth vs log-

transformed antibiotic concentration. Then, a sigmoidal Gompertz function is fit to the antibiogram 

to calculate MIC. This method is capable of outputting MICs between tested conditions because 

of its use of a curve fitting procedure to interpolate growth data. Droplet ASTs that have 

implemented the Lambert method use an observed fraction of growth droplets as the normalized 

growth signal [83, 91]. Here, we build on these reports by using the magnitude of cellular GFP 

fluorescence signals from microfluidic droplets, rather than the number of growth droplets, in the 

Lambert method to calculate MICs.  

Figure 5.4. MIC calculation using the Lambert method. Biotic-only datasets are first segmented 

by barcode cluster, then plotted as cluster GFP mean +/- standard deviation vs log antibiotic 

concentration. All data are normalized to the NABC value for individual experiments. Each of the 

6 antibiotics is tested in 6 concentrations (black squares). Gentamicin is present in 5 concentrations 

to allow room for the NABC. The NABC is shown on each plot as a white triangle, and data 

collected at time = 0 hours is shown as the white circle. Once the sigmoidal gompertz function is 

fit, the MIC is output as the x-coordinate of the intersection of the sigmoid lower asymptote and 

the line tangential to the inflection point. 
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Biotic droplet datasets are first binned according to antibiotic condition, using fluorescence 

barcode signals. Each antibiotic in the panel is present in 6 concentrations each; one of the 

antibiotics is present in only 5 concentrations, to allow room for a no-antibiotic control (NABC, 

Figure B.2). An antibiogram is generated for each of the antibiotics by plotting the mean GFP 

fluorescence intensity of its subpopulations of droplets, against log-transformed antibiotic 

concentration (Figure 5.4, black squares). Each antibiogram receives a data point corresponding 

to the NABC (Figure 5.4, white triangles). As the log transformation of 0 equals -infinity, we set 

the antibiotic concentration for the NABC datum equal to 1/10th of the lowest antibiotic 

concentration tested for each antibiotic-specific antibiogram. We also include the mean 

fluorescence intensity collected from the entire droplet sample at time = 0 on our antibiograms 

(Figure 5.4, white circles), by assuming that data collected before any growth has occurred can be 

plotted in the inhibitory region of the antibiogram curve. As this datum also does not have an 

inherent antibiotic concentration, it is set equal to 10 times the highest antibiotic concentration 

tested for each antibiotic-specific antibiogram. As explained in Lambert et al., the MIC is the 

abscissa of the intersection of the sigmoid lower asymptote and the line tangential to the inflection 

point [161]. 

We found that the antibiogram should include data in both the inhibitory and non-inhibitory 

regions of the curve to produce a meaningful susceptibility result. If these regions are unpopulated, 

the two asymptotes of the sigmoid cannot be defined, and the results are untrustworthy. For 

example, in the absence of a non-inhibitory condition, a sigmoid can be solved for that has its 

upper asymptote in the region corresponding to [antibiotic] < 0, producing a MIC <0. Use of the 

NABC and time = 0 data as done here is a valuable procedural element, as these datasets function 
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as positive and negative control populations, respectively, and allow the sigmoidal curve 

asymptotes to be estimated even if the range of tested antibiotic concentrations is incorrect. 

Importantly, this usage of time = 0 data is only made possible because we can distinguish single 

cell droplets from abiotic droplets using our GMM method.  

Figure 5.5. output MICs across 10 biological reps of multiplex droplet AST. Each plot is specific 

to one of the 6 antibiotics in the panel. Plots show output MIC vs biological rep, for 10 reps. Red 

dashed line, average MIC across 10 reps. Red shaded area, standard deviation of MIC across 10 

reps. Blue shaded regions correspond to a two-fold change in the MIC in either direction. 

Susceptible/intermediate/resistant (S/I/R) classification is shown upper right of each plot, based 

on comparison to CLSI breakpoint values.  

Calculated MICs for the panel of 6 antibiotics are shown in Figure 5.5, for 10 biological 

replicates of the AST experiment. The average MIC across the 10 reps, +/- standard deviation, is 

shown as the red dashed line and shaded region. We observed some variability about the central 

MIC estimate, but it is within the expected level of variability for MIC calculations. MICs 

measured with standard techniques have been shown to vary by as much as 2-fold from the central 

MIC estimate, based on biological variability and operator error [16, 162]. On each plot, blue 

shaded regions have been added, which correspond to 2-fold changes in either direction from the 

central MIC estimate. Based on our MIC results, the model organism is classified as 
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susceptible/intermediate/resistant (S/I/R) towards the panel of 6 antibiotics, by comparison to 

CLSI breakpoint values (Figure 5.5, upper right of each plot) [12]. As expected, the organism was 

classified as resistant toward β-lactam antibiotics, and susceptible toward aminoglycosides and 

colistin, a polymyxin antibiotic [163].  

We performed broth microdilution AST as a reference method, to assess the validity of the 

results generated by our droplet-based platform. The MICs calculated by broth microdilution are 

tabulated in Table B.2. The two methods for estimating MIC show excellent agreement for 5 of 6 

antibiotics (gentamicin, meropenem, colistin, amikacin, tobramycin). Moreover, the day-to-day 

variation, measured as a standard deviation, is also similar between the two methods, supporting 

the validity of our droplet-based AST approach. Interestingly, the MIC calculated for cefotaxime 

is approximately 100-fold lower as measured by broth microdilution, compared to the MIC 

measured in our droplet AST platform. To explore this phenomenon, we designed experiments to 

better characterize E. coli response to cefotaxime. In these experiments, multiple populations of 

droplets were generated, each containing single E. coli cells and a single cefotaxime condition, 

which varied between droplet populations. The individual populations were incubated off-chip and 

imaged by epifluorescence microscopy to visualize E. coli response to cefotaxime (Figure B.3). 

We found that at the lowest concentration of cefotaxime tested in droplets ([cefotaxime] = 0.39 

µg/mL), the cells exhibited filamentous physiology, and grew to tens of microns in length without 

dividing. At increasing concentrations of cefotaxime, the cells begin to lyse, and dye the individual 

droplets green, with cellular GFP. Thus, the analysis of cefotaxime against E. coli represents a 

limitation of our platform. The filamentous response by the cells indicates susceptibility toward 

the antibiotic at 0.39 µg/mL, however, our platform records these droplets as having high GFP 
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fluorescence, and they are classified as growth signals. In the broth microdilution method, 

inhibition by cefotaxime can only be discerned across ~20 hours of growth, in which the OD 

measurement begins to increase, as the cells filament, and then eventually plateaus, when the cells 

lyse. We therefore hypothesize that cefotaxime may not be amenable to any rapid AST platforms, 

unless the readout is microscopy-based and can detect filamentation. This is because the available 

non-microscopy-based rapid AST readouts, including microbial light-scattering, resazurin 

indicator dye, and quantitative pheno-molecular readouts, will all produce a growth reading before 

cell lysis occurs. Indeed, in the report by Scheler et al. in which AST of E. coli was conducted 

against cefotaxime in microfluidic droplets, growth readouts were collected after overnight 

incubation, rather than in a rapid AST format [83]. Currently, work is ongoing in our group to 

assess the affects of overnight incubation on ability to discern growth from inhibition in droplets. 

Moreover, we hypothesize that unique, non-sigmoidal antibiograms may result from testing at 

cefotaxime concentrations < 0.39 µg/mL, which could be used to infer susceptibility results.  

Single-cell MIC probability density functions quantify E. 

coli heteroresistance toward tested antimicrobials.  

 Because we assay thousands of single cells against antibiotic dilution series, 

heteroresistance can be assessed with the same datasets used to calculate MICs. To probe for 

heteroresistance in our model organism, we implement the analysis first shown by Scheler et al. 

(2020) to generate single-cell MIC probability density functions (scMIC PDFs). In this technique, 

it is assumed that a proliferating cell exposed to an antibiotic concentration = c must have a scMIC 

> c. A sigmoidal curve, fit to a plot of proliferating fraction vs antibiotic concentration, is then 

derived to produce a PDF of scMICs.  
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The scMIC PDFs we calculated are shown in Figure 5.6. A single curve is output from each 

biological rep of the experiment; the central curve shown in Figure 6 is the average of all 10 curves, 

and the shaded error bar is the standard deviation from averaging the curves. In red is highlighted 

the region on the x-axis which corresponds to the MIC estimate, +/- standard deviation. These 

curves show, invariably, that the population-level susceptibility discerned by the MIC, is the result 

of a heterogeneous population consisting of relatively many cells more susceptible than, and 

relatively few cells more resistant than, the MIC estimate. This finding echoes the data in Figure 

5.3H, in which the average growth value is driven to some extent by a minority outlier group near 

the upper limit of growth observations.  

To quantify heteroresistance, we adopt the criteria to define heteroresistance most common 

in the literature, which is the presence of a resistant subpopulation of frequency ≥ 10-3, and whose 

MIC is ≥8-fold that of the main, susceptible population. We define the MIC of the main susceptible 

population, MICmain, as the most common scMIC, which is simply the abscissa of the global max 

of the scMIC PDF. The scMIC value indicative of heteroresistance, scMICHR is therefore defined 

as scMICHR ≥ 8 x MICmain, and its frequency is calculated using the formula for a probability 

density function (Materials and Methods, Equation (4)). Thus, where the frequency of scMICHR is 

≥10-3 for a given antibiotic, the model organism is classified as heteroresistant. Using this single-

cell susceptibility modeling approach, E. coli was categorized as heteroresistant toward all the 

tested antimicrobials. We note that in a clinical application, meropenem should be classified as 

resistant, not heteroresistant, as heteroresistance implies the existence of a majority susceptible 
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population [33]. Moreover, further experimentation is required to interpret these results as they 

pertain to cefotaxime.  

Figure 5.6. Single-cell MIC (scMIC) probability density functions (PDFs) calculated using droplet 

AST. Each plot shows the average scMIC PDF across 10 biological reps as the central curve, and 

standard deviation across biological reps as shaded error bar. For each biological rep, a single 

scMIC PDF is calculated by deriving a plot of proliferating fraction vs antibiotic concentration, 

for each of the 6 antibiotics of the panel. The red-colored region corresponds to the population-

level MIC +/- standard deviation calculated in Figure 5. These curves demonstrate that the 

population-level behavior, discerned as a MIC, is the result of many susceptible cells and few 

relatively resistant cells. 

Heteroresistance toward colistin has been observed in a number of Enterobacterales 

species including E. coli. Recent findings show that colistin heteroresistance is much more 

common in Enterobacter spp. and Klebsiella spp., two closely related Enterobacterales genera, 

than it is for Escherichia [164]. However we note that the ampR transcriptional regulator carried 

by our model organism has been shown to regulate the expression of a wide array of genes, some 

of which are related to non-β-lactam antibiotic resistance. Thus, the unusual observation of colistin 

heteroresistance in our model organism could be explained by the inclusion of the ampR 

transcriptional regulator. By contrast, heteroresistance phenotypes in E. coli against carbapenems 
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are well-established [165]. Heteroresistance toward aminoglycosides, including amikacin, 

gentamicin and tobramycin, has also been reported in Enterobacterales [166]. 

It is possible that the rate of heteroresistance observation in the past has been biased by 

relatively infrequent testing for heteroresistance. Here, we have shown a platform which makes 

heteroresistance testing routine. This development is imperative, as extensive validation of the 

relationship between heteroresistance frequency, antimicrobial therapy efficacy and clinical 

outcome will be required before droplet-based AST and heteroresistance assaying data can be used 

to guide clinical antibiotic therapy. Much attention has been paid to the scMIC as a meaningful 

metric of susceptibility, which is robust against inoculum effects [44]. However, clinical 

breakpoints have been set based on analyses of entire bacterial populations, and the switch to 

single-cell data in AST applications will require consideration. This switch will be made possible 

by first amounting massive amounts of data which can be used to demonstrate the relationship 

between single-cell and population-level AST data. In this latter regard, the platform we have 

demonstrated here is of great value, as it leverages microfluidic droplets for ultrahigh-throughput 

measurements of thousands of single-cell growth responses to antimicrobials. 

Conclusions 

The droplet-based platform described remedies several outstanding problems in the 

microfluidics AST community relating to multiplexing and automated analysis. We demonstrated 

rapid testing of tens of antibiotic conditions in microfluidic droplets, in parallel. Multiplexing of 

this scale has been demonstrated prior, though only by way of complicated device and 

experimental designs, which prohibit proliferation of the techniques. Our platform makes use of 

components which resemble the instrumentation of existing, wide-spread bioassays, including 
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microtiter plates for sample multiplexing, syringe pump-free emulsion preparation reminiscent of 

BioRad automated droplet generators, and photonics-based data acquisition similar to flow 

cytometers. Our platform has immediate room for scale-up; in an experiment not shown, we easily 

doubled our available barcode space by adding a third barcoding dye in two concentrations, and 

the new 72 barcodes showed maintained biocompatibility. Once combined with recent advances 

in label-free droplet AST detection such as optical fiber-based light scattering or impedance 

measurements, our platform will be suitable for analysis of clinical isolates. The data analysis steps 

we incorporated, namely biotic data identification, MIC calculation and scMIC PDF description, 

would all be compatible with datasets generated by these label-free techniques. In the future, we 

envision that clinical isolate samples could be diluted onto pre-made microtiter cards containing 

freeze-dried antibiotics and barcoding dyes. The multiplexed sample could be rapidly emulsified 

using an automatic droplet generator, and analyzed by an integrated flow-based droplet analysis 

unit. An all-in-one AST and heteroresistance detection platform such as this could provide 

drastically improved guidance to clinicians prescribing antibiotics. Moreover, a routine 

heteroresistance surveillance platform is paramount to the ongoing antibiotic stewardship effort.  
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CHAPTER 6 

CONCLUSIONS AND OUTLOOK 

Conclusions 

 The research presented in this thesis comprised three separate but related projects, during 

which a high-throughput, multiplexed microbial drug screening assay in microfluidic droplets was 

developed. The presented work contributes to the understanding of developing droplet-based 

single-cell assays, as well as heterogeneity in bacterial growth response to antimicrobials. Here, I 

will summarize the results of this work, provide context within the wider field of microfluidic AST, 

and comment on future work. 

Chapter 3 discussed the construction and subsequent optimization of a platform for 

detecting multiplexed laser-induced fluorescence (LIF) signals from microfluidic droplets. Droplet 

LIF can be used to conduct single-cell screening assays at ultrahigh-throughput, thus facilitating 

biological discovery and description of cell-cell heterogeneities. However, droplet LIF presents 

several challenges impeding its widespread proliferation, including complicated optical 

equipment, droplet instability, data reliability issues, and fluorescence cross-talk. In response, we 

detailed robust troubleshooting and optimization procedures for addressing these issues. We 

outlined a robust protocol for shaping and aligning laser beams, which can be implemented by 

untrained personnel and uses off-the-shelf optical components. Poor beam quality can result in a 

number of deteriorative artefacts in LIF data, and the reported protocol should allow future 

experimenters to safeguard against this. Droplet instabilities, such as coalescence and droplet 

breakup, are another factor which negatively influence droplet LIF data quality. Fluorescence 
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signals from re-combined droplets can obfuscate desired assay readouts and result in 

uninterpretable data. In our reported methodology, we enumerated factors influencing droplet 

instability, as well as a number of mitigation techniques. To promote data quality, a method to 

encode each droplet with a fluorescent reference dye signature was developed. The reference dye 

signature provides a proxy measurement of droplet size, and can also be used to visualize droplet 

spacing and frequency in the flow channel. As a redundant safeguard against droplet instabilities, 

we developed a dynamic gating technique, which eliminates data of incorrect size and reference 

dye signature, while responding to flow variations. Moreover, we demonstrated that the droplet 

size, measured as droplet time inside, and fluorescence intensity have a bidirectional causal 

relationship. These tutorials and findings will contribute to the proliferation of droplet LIF-based 

methods by promoting robust, artefact-free data collection. Lastly, we detailed a method for 

bottom-up construction of a multiplexed growth assay using droplet LIF. The method provides an 

outline for future experimenters to mitigate channel cross-talk and collect reliable droplet 

fluorescence signals in multiple channels simultaneously, simply by modulating channel-specific 

detection variables.  

 In Chapter 4, we demonstrated rapid emulsification of a library of experimental conditions 

using the PIPE chip. Numerous biological assays necessitate testing of multiplexed experimental 

conditions in parallel, and this is typically accomplished using microtiter plates. However, 

translation of such parallelized assays into microfluidic droplets has proven challenging. These 

challenges are related to the multitude of equipment required to drive droplet formation for many 

conditions in parallel, as well as a method to track individual experimental conditions in droplets. 

The PIPE chip interfaces with a microtiter plate to rapidly emulsify the plate contents, and 
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eliminates the requirement for multiple pump sources to drive parallel droplet formation. 

Moreover, the condition contained within the droplet is tracked with a spectral barcoding method.  

 We showed that droplet formation is monodisperse and follows a drop scaling law [167] 

which can be used to predict drop size based on the pressurization of fluid sources. Moreover, we 

used 2-color combinations of quantum dots and fluorescent microbeads to generate droplet 

libraries consisting of 188 and 24 unique spectral barcodes, respectively. We showed that the 

dominant form of noise present in the barcode fluorescence signals is determined by the barcoding 

particle size. For larger (~100 µm diameter) colloidal particles, the dominant form of noise is the 

Poisson-governed discrete random loading of fluorescent barcode particles into the droplet. For 

particles much smaller than the microscope objective resolution, as in ~101 nm diameter quantum 

dots, the shot noise of the photodetector is the dominant form of noise. The PIPE chip simplifies 

experimental workflows by utilizing a single microfluidic device to quickly emulsify an entire 96-

well plate into a barcoded droplet library. This innovative platform holds great value in conducting 

multiplexed droplet assays, particularly for assays such as drug discovery and molecular biology, 

where processing numerous chemical or biological reactions simultaneously is essential.  

 In Chapter 5, we leveraged the PIPE chip to conduct multiplexed, single-cell antimicrobial 

susceptibility testing (AST) in microfluidic droplets. The PIPE chip brings an important innovation 

for droplet AST, as multiplexing in AST is essential in allowing clinicians to deduce a best therapy 

route over a reasonable timeframe. With this platform, we leveraged the artificial analyte 

concentrating property of microfluidic droplets to conduct rapid AST which produced MICs and 

quantitative heteroresistance determination, concurrently in 5 hours. Our platform showed 

excellent agreement with the reference standard broth microdilution method, emphasizing its 
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potential for eventual use in clinics. As part of this platform, we demonstrated a technique to 

programmatically distinguish droplets laden with even a single microbial cell, from abiotic 

droplets. This data processing step allowed for the high-resolution description of heterogeneous 

growth response and growth processes in droplets, as well as enumeration of non-proliferating 

droplets. The ability to detect a high-resolution spectrum of growth readouts represents an advance 

compared to the field-standard digital droplet AST, in which the droplet growth readouts are binned 

binarily. Individual droplet growth readouts collected at ultrahigh-throughput were used to model 

the distribution of single-cell MICs (scMICs) as a probability density function [83]. This enabled 

estimation of heteroresistant subpopulation frequencies, which were estimated in the range of ~1-

3% for gentamicin, amikacin, tobramycin and cefotaxime, ~7% for colistin, and ~47% for 

meropenem. While the clinical significance of heteroresistance is still a matter of some debate, the 

need for a method to detect heteroresistance concurrently with AST is clear. Our droplet platform 

represents a solution to this problem. 

Outlook and Future Work 

 The three projects presented in this thesis share a common goal of improving the existing 

capabilities and scale-up potential for single-cell screening in droplet microfluidics. They 

accomplish this goal by (1) reporting facile methodology to construct flow-based, ultrahigh-

throughput droplet assays (2) detailing a platform for parallel generation and analysis of 

multiplexed experimental conditions in droplets and (3) demonstrating a rapid, automated total-

analysis droplet assay, where ~150,000 single cells are screened against a multiplexed panel of 

drugs in a single working day.  
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 An obvious way to improve the applicability of our platform is by the accommodation of 

unlabeled bacterial cells, as clinical isolates will not express a fluorescent protein. The platform is 

capable of integration with recently reported label-free techniques to estimate bacterial viability, 

including the metabolism indicator dye resazurin, as well as optical fiber-based detection of 

microbially scattered light. Importantly, the data processing steps to identify biotic from abiotic 

data should be immediately applicable to datasets consisting of scattered light signals collected by 

optical fibers. This is because the program acts on a univariate dataset which is a composite 

distribution of multiple underlying subpopulations. Programmatic identification of single-celled 

droplets from abiotic droplets using cell-scattered light would represent a significant advance in 

the field. To our knowledge, optofluidic light scattering detection devices have only been used as 

in a digital assay where vigorous growth droplets laden with many cells are identified as positive 

reads, and anything else is labeled a negative read.  

More broadly, it is my opinion that optofluidic light scattering devices are a relatively 

under-explored avenue for label-free droplet AST. Whereas viability indicators like resazurin 

produce an on/off viability signal, microbially-scattered light is a signal which is directly related 

to the amount of biomass contained within a droplet. Detection of this signal from droplets thus 

presents an opportunity for high-resolution measurements of bacterial growth, and possibly 

estimation of bacterial growth rates.  AST against gram positive and negative bacteria has been 

demonstrated with an optical fiber device, in a digital AST format [89]. However, a demonstration 

of graded biomass-scattered light readouts by an optofluidic device is missing from the literature. 

The combination of such a device with our parallel droplet library generation and barcoding 

technique would produce a powerful platform for assaying clinical isolates against drug panels 
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with single-cell resolution. Moreover, optical fiber devices are amenable to platform integration, 

which will be a requirement for the proliferation of any novel AST platform. 

Our platform could also be improved by increasing the number of antimicrobial conditions 

tested in parallel. A droplet AST platform which matches the clinical standard of 96 parallel 

experiments would represent a significant advance in the field. A first step in updating our platform 

would be to increase the available barcoding space using AlexaFluor dyes. In an experiment not 

shown, we easily doubled the AlexaFluor barcoding space from 36 to 72 by the inclusion of a third 

barcoding dye in two concentrations, and cell viability was maintained within the updated barcode 

space. The theoretical barcoding space from three dyes in six concentrations each is 216. 

Moreover, attempts to expand the barcoding space of a single dye from 6 conditions to 8 or 12, as 

was done for the quantum dots, could prove fruitful. Maintained cell viability in the presence of 

the new barcoding spaces would need to be verified, however, this is not expected to be an issue.  

An expanded panel of antimicrobials would need to be tested for retention in the dispersed 

phase of the multiplexed emulsion sample. An experiment designed to test for this behavior from 

a multiplexed panel of antimicrobials was conducted in this work, and could be repeated for an 

expanded drug panel. However feasible, this approach to verifying droplet retention of panels of 

antimicrobials for use in multiplexed droplet assays could quickly become laborious, as each panel 

will require independent validation. Moreover, if reporter cells are used to indicate presence or 

absence of interdrop drug transport, it is possible that antimicrobial panels could show differential 

transport based on reporter cell species. Perhaps then, the droplet microfluidics drug-screening 

community should embrace recent advances in tuning surfactant geometry for interdrop transport 

mitigation [159, 160]. It has been shown that tri-block copolymer surfactants, which are the most 
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commonly used, mediate interdrop transport primarily by forming oil-in-water-in-oil (o/w/o) 

vesicular structures, as opposed to water-filled micelles [154, 159]. This behavior helps explain 

the dependence on water solubility, of the interdrop transport of a solute. A solution then, is to use 

di-block copolymer surfactants, which are incapable of vesicle bilayer structural assembly [159]. 

This body of work holds great promise for the future of droplet microfluidics. While the common 

avenue to mitigate interdrop transport is by tuning reaction components in an application-specific 

manner [156, 157],  the proposed work based on novel surfactants seeks to eliminate the primary 

mechanism of interdrop transport altogether. 

In the future, we envision a host of novel assays which could be developed by building on 

the presented body of work. The method to programmatically identify single fluorescent cells 

could be applied to droplet assays which do not entail microbial growth. For example, studies of 

dormant or persister cells [168] in droplets would rely on the detection of a single, non-

proliferating cell. Moreover, the technique could be used in experiments designed to study 

microbial interaction networks [169] of multiple different bacterial species labeled with different 

fluorophores. In such an experiment, the species content of droplets could be identified with 

method presented in this work, and used to probe for effects on microbial growth at ultrahigh-

throughput. Last, we envision that the PIPE chip platform, with improved barcoding capacity, 

could be used to conduct pathogen ID concurrently with AST. For example, using a panel of 72 

barcoded conditions, we could accommodate an array of 36 antimicrobial conditions as 

demonstrated in this work, and a parallel array of 36 molecular 16S rRNA probes, which hybridize 

and fluoresce in a taxonomically-specific manner. In the end, the adaptation of established 
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biological assays into single-cell droplet-based formats will continue facilitate improvements in 

medical tools and research, as well as novel discoveries. 
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APPENDIX A 

APPENDIX A: SUPPLEMENTARY INFORMATION FOR 

CHAPTER 4: RAPID PARALLEL GENERATION OF A 

FLUORESCENTLY BARCODED DROP LIBRARY FROM A 

MICROTITER PLATE USING THE PLATE-INTERFACING 

PARALLEL ENCAPSULATION (PIPE) CHIP  
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APPENDIX B: SUPPLEMENTAL INFORMATION FOR 

CHAPTER FIVE: AUTOMATED, MULTIPLEXED 

ANTIMICROBIAL SUSCEPTIBILITY TESTING AND 

QUANTITATIVE HETERORESISTANCE DETERMINATION 
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Table B.1 PIPE chip operational protocol designed to gradually ramp to operating pressures. 

Time is reported as m:sec, and indicates the time at which the indicated pressures were set. All 

units are in PSIg. 
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Figure B.1. Fluorescent dye intensity measured by droplet laser-induced fluorescence (LIF) 

correlates with droplet size. The LIF detector records a time inside measurement for each 

droplet, which is a residence time that the droplet spends underneath the laser. The data shown 

are from a single 36-plexed AST experiment, and the PMT signal corresponds to a reference dye 

intensity, which is a standardized signal imparted onto each droplet. We calculate a Pearson 

correlation coefficient, r = 0.624 with p-value = 0, indicating moderate positive correlation with 

statistical significance. Color bar indicates number of drops. 
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Figure B.2. Microtiter plate layout for PIPE chip emulsification. Barcoding dye conditions in two 

channels are listed along the columns and rows. 

 

  



175 

 

 

Table B.2 MIC estimation by reference method. Susceptibility of the model organism was 

assayed against the panel of antimicrobials by broth microdilution. Results shown are from 9 

biological replicates. 
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Figure B.3 Cefotaxime exposure results in filamentous physiology for E. coli. Fluorescence 

images of droplets loaded with single GFP-E. coli cells and variable cefotaxime condition, after 

5 hour growth period. Cefotaxime condition is indicated by the text in each image. Filamentous 

phenotype can be observed for [cefotaxime] < 12.5 µg/mL. Cell lysis results in the droplet being 

dyed green by cellular GFP at [cefotaxime] ≥ 12.5 µg/mL. Ctx, cefotaxime. 
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