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The discovery and widespread usage of antibiotics has drastically 

improved human health in the 20th century. Unfortunately, the extensive use and 

misuse of antimicrobial drugs led to the emergence and spread of drug-resistant 

pathogens. The threat from increasingly resistant pathogens is exacerbated by 

the decline in antibacterial drug discovery due to regulatory burden, low profit 

margins compared to other drugs as well as investments in antibiotic discovery 
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platforms that ultimately proved unproductive. Two approaches aimed at 

ameliorating this threat include the (1) development of new therapies and 

antimicrobial agents and (2) implementation of policies to reduce the emergence 

and spread of resistant pathogens (e.g. using existing antimicrobials more 

effectively) in a set of strategies known as antimicrobial stewardship. Bacterial 

cytological profiling (BCP), a microscopy-based technique which creates profiles 

from the measurement of changes in cellular architecture following antibiotic 

treatment, contributes to both the discovery of antimicrobials as well as 

antimicrobial stewardship. BCP had been shown to rapidly identify cellular 

pathway targeted by antibacterial molecules, thereby demonstrating the utility of 

BCP in identifying the mode of action (MOA) of unknown compounds in order to 

prioritize compounds of interest for further development.  

Here, I show that BCP is a flexible tool that can be applied to study the 

MOA of antibiotics for Pseudomonas aeruginosa. Additionally, I have developed 

a rapid, antimicrobial susceptibility test based on BCP (AST-BCP) in order to 

determine the appropriate antimicrobial therapy in a timely manner thereby 

reserving antibiotics in the last line of defense for cases which require them. 

AST-BCP was able to accurately determine the susceptibility profiles for a set of 

Staphylcoccus aureus clinical isolates and a smaller set of P. aeruginosa strains 

suggesting that this platform would be appropriate surrogate for traditional 

susceptibility tests. Finally, I discuss the development of a user-friendly data 

analysis platform, designed specifically for BCP datasets. The potential 

application of BCP spans multiple research areas from antimicrobial discovery to 

resistance identification and is a powerful tool for investigating antimicrobial 

compounds and clinical pathogens. 



 

1 

CHAPTER 1 

Introduction 
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The Rise and Downfall of the Golden Age of Antibiotics 

Antibiotics, one of the greatest human discoveries in the 20th century, 

propelled us into the modern age by vastly improving the quality of human life. 

The start of the modern “antibiotic era” is frequently associated with the 

introduction of penicillin in the 1940s. In the decades following, through 

systematic screening of various natural and synthesized compounds, many 

major classes of antibiotics including β-lactams, tetracyclines, sulfonamides, 

aminoglycosides, and quinolones were uncovered. Increased availability and 

administration of antibiotics directly improved human health by controlling and 

effectively curing many infectious diseases.  

Unfortunately, the extensive and widespread use and misuse of 

antibiotics has naturally promoted a corresponding rise in resistance. 

Unsurprisingly, there is a correlation between the levels of antibiotic-resistant 

infections and levels of antibiotic consumption (Goossens et al., 2005). Bacterial 

resistance mechanisms have co-evolved with natural antimicrobial compounds 

for billions of years, however mass production and deployment of antibiotics has 

amplified the evolutionary pressure for resistance (D'Costa et al., 2011). In this 

never-ending antibiotic “arms race”, both sides are continually evolving, with 

microbes developing resistance and scientists formulating new compounds to 

bypass the pathogens’ defenses. Antibiotic resistance can be intrinsic, such as 

the lower antibiotic permeability of the outer membrane of Gram-negative 

pathogens, or acquired, as in the case of acquisition of genetic material by 

horizontal gene transfer, or adaptive, in which case there is alteration in gene 

expression triggered by environmental cues (Poole, 2012; Poole, 2014; Alekshun 

and Levy, 2007).  
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Of particular interest are a set of “ESKAPE” pathogens Enterococcus 

faecium, Staphylococcus aureus, Klebsiella pneumoniae, Acinetobacter 

baumanii, Pseudomonas aeruginosa, and Enterobacter species, recognized by 

Rice (Rice, 2008). This set of pathogens are especially important as they are 

responsible for a majority of nosocomial infections and are becoming increasingly 

resistant, hence, “escaping” the effects of antibiotic treatment. The rise in 

methicillin-resistant S. aureus (MRSA) and pan-resistant Gram-negative 

pathogens such as multidrug-resistant (MDR) P. aeruginosa and carbapenem-

resistant Klebsiella limit the therapeutic options available forcing clinicians to turn 

to more toxic previously discarded drugs such as collistin (CDC, 2013; Falagas 

and Kasiakou, 2005). However, colistin resistance is emerging, raising the 

specter of untreatable bacterial infections	 (Kempf et al., 2013; Marchaim et al., 

2011; Liu et al., 2016). 

The crises caused by the emergence of antibiotic resistance pathogens 

was exacerbated by the decline in antibiotic development. In the years following 

widespread usage of penicillin, 20-30 new drugs were introduced per decade 

with that number decreasing to 3-4 in the past few years as of 2012 (Bérdy, 

2012). This decline was attributed to the high development cost coupled with the 

decline in discovery and approval of new drugs. The decreasing interest in 

antimicrobial discovery since the 1990s was represented by a 75% decline in the 

number of companies with large antibiotic R&D efforts (Moellering, 2011). New 

compounds require 8-15 years of development and cost 0.8 to 2 billion dollars to 

commercialize but only have a lifetime of approximately 8-10 years on the market 

(Katz et al., 2006). Because antibiotics are short-term cures that lose 

effectiveness the more often it is used, new compounds are kept on reserve, 
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restricting unnecessary usage. Due to this, profits associated with antibiotics are 

less than ‘lifestyle’ drugs that are used for chronic treatment of disease. In 

addition, government regulations, particularly for non-traditional antibiotics, 

increase development time and cost further deterring investment in antibiotic 

discovery (Eisenstein and Hermsen, 2012; Spellberg, 2012). 

During the innovation gap in antibiotic discovery, from 1962 to 2000, a 

majority of the drugs introduced were derivatives of existing classes of antibiotics 

(Fischbach and Walsh, 2009; Walsh, 2003). Existing antibiotics scaffolds were 

modified to broaden bacterial spectrum, improve stability, increase activity and to 

circumvent resistance mechanisms (Walsh and Wencewicz, 2014). As such, in 

over 40 years there has been no new classes of antibiotics for the treatment of 

Gram-negative bacteria (Spellberg, 2012). Although these modified antibiotics 

are successful in the short term, they are derivatives of classes in which there 

already exists an underlying resistance mechanism. Hence, the imminent 

resistance development would limit the efficacy lifetime. 

 

Revitalization of Antibiotic Innovation  

By the 1990s it became apparent that antibiotics were losing 

effectiveness more rapidly than they were being replaced (Cain, 2012). The 

Center for Disease Control and Prevention (CDC) estimated that antibiotic-

resistant pathogens are responsible for more than 2 million infections and 23,000 

deaths in the United States each year (CDC, 2013). Promising antibiotics for the 

treatment of Gram-positive pathogens such as Oxazolidinone, Lipopeptides, 

Pleuromutilin, Tiacumicin and Diarylquinoline have been discovered since 2000 

(Butler et al., 2013). Unfortunately, there is still a lack of effective, novel 
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antibiotics available for the treatment of Gram-negative pathogens in part due to 

the difficulty of getting the drugs to their targets. Gram-negative bacteria are 

intrinsically resistant due to the inability of some antibacterial compounds to 

cross the outer membrane as the case with the glycopeptide antibiotic 

vancomycin (Tsuchido and Takano, 1988).   

In 2004 a policy report, “Bad Bugs, No Drugs: As Antibiotic R&D 

Stagnates, a Public Health Crisis Brews,” the Infectious Diseases Society of 

America (IDSA) voiced concerns over the dwindling interest in novel antibacterial 

therapeutics and proposed solutions promoting efforts and contributions from 

industry, academia and governmental institutes (IDSA, 2004). In response to the 

escalating threat, many different public programs and incentives have been 

imposed in the past few years aimed at increasing antibiotic development and 

establishing good-practices to limit the misuse of existing drugs. In particular, the 

Generating Antibiotic Incentives Now (GAIN) Act, 2012, encouraged the 

development of antibiotics by extending the exclusivity period by five years for 

new drugs and by streamlining clinical trials and regulatory assessments. These 

programs revived interest in antibiotics and resulted in the development of 6 new 

antibiotics in various stages of FDA approval: Ceftobiprole, Ceftazidime-

avibactam, Ceftolozane-tazobactam, Dalbavancin, Tedizolid, and Oritavancin 

(Theuretzbacher, 2015). However, despite promising activity against resistant 

strains, none of these antibiotics represent a truly novel chemical class since all 

are derivatives of existing antibiotics. The lack of novel antimicrobial therapies 

coupled with the rise increasingly resistant pathogens could be managed in two 

different ways: (1) The development of new antimicrobial compounds or (2) the 
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efficient and effective use of existing antibiotics in order to prevent the spread of 

resistant pathogen, a set of strategies known as antimicrobial stewardship. 

 

Platforms for Antibiotic Discovery and Mode of Action (MOA) 

A majority of early antibiotics were a result of screening soil-derived 

Streptomyces for antimicrobial activity against another microbe by detecting 

growth inhibition on plates (Schatz et al., 2005). Empirical screening of 

fermentation products or chemicals for inhibition was productive in identifying 

numerous natural antimicrobials such as streptomycin and chloramphenicol up 

until the early 1980s (Silver, 2011). However as many “common” antibiotics were 

discovered, the issue of “replication” or rediscovery of exiting compounds also 

arose (Stapley, 1958; Ackermann et al., 1996; Elespuru and White, 1983). For 

example, nearly 10% of Streptomycetes species produce streptothricin, 1% 

produce streptomycin and 0.1% produces tetracycline (Lewis, 2013). In response, 

many “dereplication” techniques were established to quickly identify and discard 

these inhibitors (hits) by comparing hits for biological and chemical similarities to 

existing drugs. Although antibiotic target-based screens were originally used as a 

means for dereplication, these high-throughput methods were later established 

as a route for drug discovery. Because microbial fermentation and purification of 

leads from these extracts are labor intensive and time consuming, classical 

screening methods were cast aside in favor of high-throughput screens (HTS) 

and combinatory chemistry.  

Target-based screens identify compounds that interact with purified target 

proteins while whole-cell screens identify compounds that inhibit growth. 

GlaxoSmithKline (GSK) evaluated more than 300 target genes from a range of 
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Gram-positive and Gram-negative bacterial species as potential drug targets, 

and performed 70 high throughput screens to identify molecules that inhibited 

these targets (Payne et al., 2007). Unfortunately, in addition to the low quantity of 

hits, the resulting hits either showed non-specific toxicity to either mammalian 

and bacterial cells, low chemical tractability, or a poor spectrum of activity, so 

only 5 lead molecules were discovered. This approach and its low success rate 

was replicated across the pharmaceutical industry, and .target-based automated 

HTS has had little success in identifying potent inhibitors. This might be in part 

due to difficulty accessing the target due to low membrane permeability or efflux 

pump activity (Bérdy, 2012; Nikaido, 2009). 

Due to limited success via other methods, whole-cell screening 

approaches are still commonly used to find leads as these approaches allow for 

investigation of all targets simultaneously. Testing molecules for activity directly 

on microbes rather than on purified enzymes is more physiologically relevant, 

permitting the direct selection of antibacterial activity rather than working back 

from a lead that may show little or no whole-cell activity. One disadvantage of 

whole cell screening includes the identification of many non-specific nuisance 

compounds such as non-specific toxins and detergent-like molecules that also 

damage eukaryotic cells. Additionally, in contrast to target-based methods, these 

screens yield no information with regard to potential MOA. Understanding the 

method in which the drug acts is important for understanding any potential side 

effects for the development of dosing and for the identification of resistance 

mechanisms. It is financially favorable to conserve resources by discontinuing 

investigation of leads that are likely to fail due to resistance development 

(Nikaido, 2009; Silver, 2011). Early determination of MOA would expedite 
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development of promising compounds belonging to new classes in which a 

mechanism of resistance is unlikely.  

Traditional methods of identifying the MOA includes the isolation and 

sequencing of resistant mutants or macromolecular synthesis method (MMS). 

Resistant mutants are obtained by serial culturing of the microbe in sub-lethal 

doses antibiotics. Mutation of target genes that confer resistance can provide 

important clues to the MOA. Unfortunately, resistance can also arise through 

mutations in genes which are not the drug target (Nikaido, 2001; Li and Nikaido, 

2009). For example, upregulation of efflux pumps limits the ability of the drug to 

access its target and hence confer resistance, but does not provide any 

information regarding the MOA. The second approach, MMS utilizes radioactively 

labeled building blocks of protein, RNA, DNA, lipid, peptidoglycan synthesis as 

markers to identify which pathway is inhibited (Guan et al., 1992). One limitation 

of this method is the inability identify non-specific inhibitors that have unique 

MOAs such as membrane active compounds that block multiple pathways 

simultaneously. Furthermore, this method is unable to identify molecules that 

inhibit new targets not measured by the labels and it is incapable of 

distinguishing which specific step in each pathway is inhibited. Thus, MOA 

determination remains a slow step in antibacterial drug discovery. 

Other methods that combine target-based testing of whole cells include 

the use of proteomics and transcriptomics to determine if antibiotic treatment 

induces specific stress responses that provide a clue as to the target (Guan et al., 

1992; Xu et al., 2006, Wang et al., 2006, Donald et al., 2009). However, because 

different inhibitors trigger overlapping cellular stress responses, the exact target 

may not always be easily identifiable. Thus, gene expression methods are 
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commonly used in conjunction with specialized strain collection such as 

knockdown (Guan et al., 1992; Donald et al., 2009) and overexpression libraries 

(Xu et al., 2006) that increase or decrease sensitivity to inhibitors of the pathway.  

Another popular target-based approach is antisense technology. In one 

study, Elitra Pharmaceutical and Merck and Co. Inc. (Wang et al., 2006).used 

antisense technology to knockdown 3-oxoacyl-acyl carrier protein synthase, 

FabF, in S. aureus, leading to the discovery of platensimycin. Overexpression of 

FabF increased resistance and the molecule inhibited FabF both in vivo and in 

vitro. Despite promising results, these experiments still require that a company 

focus screening efforts on a relatively low number of potential cellular targets that 

may or may not prove viable in the clinic. 

 

Mode of Action Determination Utilizing Bacterial Cytological Profiling (BCP) 

In the interest of developing a method which provides clues to a 

compound’s MOA in a simple, quick manner to guide antibiotic discovery, 

Nonejuie demonstrated that a newly developed fluorescent-microscopy based 

technique, BCP, is able to identify MOA (Nonejuie et al., 2013). The observation 

that treatment of bacteria using antibiotics with differing MOA resulted in distinct 

changes to cytological profiles provides the basis of this method. Measurements 

of tens of parameters allowed for the discrimination of different antibiotic classes 

as well as subdivision of antibiotics dependent on which step in a pathway was 

inhibited. Additionally, Nonejuie demonstrated that one could identify a 

compound with an unknown MOA by comparing the measured cytological profile 

of an unknown agent to a library of reference profiles of compounds with known 

MOA. Lamsa demonstrated the ability of BCP to readily discriminate between 
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molecules that target the bacterial cell membrane in various manners, providing 

a major advance in the otherwise difficult to study and common category of 

membrane active molecules (Lamsa et al., 2016). Thus, BCP is able to identify 

the likely MOA of new antibacterial molecules in a manner that is more rapid and 

more broadly applicable to challenging mechanisms than other methods.  

 

Antibiotic stewardship 

Management of increasingly drug-resistant pathogens not only calls for 

the development of new antibiotics but also for improved antibiotic stewardship. 

Antibiotic stewardship programs focus on developing and implementing 

strategies to reduce the emergence and spread of resistant pathogens and to 

more effectively use existing antimicrobials (Goff et al., 2012a). Examples of 

such strategies include strict infection control procedures and antimicrobial 

restrictions, permitting usage of the drug of last resort only when needed. In 

cases where the infection progresses very rapidly, the need for immediate 

therapeutic intervention often requires treatment that assumes drug resistance. 

Thus, rapid diagnostic platforms, especially rapid antimicrobial susceptibility 

testing (AST), are critical because they promote effective usage of current 

antimicrobial agents by determining the appropriate therapy in a timely manner. 

In fact, the time to appropriate antimicrobial therapy has been demonstrated to 

be a key predictor of mortality in patients with infectious diseases (Garey et al., 

2006; Kumar et al., 2009; Kumar et al., 2006; McGregor et al., 2007). Thus, the 

development of rapid AST will both promote antimicrobial stewardship and 

enhance patient outcomes. 
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Traditional antimicrobial susceptibility testing such as agar and broth 

dilution evaluate the ability of the drug to inhibit growth. The activity is quantified 

by measuring the zone of growth inhibition, as in the case of antibiotic disk 

assays, or from the minimum inhibitory concentration (MIC). These traditional, 

phenotypic testing methods are the established “gold standard” for determining 

the antimicrobial susceptibility of various microorganisms. However, these 

methods have relatively long time-to-response (TTR) ranging from 24 to 72 hours 

after the isolation of bacteria colonies (Goff et al., 2012b). Automated commercial 

microdilution platforms such as Vitek-2 (bioMérieux), Phoenix (Becton-Dickinson) 

and Microscan (Beckman Coulter) provide high-throughput AST for clinical 

laboratories. Some of these platforms provide a tentative susceptibility 

assignment as early as five hours. Additional rapid platforms are in various 

stages of FDA approval for selected pathogens and are gaining in popularity 

although none, as of yet, are as widely used as traditional microdilution or disk 

diffusion methods.  

Current AST falls under one of two platforms: molecular or phenotypic. In 

general, phenotypic platforms such as those described above evaluate growth or 

cell metabolism after antibiotic exposure over shorter periods of time in order to 

deduce susceptibility while molecular platforms identify the presence of 

resistance determinants. Molecular AST varies in the time to susceptibility 

determination from 1-6 h, depending on the system (Bauer et al., 2014). Some 

examples include multiplex polymerase chain reaction (PCR), nanoparticle 

probes, and peptide nucleic acid fluorescent in situ hybridization (PNA FISH). 

Multiplex PCR systems such as Becton-Dickinson Gene Ohm’s Staph SR assay, 

Cepheid’s Xpert and BioFire Diagnostics’ FilmArray blood culture identification 
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(BCID), use fluorescently labeled probes with a variety of primers to detect 

multiple organisms and resistance markers. In Nanosphere’s Verigene blood 

culture Gram-positive assay, clinical samples undergo nucleic acid extraction, 

PCR amplification and hybridization of target DNA to a microarray. This method 

allows for the identification of an array of organisms as well as some resistance 

markers. Similarly, AdvanDx’s PNA FISH, QuickFISH, and XpressFISH hybridize 

synthetic oligonucleotide fluorescence-labeled probes to species-specific 

ribosomal RNA or resistance markers.  

Molecular systems generally have lower TTR, have higher sensitivity and 

can be performed on polymicrobial samples, but they require prior knowledge of 

resistance determinants. Unsurprisingly, a limitation of these systems includes 

underestimation of resistance because markers will only detect targeted 

resistance genes and the test cannot detect potential unknown resistance genes. 

For example, in a recent study in which the resistome of P. aeruginosa was 

analyzed by genomic sequencing of 390 clinical isolates, the group was unable 

to predict resistance profiles for all the isolates from sequence alone, likely due to 

the wide array of resistance mechanisms used by this pathogen (Kos et al., 

2015). Additionally, the tests have a possibility of overestimating resistance in 

certain cases where there is no resistance phenotype because the gene is 

inactive or not expressed (Kumar et al., 2013; Arena et al., 2015). For these 

reasons, molecular methods are often performed in conjunction with traditional 

methods.  

Rapid phenotypic methods generally determine susceptibility with 3-5 

hours. A few examples include the Alifax’s ALFRED60 and Accelerate 

Diagnostics’ ACCELRATE ID. The ALFRED60 uses light scatter technology to 
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continuously measure culture turbidity to obtain a growth curve. In contrast, 

ACCELERATE ID, a system currently undergoing FDA approval, performs time-

lapse automated microscopy of immobilized bacterial cells on a gel matrix. The 

bacterial cells are identified using species-specific fluorescent markers, while 

bacterial growth under the exposure of various concentrations of antimicrobial 

compounds are correlated to a susceptibility category. Although ACCLERATE ID 

utilizes microscopy and measures a few cellular parameters, many of the 

susceptibility categorization is based only on growth (or increase in cell counts), 

because it relies low resolution imaging modalities. In contrast, BCP is performed 

by measuring a multitude of parameters from high resolution images. BCP also 

does not require a prior knowledge of resistance genes or mechanisms and is 

readily adaptable to various species and antibiotics. Thus, BCP serves as a 

promising platform for AST.  

In the next few chapters I will discuss the usage and analysis of Bacterial 

Cytological Profiling in various contexts. In Chapter 2, I extended the functionality 

of BCP beyond MOA determination, as demonstrated by Nonejuie (Nonejuie et 

al., 2013) and Lamsa (Lamsa et al., 2012), to develop a rapid AST assay for drug 

resistant S. aureus. In Chapter 3, I discussed Rapid Inhibition Profiling (RIP), a 

system consisting of cytological profiles for new antibiotic targets for which there 

are currently no chemical inhibitors. In Chapter 4, I extended BCP testing to 

another clinically relevant Gram-negative pathogen, validating the usage of BCP 

in MOA and AST testing for P. aeruginosa. Finally, in Chapter 5, I discussed a 

newly developed graphical user interface for BCP data analysis and used this 

platform to analyze several published BCP datasets in order to outline how one 

would approach analyzing and interpreting BCP results.            	
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CHAPTER 2 

Bacterial Cytological Profiling (BCP) as a Rapid and Accurate 

Antimicrobial Susceptibility Testing Method for Staphylococcus 

aureus 
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CHAPTER 3 

Rapid Inhibition Profiling in Bacillus subtilis to Identify the 

Mechanism of Action of New Antimicrobials 
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CHAPTER 4 

Application of Bacterial Cytological Profiling to Pseudomonas 

aeruginosa  
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Introduction 

The emergence of antibiotic resistant pathogens compounded with the 

decreasing discovery rate of antibiotics with novel mode of actions (MOA), pose 

a major threat to human health. Gram-negative pathogens are particularly 

alarming as they are becoming resistant to nearly all clinically available 

antibiotics (Livermore, 2004). These bacterial species are intrinsically resistant 

with the outer membrane providing a barrier for amphipathic compounds, efflux 

pumps recognizing and expelling compounds which manage to permeate the 

outer membrane, and the inner membrane restricting the penetration of 

hydrophilic substances (Lomovskaya and Lewis, 1992; Li and Nikaido, 2004; 

Lewis, 2013). In response to these highly drug resistant pathogens, colistin, an 

antibiotic notorious for nephrotoxicity and neurotoxicity used clinically during the 

1960s-70s, has been reintroduced as a salvage therapy (Li et al., 2005; Li et al., 

2006; Falagas and Kasiakou, 2005; Siegel, 2008). Unfortunately, colistin-

resistant strains have also started to surface (Antoniadou et al., 2007; Nicas and 

Hancock, 1980; Young et al., 1992). The threat these pathogens pose to public 

health is highlighted in recent high profile hospital outbreaks of carbapenem-

resistant Gram-negative bacteria at NIH Clinical Center Hospital, 2011, and 

UCLA medical center, 2015. 

 Pseudomonas aeruginosa (P. aeruginosa) is a Gram-negative bacterium 

that causes several healthcare-associated infections including pneumonia, 

bacteremia and surgical site infections. This opportunistic pathogen is 

responsible for approximately 51,000 infections in the United States each year, 

accounting for 8% of all nosocomial infections reported to the CDC (CDC, 2013) . 

Of these 51,100 infections, more than 13% are attributed to multi-drug resistant 
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(MDR) strains. P. aeruginosa as well as other Gram-negative pathogens, are 

inherently resistant due to low drug permeability through the outer membrane, 

constitutive expression of efflux pumps and production of antibiotic-inactivating 

enzymes (Hancock, 1998; Siegel, 2008). MDR mechanisms are mediated by 

multidrug efflux systems, production of enzymes that modify the antibiotics, porin 

loss, changes to the composition of cytoplasmic membrane and mutations that 

modify the target protein (Hirsch and Tam, 2010). P. aeruginosa can also 

develop resistance through acquisition of resistance genes on mobile genetic 

elements or via mutations. Resistance via mutations can be attributed to 

individual point mutations or to an accumulation of mutations resulting in a 

gradient of resistance, posing a challenge in determining resistance using 

sequencing alone. Not only do resistance genes need to be previously known but 

also the point mutation(s) affecting expression or regulation of genes (ie efflux 

pumps) which may not confer resistance alone but work in synergy with other 

resistance mechanisms must also be identified. Given the genetic variation 

between different P. aeruginosa strains, it would be an enormous feat to tease 

out all the mutations that contribute to resistance and to determine if a particular 

combination of mutations would be sufficient in conferring resistance. 

Of the several rapid susceptibility platforms discussed in the introduction, 

a few provide noteworthy rapid susceptibility assays for P. aeruginosa. Tunnel et 

al. developed a rapid colorimetric assay to obtain a minimum inhibitory 

concentration (MIC) after 5 h (Tunney et al., 2004), by assessing reduction of a 

tetrazolium salt by metabolically active cells to generate a colored, water-soluble 

formazan. Huang et al. developed a cytometric assay utilizing an adaptive 

multidimensional statistical metric (Huang et al., 2015). This group coupled flow-
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cytometry, which measured forward scatter, side scatter and fluorescence, with 

multidimensional statistical analysis to determine the pathogen’s susceptibility 

after 1 h antibiotic treatment. Unfortunately, this method was tested on only a few 

selected strains and antibiotics. Additional clinical isolates need to be tested to 

validate the usage of this technique for a range of strains with different resistance 

profiles. In another recent study, 390 P. aeruginosa clinical isolates were 

sequenced and the relationship between the genetic sequence and phenotypic 

susceptibility was analyzed to develop a resistome (Kos et al., 2015). The high 

level of discrepancy (ranging from 10-20%) between sequence data and 

microbiological susceptibility data demonstrated that this method required more 

work. Recall that drug resistance in P. aeruginosa can be conferred by individual 

resistance genes, by mutations affecting expression of existing genes, or by an 

accumulation of multiple point mutations affecting several different genes, 

rendering sequence-based methods complicated for this organism. One potential 

benefit of using BCP as a rapid	 antimicrobial susceptibility test (AST) is that BCP 

is a phenotype-based test that can be used to detect resistance without prior 

knowledge of the genetic basis of resistance.  

In previous publications, BCP had been applied to two areas (1) 

Classification of antibiotic mode of action (MOA-BCP) and (2) Antimicrobial 

susceptibility testing (AST-BCP). In this chapter, I will discuss the application of 

BCP to P. aeruginosa in these two areas. 
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Table 4.1. Antibiotic panel. Antibiotic selected for testing are clinically relevant 
antibiotics commonly used in the treatment of P. aeruginosa infections. 
 

Target Class Name Abbreviation 

Protein 
Synthesis 

Aminoglycoside 
Gentamycin GEN 

Tobramycin TOB 

DNA Replication Quinolone 
Levofloxacin LVX 

Ciprofloxacin CIPX 

Cell Wall 

Penicillin Ticarcillin  TIC 

Cephalosporin Cefepime FEP 

Cephalosporin Ceftazidime CAZ 

Monobactam Aztreonam AZA 

Carbapenem Meropenem MEM 

Carbapenem Doripenem DOR 
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Table 4.2. Minimum inhibitory concentration (MIC) interpretive standards 
for Pseudomonas aeruginosa. Breakpoints for susceptibility category are 
reported with units μg · mL-1. (CLSI, 2014) 
 

Name Sensitive  Intermediate Resistant 

Gentamycin ≤ 4 8 ≥ 16 

Tobramycin ≤ 4 8 ≥ 16 

Levofloxacin ≤ 2 4 ≥ 8 

Ciprofloxacin ≤ 1 2 ≥ 4 

Ticarcillin ≤ 16 32-64 ≥ 128 

Cefepime ≤ 8 16 ≥ 32 

Ceftazidime ≤ 8 16 ≥ 32 

Aztreonam ≤ 8 16 ≥ 32 

Meropenem ≤ 2 4 ≥ 8 

Doripenem ≤ 2 4 ≥ 8 
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Table 4.3. MIC of bacterial strains. MIC (μg · mL-1) read after 24 hours 
incubation with antibiotics diluted in cation-adjusted MHB at 30°C. MIC are 
reported as mean of triplicates. 
 

Name PA01 ATCC27853 P4 

Gentamycin 1.7 1.1 5.6 

Tobramycin 0.4 0.4 0.9 

Levofloxacin 0.1 0.3 3.2 

Ciprofloxacin 0.7 1.5 12 

Ticarcillin 18 26 222 

Cefepime 4.2 5.9 95 

Ceftazidime 4.1 5.6 187 

Aztreonam 3.5 4.8 51 

Meropenem 1 0.5 14 

Doripenem 0.6 0.4 11 
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Materials and Methods 

Strains and Antibiotics 

For MOA-BCP, wildtype P. aeruginosa strain, PA01 was used. In the 

AST-BCP, two susceptible strains (PA01 and ATCC 2287) and one resistant 

strain (P4) (Lin et al., 2015) were used. Ten antibiotics and their corresponding 

antibiotic breakpoints as given by CLSI guidelines are shown in Table 4.1 and 

Table 4.2. All antibiotics were obtained from Sigma-Aldrich Inc.  

 

Minimum Inhibitory Concentration (MIC) Determination 

MIC data shown in Table 4.3 was determined in accordance to CLSI 

microdilution method (CLSI, 2012). 

 

Fluorescent Microscopy and Cytological Profiling 

Cells were grown in Muller-Hinton Broth II at 37° until cultures reach an 

OD600 of 0.2. At this point cultures were split into different tubes containing 

varying concentrations of antibiotics (0, ¼, ½, 1, 2, 4 times the sensitive 

breakpoints as given in Table 4.2) and 4ug mL-1 of FM 4-64. Treated cell culture 

were grown at 37° C with samples of cell culture taken at selected time points (30 

min, 1 h and 2 h). Four microliters of cells were added to four microliters of dye, 

mix, and transferred to an agarose pad. The dye mix contained 100ug mL-1 DAPI 

and 1uM SYTOX-Green. Microscopy and cytological profiling measurements 

were performed as described in previous publications (Lamsa et al., 2012; Quach 

et al., 2016).  
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Data Analysis 

Data analysis, including principal component analysis, was performed 

using custom MATLAB scripts.  

 

Results 

Antibiotic Mode of Action 

The relationship between MOA and distinct changes in the bacterial 

cytological profiles have been demonstrated in E. coli (Nonejuie et al., 2013) as 

well as for B. subtilis (Lamsa et al., 2012; Lamsa et al., 2016). It was unclear if 

the relationship between MOA and cytological profiles is conserved and 

applicable to a variety of bacteria, and I here tested if this relationship held true 

for P. aeruginosa. 

The P. aeruginosa MOA-BCP experimental design which includes testing 

time points, antibiotic concentrations and dyes used was comparable to 

published BCP E.coli studies. The same dyes used to stain cell membrane and 

DNA were used at higher concentrations in the P. aeruginosa experiments due to 

decreased permeability and binding compared to E. coli. Even with these higher 

concentrations, cells had low and diffused DNA staining with DAPI. Thus, in my 

experiments, there was some variability in DNA staining. Despite the 

inconsistency, I was able to obtain cytological profiles based on the averages of 

hundreds of cells. 

It might be expected that there would be similarities between the profiles 

of different Gram-negative species when treated with similar antibiotics. In order 

to determine how comparable two Gram-negative cytological profiles are for a 

given antibiotic target, I compared the profile of P. aeruginosa strain PA01, a 
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commonly used reference strain, to published BCP profiles of Escherichia coli (E. 

coli) strain lptD4213 (Nonejuie et al., 2013). PA01 was treated with 10 different 

antibiotics, spanning 3 antibiotic target classes (Figure 4.1; Figure 4.2). In both E. 

coli and P. aeruginosa, the membrane was stained with FM 4-64 (red), and DNA 

was stained with DAPI (blue). However, only P. aeruginosa was stained with 

SYTOX green, a dye that usually is membrane impermeable and only stains cells 

with compromised membranes. Thus, I will not compare permeability despite 

some permeability data being provided for selected antibiotics in E.coli BCP 

publication.  
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Figure 4.1. Comparison of E. coli and P. aeruginosa treated with 
aminoglycoside or quinolone. E. coli (IptD4213) treated with 5x MIC of each 
antibiotic for 2 h (orange; first row) (Nonejuie et al., 2013). P. aeruginosa treated 
with 5x MIC of each antibiotic for 2 h (below E. coli). In both E. coli and P. 
aeruginosa, the membrane was stained with FM 4-64 (red), and DNA was 
stained with DAPI (blue). Additional for P. aeruginosa the DNA was stained with 
SYTOX green (green). SYTOX green only stains permeabilized cells and serves 
as a cell lysis indicator. Refer to Table 4.1 for antibiotic abbreviations. (Scale bar, 
1 μm) 
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Figure 4.2. Gram-negative bacteria treated with cell wall synthesis 
inhibitors. Comparison of E. coli  (orange; first row) (Nonejuie et al., 2013) and 
P. aeruginosa (below E. coli) treated with 5x MIC of each antibiotic for 2 h .Cells 
were treated with (A) penicillin or cephalosporin or  (B) carbapenem or 
monobactaam. In both E. coli and P. aeruginosa, the membrane was stained with 
FM 4-64 (red), and DNA was stained with DAPI (blue). Additionally, for P. 
aeruginosa was stained with SYTOX green, a compound that only stains 
permeabilized cells and serves as a cell lysis indicator. Refer to Table 4.1 for 
antibiotic abbreviations. (Scale bar, 1 μm) 
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Treatment with aminoglycoside, a class of protein synthesis inhibitors, 

resulted in small and permeabilized cells in P. aeruginosa while the cells were 

wider in E. coli. Quinolones, antibiotics which target DNA replication, resulted in 

long, filamentous cells with condensed DNA in E. coli but enlarged, lysed cells in 

P. aeruginosa. Cell wall synthesis inhibitors produced long, filamentous cells in 

both Gram-negative bacteria species with the exception of carbapenems. Under 

carbapenem treatment E. coli swelled up and lyse while P. aeruginosa formed 

bulges in the center and became more circular (Figure 4.1 B). Thus, while there 

were some overlapping trends in both Gram-negative pathogens such as the 

observation that most cell-wall inhibitors resulted in long cells, there were also 

differences such as those observed with carbapenem and quinolone treatment.  

The E.coli study was able to discriminate subclasses within each 

antibiotic class dependent on unique MOA (Nonejuie et al., 2013). Since the 

variability in P. aeruginosa profiles were comparable to E. coli profiles, I expected 

similar success in classification. The P. aeruginosa set contained insufficient data 

points to build a reliable classifier. Therefore, I performed the analysis of the P. 

aeruginosa profiles using principal component analysis (PCA) to observe 

variance and clustering of different antibiotic targets (Figure 4.3). Cytological 

profiles of PA01 treated with 5x MIC of each antibiotic were measured for 30 min, 

1 h and 2 h. After 30 min of treatment there was a noticeable separation of cell 

wall inhibitors from untreated control (Figure 4.3 A). Visual inspection of the 

associated images showed elongated cells when treated with antibiotics that 

targeted the cell wall. In contrast, by 30 min there was little observable distinction 

between the other antibiotic targets. After 1 h of treatment, the separation 

between cell wall and protein synthesis inhibitors from untreated control became 
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more distinct (Figure 4.3 B). Profiles obtained at 2 h showed the greatest 

separation in class, where class refers to different antibiotic targets (Figure 4.3 C). 

Antibiotics which target protein synthesis such as gentamycin and tobramycin 

resulted in slightly smaller, permeabilized cells. Because protein synthesis 

inhibitors cause little changes in cellular morphology in comparison to the other 

antibiotic targets, drugs targeting protein synthesis clustered closest to the 

untreated wildtype in the PCA plot. Carbapenem treatment exhibited different 

cytological profiles compared to other antibiotics that target the cell wall. Cell wall 

antibiotics such as penicillin, cephalosporin and monobactam resulted in longer 

cells where greater length was proportional to increasing concentrations and 

antibiotic treatment duration. Similarly, carbapenem treatment resulted in cells 

that are long and filamentous at lower doses or shorter treatment duration 

(Figure 4.4). However, at higher concentrations and after longer treatment period, 

cells formed bulges, became more circular and lysed. Given this observation, it 

was expected that at 2h carbapenem would cluster between the untreated 

control and DNA replication inhibitors which caused cells to become enlarged 

and lysed, as was observed. 



70 

  

 

Figure 4.3. PCA plot of PA01 under various antibiotic treatment. PCA plots 
of PA01 treated at 5x MIC of each antibiotic for (A) 30 min (B) 1 h or (C) 2h. The 
plot includes untreated control (black) and three target class- protein synthesis 
(green), DNA replication (blue) and cell wall (shades of red). Refer to Table 4.1 
for antibiotic abbreviations. 



71 

  

 

Figure 4.4. Cytological profile matrix of PA01 treated with meropenem. 
(Scale Bar, 1uM)  
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Standard MOA classification was performed for treatment conditions of 5x 

MIC antibiotic concentration for 2h. In the interest of advancing towards more 

comprehensive analysis, for each strain and antibiotic tested, cytological profiles 

were obtained at various concentrations and time points, producing a cytological 

profile matrix. Figure 4.4 is an example of a cytological profile matrix 

summarizing different cell cytology for varying treatment time and concentration 

of the antibiotic, in this case meropenem. PCA was performed on a dataset that 

included all time points and antibiotic concentration. The transformation matrix 

calculated from the PCA analysis was used to plot profiles from each time point 

(Figure 4.5 A-C). Comparison of PCA plots showed that there were noticeable 

differences between treated and untreated as well as between treatments of 

varying antibiotic concentrations as early as 1 h. Tracing the path of the same 

antibiotic concentration from 30 min to 1 h to 2 h on PCA plots allowed for 

quantification of visible changes in cytological profiles during treatment (Fig. 4.5 

D). At lower meropenem concentrations (1 and 2 μg · mL-1; yellow and red), the 

profiles shifted toward the higher principal component 1 (PC1), whereas, at 

higher concentrations, the profiles shifted slightly right toward higher PC1 values 

then left toward lower PC1 values. These shifts mirrored the differences 

observed in cytological profile matrix where at lower concentrations and early 

time points cells become elongated whereas at higher concentrations cells form 

bulges and became circular. In this case, PCA plots were useful in identifying the 

concentration and time point where there was a divergence in phenotype.
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Figure 4.5. PCA of PA01 treated with meropenem. PCA was performed on the 
aggregated profiles from all time points (30 min, 1 h and 2h) to generate an 
orthogonal transformation matrix. This transformation matrix was used to plot 
profiles from (A) 30 min (circles), (B) 1 h (squares), (C) 2h (diamond) or (D) the 
combination of all time points. Arrows connect data samples with the same 
antibiotic concentration and directed in order of advancing time points. (Antibiotic 
concentrations, μg · mL-1) 
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Figure 4.6. Cytological profile matrix of PA01 treated with ciprofloxacin. 
(Scale Bar, 1uM)  
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Figure 4.7. PCA of PA01 treated ciprofloxacin. PCA was performed on the 
aggregated profiles from all time points (30 min, 1 h and 2 h) to generate an 
orthogonal transformation matrix. This transformation matrix was used to plot 
profiles from (A) 30 min (circles), (B) 1 h (squares), (C) 2 h (diamond) or (D) the 
combination of all time points. Arrows connect data samples with the same 
antibiotic concentration and directed in order of advancing time points. (Antibiotic 
concentrations, μg · mL-1) 
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Cytological profile matrix and PCA plots of ciprofloxacin treated cells with 

varying concentrations provide another example of the extent and time scale of 

changes in cytological profiles (Figure 4.6, 4.7). Similar to the meropenem 

profiles, separation between different antibiotic concentrations was noticeable 

after 1 h of antibiotic treatment. Additionally, for all antibiotic concentrations, 

except for the concentration equal to zero which corresponds to the untreated 

control, the cells shifted toward higher PC1 values. This was representative of 

the observed shifts in cytology, as treated cells became enlarged and lysed, with 

an increasing concentration correlating with a decreased time to lysis but not a 

different cytological outcome. This was different than what was detected for 

meropenem where we observed two very different cytological outcomes 

dependent on treatment concentration.  

 

Antibiotic Susceptibility Testing 

In the previous section, I discussed the differences in profiles after 

various antibiotic treatments to show that BCP could be used for MOA 

determination in P. aeruginosa, subject to the constraint that only limited number 

of antibiotics are effective in this organism and that in some cases somewhat 

different cytological impacts are observed in E. coli and P. aeruginosa. In the 

following section, I will explore the differences between different antibiotic 

susceptible or antibiotic resistant strains in order to evaluate the usage of BCP as 

a tool for AST in P. aeruginosa. BCP had been demonstrated to function as a 

rapid AST for Gram-positive bacteria, Staphylococcus aureus (S. aureus) (Quach 

et al., 2016). Thus, the application of BCP as an AST assay for Gram-negative 

bacteria, P. aeruginosa, serves to complement previous S. aureus studies. 
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In order to evaluate if BCP could be used to discriminate between 

susceptible and resistant strains, I created cytological profiles for PA01 

(susceptible) and P4 (MDR) treated with antibiotics listed in Table 4.1. 

Cytological profile matrix of antibiotic resistant strain, P4, showed little change in 

cytology, with the exception that at the highest concentration of meropenem cells 

were elongated and formed slight bulges (Figure 4.8). In contrast, the same 

treatment concentrations and times produced noticeable deformations in PA01 

(Figure 4.4). As expected, examination of the PCA plots of P4 treated with 

meropenem revealed that most of the early time points as well as most of the 

concentrations clustered close to the untreated control, with the exception of 

samples corresponding to meropenem 8 μg·mL-1, the highest treatment 

concentration, and to a lesser extent meropenem 4 μg·mL-1, which shifted 

towards higher PC1 values at later time points as cells became elongated (Figure 

4.9). 
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Figure 4.8. Cytological profile matrix of P4 treated with meropenem. (Scale 
Bar, 1uM)  
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Figure 4.9. PCA of P4 treated meropenem. PCA was performed on the 
aggregated profiles from all time points (30 min, 1 h and 2h) to generate an 
orthogonal transformation matrix. This transformation matrix was used to plot 
profiles from (A) 30 min (circles), (B) 1 h (squares), (C) 2h (diamond) or (D) the 
combination of all time points. Arrows connect data samples with the same 
antibiotic concentration and directed in order of advancing time points. (Antibiotic 
concentrations, μg · mL-1) 



80 

  

To directly compare the susceptible and resistant profiles, PCA plots 

consisting of PA01 and P4 profiles were generated for each time point (Figure 

4.10). PCA plots provided an easy visualization tool to determine (1) at what time 

point was there an observable different in cytological profile and (2) the 

relationship between antibiotic concentration and change in cytology. Separation 

of susceptible strain, PA01, and resistant strain, P4, was detected as early as 30 

min. Furthermore, separation between these two classes became more distinct 

with increasing treatment duration. Using the PCA plots, the minimum 

concentration necessary to discriminate between susceptible and resistant 

strains for a given time point could be estimated. For example, with a treatment 

duration of 30 min, a minimum meropenem concentration of 2 μg·mL-1 was 

needed to discriminate between susceptible and resistant strains. However, if a 

treatment time of 1 h is selected, a lower minimum concentration of 1 μg·mL-1 

was necessary for discrimination.  

Figure 4.11 contains PCA plots with another susceptible strain, 

ATCC27853, added. From these plots, a minimum of 1 h treatment sufficient to 

discriminate between susceptible and resistant strains. As expected, the resistant 

strains show little changes in cytological profile, hence they clustered close to the 

untreated samples. With three different strains the graph is crowded, thus, with a 

set of tens to hundreds of clinical isolates it would be impractical to use PCA to 

discriminate between resistant and susceptible strains. In all the antibiotics tested, 

there was a set of experimental conditions (antibiotic concentration and treatment 

duration) that corresponded to susceptibility discrimination. 
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Figure 4.10. PCA of PA01 and P4 treated with meropenem. PCA plot 
independently generated for (A) 30 min, (B) 1 h or (C) 2h. Increasing marker 
sizes correspond to increasing antibiotic concentration. (Antibiotic concentrations, 
μg · mL-1) 
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Figure 4.11. PCA of PA01, P4 and ATCC27853 treated with meropenem. 
PCA plot independently generated for (A) 30 min, (B) 1 h or (C) 2h. Increasing 
marker sizes correspond to increasing antibiotic concentration.(Antibiotic 
concentrations, μg · mL-1) 
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Conclusion 

BCP is a powerful method comprised of measuring numerous cytological 

parameters, including changes in DNA. One challenge with applying this method 

to P. aeruginosa was likely due to the fact that this species constitutively 

expresses efflux pumps and that MDR strains show elevated expression of efflux 

pumps, making DNA staining challenging. Thus, DNA staining, especially in MDR 

strains, was diffuse and sometimes inconsistent. It is critical that before 

expanding the P. aeruginosa library to include a broader variety of antibiotics and 

more clinical isolates this issue must be addressed. For MOA studies, we plan to 

perform BCP using strain K2733, a efflux mutant strain deficient for four 

important efflux systems (Balemans et al., 2012), or a strain that constitutively 

expresses GFP fused to a DNA binding-protein. In the case of AST, because the 

library will be comprised of clinical isolates, it would be impractical and 

undesirable to genetically manipulate the strains. Hence, we will try to collapse 

the PMF immediately before staining and imaging. In preliminary experiments, I 

have tried to collapse the PMF using various concentrations of Carbonyl cyanide 

m-chlorophenyl hydrazine (CCCP), however DAPI staining remained inconsistent. 

Future experiments will include the investigation of other compounds such as 

valinomycin, nigericin and gramicidin which has also been shown to collapse the 

proton motive force (PMF) (Cook et al., 2014). Another promising compound, 

Phe-Arg-beta-naphthylamide (MC-207110), is an efflux pump inhibitor active 

against P. aeruginosa (Lomovskaya et al., 2001). The addition of compounds 

which collapse the PMF will likely cause a change in cytology as documented in 

both E. coli and B. subtilis (Nonejuie et al., 2013; Lamsa et al., 2012); thus, 

optimization experiments must be done in order to find the ideal time span which 
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allows for sufficient DAPI staining but would be insufficient for the compound to 

cause any major changes to the cytology.  

In this chapter, I have shown with a preliminary set of clinically relevant 

antibiotics that even with this limitation, BCP could be utilized in P. aeruginosa. 

Gaining maximal information on MOA will require comprehensive cytological 

profile libraries after treatment with various concentrations for various times, 

which provides more information compared to the standard 5x MIC at 2h profiles. 

As more antibiotics are included into BCP species-specific reference libraries, the 

concentration and temporal information contribute another dimension of data, 

allowing for a better understanding of the antibiotic. An in-depth library is 

expected to aid in subgroup identification since different antibiotics may produce 

similar changes to cytology that manifest over different timescales, indicative of 

differences in MOA. 

It is necessary to expand MOA determination via BCP to other organism 

as certain antibiotics maybe species specific. Given the fact that drug-resistant P. 

aeruginosa poses a significant threat to public health, an established P. 

aeruginosa BCP library would allow for screening and discovery of new 

compounds active against this pathogen. Selection for species-specific 

compounds are one critical future approach for antibiotic discovery (Fischbach 

and Walsh, 2009). Species-specific antimicrobials are unlikely to be nuisance 

compounds such as detergents or agents that intercalate DNA, are expected to 

exhibit lower toxicity to human and would minimize adverse effects to our gut 

microbiome. Preservation of the gut microbiome is gaining significance as the 

microbiota had been demonstrated to affect the development of gastrointestinal 

diseases, diabetes, obesity and the general state of immune system and mental 
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health (Fischbach and Walsh, 2009; Turnbaugh et al., 2009; Kau et al., 2011; 

Neufeld et al., 2011; Dethlefsen and Relman, 2011). 

Given this initial set of strain and antibiotics, there was an observable 

distinction between susceptible and resistant strains when evaluating PCA plots. 

Thus, preliminary results supported the usage of BCP as surrogate for traditional 

AST of P. aeruginosa. These preliminary studies were performed with selected 

reference susceptible and resistant strains. Similar to BCP AST in S. aureus, 

BCP will be performed on a set clinical isolate to build a reference susceptibility 

library for P. aeruginosa. As more strains are added, PCA would become 

insufficient and harder to interpret. Accurate classification would likely require 

approaches such as LDA that are based on a training data set constructed from 

strains with known susceptibility. When sufficient samples are collected, 

susceptibility determination could be determined using a classification method 

rather than PCA, such as LDA, which I successfully applied to S. aureus (Quach 

et al., 2016), or another method, such as random forest or support vector 

machines classification. 

We will next perform BCP on a set of clinical isolates that includes strains 

with various resistance profiles. With an increasing number of reference samples, 

the reliability of susceptibility classification of unknown strains is expected to 

increase. Future studies include the expansion of BCP testing to include more 

clinically relevant antibiotics and a broader array of bacterial species in order to 

create species-specific libraries. These libraries could be used in both MOA and 

AST studies. In addition, libraries of the same antibiotic could be compared 

across species or between strains to provide additional information about the 

antibiotic MOA or identify strain subgroups corresponding to potential differences 
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in resistance mechanisms. In the future, simultaneous BCP testing of new 

compounds and strains along with traditional methods would complement one 

another. Furthermore, once the MOA or strain susceptibility of an unknown has 

been confirmed via traditional methods, the “true” classification can be inputted 

into the library allowing for better identification of future samples. Thus, BCP 

libraries are continually expanding, and with flexibility built-in to allow for new 

observations to be readily included and trends to be identified. 
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Introduction 

Bacterial cytological profiling (BCP) datasets are comprised of a multitude 

of parameters that together form unique profiles. By analyzing large quantities of 

parameters, we are able to detect differences between cytological profiles 

allowing for the usage of BCP in the determination of antimicrobial mode of 

action (MOA) and antibiotic susceptibility testing (AST). In advancing 

chronological order, publications relating to the development of BCP consist of 

(1) Lamsa 2012 (Lamsa et al., 2012), (2) Nonejuie 2013 (Nonejuie et al., 2013), 

(3) Quach 2016 (Quach et al., 2016) and (4) Lamsa 2016 (Lamsa et al., 2016). 

The evolution of BCP datasets and analysis is represented through the number 

of parameters measured as well as the type of analysis performed in the 

corresponding publications. 

In Lamsa 2012, the earliest publication related to BCP, the authors 

compared the cytological profiles of Bacillus subtilis (B. subtilis) cells treated with 

known antibiotics to those treated with a compound for which the mode of action 

is unknown, the SDP cannibalism toxin. In this paper, the intensity 

measurements of three different dyes were collected manually and compared 

quantitatively while cellular morphological changes were compared qualitatively 

in order to conclude that SDP collapses both components of the proton motive 

force. In the subsequent paper, Nonejuie 2013, the authors coined the term BCP 

and expanded the quantification of their profiles by measuring 14 different 

parameters that measured shape and staining intensity for various cell structures. 

Measurements were performed semi-automatically using ImageJ and profiles 

were compared using principal component analysis (PCA). However, the 

identification of unknown MOAs relied on qualitative data. 
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Quach (chapter 2) extended the usage of BCP beyond mode of action 

identification for the determination of antibiotic susceptibility. In both Quach 2016 

and Lamsa 2016, measurements were performed using CellProfiler (Kamentsky 

et al., 2011), allowing for higher throughput of cellular measurements compared 

to the ImageJ platform. In addition, a greater number of parameters were 

analyzed, with 22 parameters in Quach 2016 and 44 parameters in Lamsa 2016. 

Both publications used linear discriminant analysis (LDA), a supervised pattern 

recognition and machine learning statistical method that finds combinations of 

features to separate classes of objects, in order to cluster different treatments 

and classify unknown treatments. Since LDA is supervised, the classes 

(antibiotic targets studied in Lamsa 2016 and the antibiotic susceptibility of each 

strain in Quach 2016) were previously identified and supplied. The output LDA 

model is then used to predict the class of unknown profiles (and blind test 

samples), in order to predict possible MOA of unknown compounds or the 

antibiotic susceptibility of each strain.  

With the continuing advancement and development of BCP through these 

past few years, there is a progression towards increased throughput, automation, 

and more thorough data analysis. As a result, BCP is being adopted in more labs 

McLeod et al., 2015; Huang, 2015; Wilson et al., 2016). Data analysis is one 

aspect of BCP that has seen had relatively slower development. In the latest 

publication (Lamsa et al., 2016), classification and class predictions were 

performed using LDA analysis. Although LDA analysis has many benefits 

including intuitive visualization, easy interpretation and low computation cost, 

there are some disadvantages. LDA analysis assumes a Gaussian distribution, 

equal group covariance matrices, and linear relationship among parameters, 
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such assumptions are unlikely to be true for all datasets and deviations from 

these assumptions correspond to an increased error rate. In addition, LDA is 

most appropriate in cases where the groups are of equal sizes and there are 

more members per group than the number of independent parameters. Unequal 

group sizes influence sampling frequency: if the sampling frequency isn’t 

representative of the overall population there would be increased errors in future 

classifications. Datasets with fewer members per group than independent 

variables would reduce the ability of the classifier to be generalized for prediction 

of independent data. Due to these assumptions and requirements, LDA analysis 

is not universally applicable to all datasets. In order to choose the appropriate 

classification method for each dataset, the analysis of BCP datasets needs to be 

extended to allow for simultaneous training to a variety of classification methods.  

To this end, I have developed a user-friendly data analysis pipeline to 

retrieve meaningful data from BCP datasets through a MATLAB-based graphical 

user interface (GUI) for rapid, streamlined data analysis. The GUI is comprised of 

two parts: (1) Construction of trained classifiers (Figure 5.1) and (2) Prediction of 

new data using trained classifiers (Figure 5.2). The GUI allows for visualization of 

high dimensional data, training to models of common classification methods, 

cross-validation of created models, and creation of classifiers to predict identities 

of new, unclassified profiles. MATLAB 2015a currently contains a Classification 

Learner App, however, it does not include visualization of PCA and LDA plots, 

customizable plots outputs, or automated comparisons, including comparison of 

cross-validation results for all classification methods selected which is necessary 

for analysis of BCP data. In addition, my GUI has the ability to generate 

predictions of the classes for user input datasets based on multiple selected 
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models pre-trained with a BCP dataset. Using this GUI, I analyzed three existing 

data sets from (1) Nonejuie 2013: E. coli dataset (2) Quach 2016: S. aureus 

dataset and (3) Lamsa 2016: B. subtilis dataset. 
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Figure 5.1. MATLAB GUI part 1. The user is able to use this GUI to visualize 
multidimensional data and train multiple classifiers simultaneously. Refer to 
Table 5.1 for the description of classification methods. 
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Figure 5.2. MATLAB GUI part 2. The classifiers from GUI part 1 are used in part 
2 to predict the classes of new profiles. 
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Method 

The GUI was constructed by the assembly of common built-in MATLAB 

classification functions and customizing for the following: (1) Visualization of high 

dimensional data. (2) Construction of trained models to classify data. (3) Model 

validation. (4) Prediction of independent test data using constructed classification 

models.  

 

Visualization of high dimensional data 

High dimensional data was visualized using two options, parallel 

coordinate plots and PCA plots (Figures 5.3, 5.4). Parallel coordinates plots allow 

for visualization of multiple parameters for different samples on the same plot. 

The y-axis corresponds to coordinate value whereas the x-axis corresponds to 

different parameters, similar to a bar graph. A standardized plot, in which the y-

axis value is plot relative to the mean and standard deviation of each parameter, 

allows for visualization of data in which the magnitude of parameters vary widely 

(Figure 5.3 B). PCA plots, another commonly used method to visualize high 

dimension data, reduce large data sets by transforming the data into principal 

components (Fig 5.4). The first component (PC1) corresponds to the largest 

variance, with each succeeding component having descending variance. PCA 

plots are useful in identifying groups with large variances and in pattern 

recognition but are not optimal for class discrimination. 
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Figure 5.3. Parallel coordinate plot of E. coli dataset. Parallel coordinate plot 
of (A) raw values (B) or standardized values. The different classes shown are cell 
wall synthesis (C; orange), DNA synthesis and segregation (D; pink), lipid 
synthesis (L; purple), membrane active (M; yellow), nucleotide synthesis (N; 
green), protein synthesis (P; blue); RNA transcription (R; red); and untreated 
wild-type (W; black).   
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Figure 5.4. PCA plots of E. coli dataset. (A) PCA plot 8 classes (7 antibiotic 
classes and one control) and two test samples (neomycin and spirohexenoide). 
(B) PCA plot of 19 subclasses (18 antibiotic subclasses and one untreated 
wildtype) and two set samples (neomycin and spirohexenoide). The different 
classes shown are cell wall synthesis (C; orange), DNA synthesis and 
segregation (D; pink), lipid synthesis (L; purple), membrane active (M; yellow), 
nucleotide synthesis (N; green), protein synthesis (P; blue); RNA transcription (R; 
red); and untreated wild-type (W; black). Subgroups of each class are given as 
different shapes and contains numbers in the name.  
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Construction of trained models to classify data  

The GUI consists of a set of commonly used classification methods such 

as linear discriminant analysis (LDA) (Figure 5.5). Brief descriptions of each 

method and the corresponding built-in MATLAB function are given in Table 5.1. A 

summary of the characteristics of classifier types taken from MathWorks is given 

in Table 5.2.  

Additional assessment options are available for certain classifiers. For 

instance, Q-Q plots are generated for discriminant analysis and out-of-bag 

feature importance plots are generated for Random Forest (RF) analysis. A Q-Q 

plot compares two distributions by plotting the quantiles against each other. The 

Q-Q plot for discriminant analysis compares the empirical distribution for 

discriminant analysis to that of a theoretical normal distribution. If the two 

distributions are equivalent, the plot aligns to the 45° line. A deviation of data 

upwards of the 45° line is indicative of a dataset distribution which tails heavier 

than a normal distribution. Discriminant analysis assumes that the dataset has a 

normal distribution; hence, the Q-Q plot is used as a graphical tool to check the 

validity of discriminant analysis distribution assumption. As the data deviates 

from a normal distribution there would be a greater expected misclassification 

error of independent test sets due to generalization error. This error is a measure 

of how accurately the classifier is able to predict class for previously unseen data. 

Thus, if the dataset deviates greatly, discriminant analysis would not be 

appropriate as there will likely be an increase of misclassification rate of 

independent data sets (not to be confused with misclassification rate calculated 

from cross-validation where error is calculated using samples within the training 

library). 



98 
 

  

In the RF classification, in addition to outputting a trained classifier, an 

out-of-bag feature importance plot is generated by measuring the increase in 

prediction error for variable values permuted across the out-of-bag observations 

(Mathworks, 2016). Although the feature importance calculation identifies 

parameters which contribute to class discrimination specifically in RF, the same 

set of features is likely contributing to classification in other methods. 
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Figure 5.5. LDA plots of E. coli dataset. (A) LDA plot 8 antibiotic target classes 
and two test samples (neomycin and spirohexenoide). (B) LDA plot of 19 
antibiotic subclasses and two set samples (neomycin and spirohexenoide). The 
different classes shown are cell wall synthesis (C; orange), DNA synthesis and 
segregation (D; pink), lipid synthesis (L; purple), membrane active (M; yellow), 
nucleotide synthesis (N; green), protein synthesis (P; blue); RNA transcription (R; 
red); and untreated wild-type (W; black). Subgroups of each class are given as 
different shapes and contains numbers in the name.  
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Table 5.1. Classification methods (Mathworks, 2016). 

Method Description MATLAB Function 
Discriminant Analysis 
(DA) 
(Linear, Quadratic) 

Data samples are grouped by 
minimizing the variance within 
each group, and maximizing 
the variance between groups. 
Discriminant analysis assumes 
that different classes generate 
data based on different 
Gaussian distributions.  

fitcdiscr(predictors, 
response, options)  
 
 

Ensemble Classifiers 
1.) Boosted Trees 
      Subspace Discriminant 
      Subspace KNN 
      RUSBoosted    Trees 
                
2.) Random Forest  
 

Ensemble classifiers combine 
a set of trained weak learner 
models and training data. The 
aggregated predictions from 
weak learners are used to 
predict ensemble response of 
new data. 

1.)fitensemble(predic
tors, response, 
options) 
 
2.)TreeBagger(predi
ctors, response, 
options) 
 
 

Supported Vector 
Machine (SVM) 
(Linear, Quadratic, Cubic, 
Gaussian) 

An SVM classifies data by 
calculating a hyperplane that 
separates data points 
belonging to different classes. 
The best hyperplane for an 
SVM is one with the largest 
margin between the two 
classes.  

fitcsvm(predictors, 
response, options ) 
 
 

K- Nearest Neighbor 
(KNN) 
(Cosine, Cubic, Weighted) 

KNN is a simple yet effective 
way of classifying new points. 
KNN categorizes query points 
based on their distance to 
points (or neighbors) in a 
training dataset.  

fitcknn(predictor, 
response, options) 
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Table 5.2. Characteristics of classifier types (Mathworks, 2016). 
 

 

Classifier Prediction Speed Memory Usage Interpretability 

Decision Trees 

 

Fast Small Easy 

Discriminant 
Analysis 

 

Fast Small for linear, large 
for quadratic 

Easy 

Support Vector 
Machines 

 

Medium for linear. 
Slow for others. 

Medium for linear. 
All others: medium for 
multiclass, large for 
binary. 

Easy for Linear 
SVM. 
Hard for all other 
kernel types. 

Nearest 
Neighbor 
Classifiers 

 

Slow for cubic. 
Medium for others. 

Medium Hard 

Ensemble 
Classifiers 

 

Fast to medium 
depending on choice 
of algorithm 

Low to high depending 
on choice of algorithm.

Hard 
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Model Validation 

Both hold-out validation and k-fold cross-validation and are available as 

options for classifier validation. Model validation evaluates how well the results of 

a statistic analysis, classification models in this case, will generalize to an 

independent data set. Hold-out validation is one of the simplest validation 

methods and is recommended for large datasets. In this method, a user defined 

percentage of the dataset is ‘held-out’ while the remainder is used to build the 

classifier. The classifier is subsequently used to classify ‘held-out’ data. K-fold 

method is more complex and computationally intensive compared to the hold-out 

method but it provides a more accurate characterization of the misclassification 

error. In this method the dataset is partitioned into k equal subsets. Each subset 

rotates as the test set for validating the model while remainder serves as the 

training set. For each iteration of k-iteration, each of the k subset take turn 

serving as the test set.  

Because the true identities of each sample in the training set is known, 

the predicted class can be compared to the true class. The corresponding 

discrepancy, or misclassification error rate, would be an estimate of the error rate 

for classifying an independent set. For each cross-validation, the GUI outputs the 

confusion matrix, a table comparing the predicted class and the actual class, as 

well as the true positive rate (TRP), false negative rate (FNR), the positive 

predicted value (PPV) and false discovery rate (FDR) (Table 5.3). A summary 

table of the misclassification rate for each classification method is also 

automatically generated. 
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Table 5.3. Confusion matrix for E. coli dataset trained with LDA. True 
positive rate (TRP), false negative rate (FNR), the positive predicted value 
(PPV) and false discovery rate (FDR). 
 

 

Predicted Class 

  
C D L M N P R W 

 
TP FN TPR FNR 

A
ct

ua
l C

la
ss

 

C 36 1 0 0 1 0 1 0 
 

36 3 0.92 0.08 

D 0 15 0 0 0 0 0 0 
 

15 0 1 0 

L 0 0 4 2 0 0 0 0 
 

4 2 0.67 0.33 

M 0 0 2 17 0 2 0 0 
 

17 4 0.81 0.19 

N 0 0 0 0 0 3 0 0 
 

0 3 0.67 0.33 

P 0 0 0 0 0 32 0 1 
 

32 1 0.97 0.03 

R 0 0 0 0 1 1 4 0 
 

4 2 0.67 0.33 

W 0 0 0 0 0 0 0 3 
 

3 0 1 0 

               

 
PP 36 15 6 17 0 32 4 3 

     

 
FD 0 1 1 2 2 6 1 1 

     

 
PPV 1 0.94 0.80 0.90 0 0.84 0.8 0.75 

     

 
FDR 0 0.6 0.20 0.10 1 0.16 0.2 0.25 
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Table 5.4. Characteristics of data sets analyzed. 
 

Data Set 
Designation 

Classes  
(range of 
members) 

Subclasses
(range of 
members) 

Objectives Reference 

E. coli 
8 

(3-39) 
19 

 (3-24) 

- Classify according 
antibiotics classes. 
- Identify antibiotic class of 
unknown compounds. 

Nonejuie 
2013 

S. aureus 
2 

(105-108) 
3 

(36-105) 

- Classify strains according 
to antibiotic susceptibility. 
-Identify susceptibility of 
new strains.  

Quach 
2016 

B. subtilis 
5 

(3-26) 
N/A 

- Classify according 
antibiotics pathway target or 
degradation of protein in 
same pathway. 
- Identify class of unknown 
antibiotic or protein 
degradation. 

Lamsa 
2016 



105 
 

  

Prediction of independent test data using constructed classification 

models 

The classification models, constructed in the first part of the GUI, are 

used to predict the class of a new independent data set in the second part of the 

GUI. If the identity of the new set is known, such as in the case of a blind-test, 

the actual class could be inputted and compared to the predicted class.  

 

Results 

In order to demonstrate the utility of my GUI, I analyzed three existing 

datasets summarized in Table 5.4. These three studies, Nonejuie 2013, Quach 

2016 and Lamsa 2016, had different objectives and experimental designs that 

are represented in the data groups, size and sample. I used the GUI with each 

dataset to visualize, train classifiers, assess the ability of the classifiers using 

cross-validation, and to use the classifier to predict unknown samples.  

 

E. coli Dataset 

Treatment of E. coli with different antibiotics results in distinct changes in 

cytology dependent on antibiotic target. As expected, treatment with similar 

antibiotic targets clustered together on the PCA plot (Figure 5.3). The PCA plot 

provides a quick assessment of the data allowing for identification of the general 

variance within the dataset. PCA is an unsupervised statistical technique, 

therefore known antibiotic classes are not input into the analysis. In contrast, in 

LDA plots, more “weight” is assigned to parameters that would contribute to the 

differentiation between groups (Figure 5.4). With the LDA plots, the classes and 

subclasses are better separated compared to the PCA plots (Figure 5.5 A-B). 
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However, there was overlap between the groups, indicative of cases in which 

there will be misclassification when using LDA.  

The Q-Q plot of the LDA observed distribution was not comparable to the 

expected quantile as shown by the deviation of points from the 45° line in the Q-

Q plot (Figure 5.6 A, C). In addition, the sample sizes between classes and 

subclasses varied greatly for this data set, so LDA may not be the optimal 

classification method (Table 5.4). Expanding the training set to include more 

members per group would allow for the class sizes to be more comparable to 

each other and potentially allow the dataset to have a distribution profile that 

more closely matches the expected distribution. If the expansion of the data set 

results in a more normal distribution, LDA would be a good classifier as the 

expected misclassification rate of LDA classifier would decrease. However, with 

the current dataset, LDA analysis is not the ideal classifier. 

Next I examined feature importance plots for RF classification of classes 

in order to estimate the contribution of each class to class discrimination. This is 

an important step as unimportant features, or even features, which hinder class 

discrimination, may be discarded in order to reduce computational cost and 

misclassification. Feature importance plots for classes (Figure 5.6 B) or 

subclasses (Figure 5.6 D) show that all 14 parameters in the E. coli dataset 

contribute to class and subclass determination. Thus in this case, the full set of 

parameters is necessary for classification.  
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Figure 5.6. LDA Q-Q plots and feature important plots of E. coli dataset. (A) 
Q-Q plot with 8 classes (B) Random forest feature importance plot with classifier 
trained with 8 classes. (C) Q-Q plot with 19 subclasses. (D) Random forest 
feature importance plot with classifier trained with 19 subclasses. 
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The E. coli dataset was used to train a variety of classification methods. 

Comparing the misclassification rates calculated from 10-fold cross-validation, I 

was able to directly compare the different classifiers. Several classifiers had very 

low misclassification rate with RF having the lowest misclassification rate. Thus 

in the selection of classifiers, RF, SVM and KNN are all suitable candidates 

(Table 5.5). In order to further test the predictive accuracy, I used the classifiers 

to predict the classes of two compounds: spirohexenolide A (published in the 

same paper) and neomycin (unpublished data). In Nonejuie 2013, the author 

determined that spirohexenolide A causes a collapse in the proton motive force 

and likely targets the membrane. Neomycin, an aminoglycoside, targets protein 

synthesis. Multiple methods including LDA, RF and SVM were able to accurately 

predict the classes and subclasses of spirohexenoide A and neomycin (Table 

5.6). RF had a misclassification rate equal to zero for class and subclass 

assignment, correctly classifying all the samples, and was able to correctly 

predict the correct class for spirohexenoide A and neomycin. These results 

suggested that RF would be an appropriate classifier with low misclassification 

rates and a high predictive accuracy for this data set. The next classifier with 

second to the lowest misclassification rate was Cubic KNN with error rate of 0.02 

and 0.04 for class and subclass assignment (Table 5.5). Despite having a low 

misclassification rate, this classifier did not assign the correct class to 

spirohexenoid A and neomycin, highlighting the limitations of cross-validation and 

the benefits of analyzing both factors (Table 5.6). 
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All data measurements done in the E. coli data set that were published in 

2013 were performed using the ImageJ platform while BCP measurements are 

now currently performed in CellProfiler. Since all new compounds and profiles 

are now measured using CellProfiler, I asked if the classifiers constructed from 

ImageJ measurements could accurately predict the class of profiles measured 

using CellProfiler. Hence, are measurements done on these two platforms 

comparable, or could they be adjusted to make them comparable?  

To address this question, I built two sets of classifiers using (1) raw or (2) 

normalized ImageJ profiles to predict the classes of the CellProfiler profiles. The 

first set of classifiers was built from the raw E. coli data set with spriohexenoid A 

and neomycin added. The second set of classifiers was built from normalizing the 

data of the first set to the parameter values of the untreated wild type. In both 

cases, the ImageJ profiles served as the training set while the CellProifler profiles 

served as the test set. The CellProfiler profiles were comprised of untreated 

wildtype and treatment with membrane target antibiotics: calcimycin, gramicidin, 

monenisin and nisin. Comparison of true positive rate using these two sets of 

classifiers showed that classifiers built from the normalized data was better at 

predicting actual groups and subgroups of CellProfiler profiles (Table 5.6). RF 

had the highest true positive rate for class identification while RUS Boosted 

Trees had the highest true positive rate for subclass identification. The 

normalized ImageJ library could potentially serve as a rough estimate of the 

class but would not be ideal for subclass identification.  
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S. aureus Dataset 

The S. aureus dataset is simpler than the other two cases consisting of 2 

main groups, sensitive (S) or resistant (R), and 3 subclasses, sensitive (S), 

resistant with low lysis (LL) or resistant with high lysis (HL). Each strain was 

tested in triplicate, hence there are three profiles for each strain per antibiotic 

treatment. The dataset contains profiles of (1) cells treated for 1 h with 

cephalexin (CEX) and (2) aggregated profiles of 2h treatment with oxacillin 

(OXA) and 2 h treatment with cephalexin, hereafter termed CEX 1 h and 

CEX/OXA 2 h respectively. The dataset containing triplicates was used to 

construct the classifiers. Using the constructed LDA classifier, the triplicate 

profiles (x markers) and average profile of the triplicates (diamond markers) were 

plotted (Figure 5.7 A-D). There was more discrimination between the two classes 

in the CEX/OXA 2 h compared to the CEX 1 h and as expected, there was a 

more prominent distinction between classes when looking at the average 

cytological profiles. These observations also apply to the LDA plots of the 

subclasses (Figure 5.8 A-D). The larger distinction between the classes and 

subclasses in CEX/OXA 2 h compared to CEX 1 h is likely due the larger number 

of parameters measured in CEX/OXA 2 h from two separate drug treatments and 

due to greater changes in cell architecture following 2 h of treatment compared to 

1 h. 

 



113 
 

  

 

Figure 5.7. LDA plots of S. aureus dataset. LDA plots of resistant (red) and 
sensitive (blue) strain profiles. (A) CEX 1 h triplicate profiles are individually 
plotted (marker x) and (B) plotted as the mean of triplicates (marker diamond). 
(C) CEX/OXA 2 h triplicate profiles individually plotted (marker x) and (D) plotted 
as the mean of triplicate (marker diamond). 
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Figure 5.8.  LDA plots of S. aureus dataset. LDA plots of high lysis (green) and 
low lysis (purple) resistant strains and sensitive (blue) strain profiles. (A) CEX 1 h 
triplicate profiles are individually plotted (marker x) or (B) plotted as the mean of 
triplicates (marker diamond). (C) CEX/OXA 2 h triplicate profiles individually 
plotted (marker x) or (D) plotted as the mean of triplicate (marker diamond). 
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Q-Q plots for CEX 1 h and CEX/OXA 2 h containing 2 classes or 3 

subclasses showed that a majority of the points follow expected distribution with 

some points skewed upwards, indicating that the distribution tailed heavier than 

normal. (Figure 5.9 A-D). The CEX 1 h distribution had a better alignment to the 

45° line compared to CEX/OXA 2 h. Thus, CEX/OXA 2 h observed distribution 

does not entirely fulfill the normal distribution assumption. Despite the fact that 

CEX/OXA 2 h classes form distinct cluster, there may be misclassification error 

of independent test set due to the inability of the classifier to generalize other 

samples. The ability of the classifier to generalize to other test sets must be 

taken into account in the selection of a classifier and analysis of unknown data. 

Since a majority of the points aligned to the 45° line, LDA may be a sufficient 

classifier.  

Evaluation of the feature importance plots for the S. aureus dataset 

showed that a majority of the parameters contributed to classification of classes 

and subclasses in CEX 1 h (Figure 5.10 A-B). In contrast, there were parameters 

which did not contribute to class identification for CEX/OXA 2 h dataset, with out-

of–bag feature importance value of <=0, but did contribute to subclass 

identification (Figure 5.10 C-D). For example, evaluation of features 30 and 39, 

which corresponded to parameters cell solidity and DNA extent (of cephalexin 

treated cell), showed that there was some overlap between sensitive and 

resistant high lysis subgroup but not resistant low lysis (Figure 5.10 B, D). 

Because the high lysis is part of the resistant group, these parameters did not 

contribute to the discrimination of sensitive and resistant because they will 

overlap; however they contributed to discrimination between the resistant 

subgroup as there was little to no overlap. This demonstrates why it is important 
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to measure a variety of parameters, as certain parameters are significant in 

different cases. 
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Figure 5.9. LDA Q-Q plots of S. aureus dataset.  Q-Q plot for (A) CEX 1 h or 
(B) CEX/OXA 2 h with 2 classes (sensitive; blue and resistant; red) and (C) CEX 
1 h or (D) CEX/OXA 2 h with 3 subgroups (resistant high lysis; green, resistant 
low lysis; purple and sensitive; blue).  
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Figure 5.10. Feature importance plots of S. aureus dataset. Random forest 
feature importance plots for (A) CEX 1 h data or (B) CEX/OXA 2 h data with 2 
classes (sensitive; blue and resistant; red) and (C) CEX 1 h data or (D) 
CEX/OXA  2 h data with 3 subclasses (resistant high lysis; green, resistant low 
lysis; purple and sensitive; blue). 
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Ten-fold cross-validation of classifiers of CEX 1 h and CEX/OXA 2 h 

profiles revealed that many classifiers fit well to both sets of data (Table 5.5). 

Recall that, in this experiment, the data used to train and cross-validate are 

triplicates, and that it is expected that the misclassification rate of average 

profiles are much lower than that of individual triplicate profiles. Additionally, as 

expected, the misclassification rate of CEX/OXA 2 h for most classifiers was 

much lower than CEX 1 h. Again, for this data set the RF performed the best with 

zero misclassification error in both cases.  

This study explored the usage of BCP as a rapid antibiotic susceptibility 

assay; therefore, one of the aims was to identify the earliest time point in which 

there was a detectable a change in cytological profiles. More specifically, what is 

the earliest time in which the class or subclass can confidently be predicted? To 

answer this question, I assessed the classifiers ability to predict unknown profiles 

by using them to predict the classes of the blind test profiles. A majority of the 

classifiers performed very well in predicting the correct category (Table 5.6). 

Class assignment after 1 h of treatment was correctly predicted for 100% of blind 

test samples. Subclass assignments correctly assigned 86-93% of the samples 

after 1 h of antibiotic treatment. A majority of the models correctly assigned 100% 

of the profiles after 2 h of treatment. Hence, class assignment could be made 

using the 1 h profiles while subclass prediction should be done in the second 

hour. Additionally, LDA true positive rate was comparable to that of RF despite 

the fact that RF had a lower misclassification rate. This demonstrates an 

example of a dataset in which LDA is sufficient for class discrimination. LDA 

would be preferred over RF as it is easier to interpret, can be visualized using 

LDA plots and is computationally less intense.  
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B. subtilis Dataset 

Similar to the E. coli dataset, the B. subtilis dataset contained cell profiles 

from B. subtilis treated with different classes of antibiotics. Additionally, the B. 

subtilis dataset included profiles of strains with inducible degradation of essential 

proteins (Table 5.7) (Lamsa et al., 2016). Degradation of essential proteins in the 

major metabolic pathways for replication, transcription, fatty acid biosynthesis 

and peptidoglycan biogenesis in B. subtilis rapidly results in cytological profiles 

closely matching that of antimicrobials targeting the same pathways. The 

similarity of the cytological profiles of antibiotic treatment and degradation of 

essential protein targeting the same pathways is shown in Figure 5.11. The 

antibiotic treated cells (circles) overlay with the complementary protein degraded 

strain (same color; triangles). Depending on the protein degradation strain, the 

time for protein degradation required to produce changes of cytological profiles 

varies. Due to this inconsistency of the onset of cytological changes, in Lamsa 

2016, the cytological profiles for protein degradation strains were included from 

selected time points in which the strain’s profile is distinguishable from the 

untreated control. 
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Table 5.7. Strains used in B. subtilis study.  
 

Strain Genotype or 
description 

Reference, 
source or 

constructiona 

Timepoint 
used for 
LDA (h) 

Abbreviations 
used 

PY79 Wild type b 2 Ctrl 

JLG364 ∆xylA::sspBΩcat pJLG67→ PY79 
(CmR) 

N/A sCtrl 

JLG377 sigA-ssrA*Ωkan 
∆xylA::sspBΩcat 

JLG370→ 
JLG364 (KmR) 

1 sRNA 

JLG378 murF-ssrA*Ωkan 
∆xylA::sspBΩcat 

JLG372→ 
JLG364 (KmR) 

2 sCW 

JLG703 accA-ssrA*Ωkan 
∆xylA::sspBΩcat 

JLG672→ 
JLG364 (KmR) 

2 sFA 

JLG707 fabZ-ssrA*Ωkan 
∆xylA::sspBΩcat 

JLG674→ 
JLG364 (KmR) 

4 sFA 

JLG715 dnaN-ssrA*Ωkan 
∆xylA::sspBΩcat 

JLG678→ 
JLG364 (KmR) 

3 sDNA 

JLG736 murAA-
ssrA*Ωkan 
∆xylA::sspBΩcat 

JLG735→ 
JLG364 (KmR) 

3 sCW 

JLG1245 racE-ssrA*Ωkan 
∆xylA::sspBΩcat 

JLG1228→ 
JLG364 (KmR) 

3 sCW 

aPlasmid or genomic DNA employed (right side the arrow) to transform an existing 
strain (left side the arrow) to create a new strain are listed. The drug resistance is 
noted in parentheses. b (Youngman et al., 1984)  
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Figure 5.11. PCA plot of B. subtilis dataset. PCA plot with 5 antibiotic classes 
(4 antibiotics and one untreated control) and 5 strains with inducible protein 
degradation (names starts with s; 4 protein degradation strains and one control). 
The different classes shown are untreated control (Ctrl; green), cell wall 
synthesis (C; black), DNA synthesis and segregation (DNA; blue), fatty acid 
synthesis (FA; red) and RNA transcription (RNA; purple). 



123 
 

  

 
 
Figure 5.12. LDA plots of B. subtilis dataset.  (A) LDA plot of Set 1 training 
classes (marker diamond) with blind test profiles (BT; marker x) overlaid on the 
same plot. (B) LDA plot of Set 2 training classes (marker diamond) with blind test 
profiles (BT; marker x) overlaid on the same plot. The different classes shown 
are untreated control (Ctrl; green), cell wall synthesis (C; black), DNA synthesis 
and segregation (DNA; blue), fatty acid synthesis (FA; red) and RNA transcription 
(RNA; purple). 
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Figure 5.13. LDA Q-Q plots and feature important plots of B. subtilis 
dataset. (A) Q-Q plot for Set 1. (B) Random forest feature importance plot with 
classifier trained with Set 1. (C) Q-Q plot for Set 2. (D) Random forest feature 
importance plot with classifier trained with Set 2. The different classes shown are 
untreated control (Ctrl; green), cell wall synthesis (C; black), DNA synthesis and 
segregation (DNA; blue), fatty acid synthesis (FA; red) and RNA transcription 
(RNA; purple). 
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Blind tests were done to validate the robustness of the technique in 

predicting class. The blind test set included antibiotics as well as strains with 

inducible protein degradation. To reduce any bias in the analysis, profiles from all 

time points were included for strains with induced protein degradation. The 

question which arose from this situation was- Would including the other time 

point in the original training data improve the accuracy of prediction for the blind 

test? Therefore I include two data sets: (Set 1) profiles of antibiotic treatment and 

selected time points for strains with inducible protein degradation and (Set 2) 

profiles of antibiotic treatment and all time points for strains with inducible protein 

degradation. 

Blind test (BT) data was overlaid on the LDA plot of the training library 

where the training library was either Set 1, with selected time points (Figure 5.12 

A), or Set 2, with all time points (Figure 5.12 B). Most of the BT samples 

clustered near complementary targets in the training library. A majority of the BT 

data that did not align were inducible strains (BTS) at early time points, where the 

profiles were expected to be in the midst of transitioning. Set 2 aligned better with 

BT data than Set 1; however, the distance between groups in Set 2 is less 

distinct compared to Set 1. 

Q-Q plots of the B. subtilis data set shows that the distribution is not 

Gaussian (Figure 5.13 A, C). The B. subtilis data set also contained more 

parameters than members of group, suggesting that the classifier may not 

generalize well. It is still too early to rule out LDA as a potentially useful analysis. 

If more data points are added, the distribution may become more Gaussian and 

there will be more members per group, allowing the classifier to generalize to 

new datasets.  
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Evaluation of feature importance plots, showed that some features did not 

contribute to classification in Set 1, in which there are selected time points 

(Figure 5.13 B, D). In contrast, most of the parameters contributed to class 

discrimination in Set 2, which included all time points. Because Set 2 contains 

transition profiles which resembles profiles between the control and that of 

antibiotic treatment, the features which were important in Set 2 but not Set 1 may 

be those features that are able to discriminate smaller changes between profiles. 

A majority of the classifiers constructed from either Set 1 or Set 2 have 

very low misclassification rates calculated by performing 10-fold cross-validation 

(Table 5.5). Thus, based on misclassification rate, LDA, RF and SVM classifiers 

would be suitable classifiers with error rates < 0.04. Comparing the true positive 

rate for both sets, Set 2, which contains all time points for strains with inducible 

protein degradation, performed better than Set 1 (Table 5.6). Table 5.8 shows 

the predicted and actual classes of the blind test samples, where misclassified 

samples are labeled in red. All the misclassifications were of strains with 

inducible protein degradation, not the antibiotic treated cells. Examination of the 

identity of misclassifications in Table 5.12 revealed that most of the samples 

misclassified were degradation strains incorrectly categorized as the control 

group. This misclassification was expected because it takes time for the protein 

to be degraded to levels that manifest into changes in cellular cytological profiles. 

Set 2 displayed better performance due to the increase in data points which 

included data with minute cytological difference compared to the untreated 

wildtype. This enables sensitivity to smaller changes allowing the classifiers to 

detect the classes of these degradation strains sooner. All time points are 

analyzed, thus a false classification at early time points would be replaced by the 
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correct class of profiles obtained at later time points. In this case there were no 

changes between the class assignments after all time points are accounted for, 

with classes of later time points replacing the classes of earlier points. Hence, 

there may not be a clear benefit in adding earlier time points in.  

Both Set 1 and 2 had low misclassification rate and high true positive 

rates for predicting blind test profiles when using LDA, RF and LSVM as 

classifiers. RF had the lowest misclassification rate out of the three methods 

however, it does not have the highest true positive rate, showing another case in 

which the “best” method when considering one factor may not be the best for the 

other. Because variance in error rates and true positive rates between these 

three methods are small, all three methods are promising classifiers for this 

dataset. 
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Conclusion 

From the analysis of these three datasets, it is clear that there exists 

common threads of information between them, including the distribution of the 

dataset, the identification of the method with the best performance in data 

classification, the error associated with each classifiers and the optimal set of 

testing or analysis conditions. 

I utilized both PCA and LDA plots to assess the data in all three cases. 

PCA and LDA plots reveal different aspects of the dataset. PCA plots allow the 

user to interpret unweighted parameters. With PCA plots one is able to identify 

the groups that have the largest variance, if there are any outliers within the 

group and if there is any shared variance between groups. In addition, if there 

are general clusters in PCA plots, it is a good indication that other classification 

methods would perform well. The reason for this is that PCA is not optimized for 

classification, so if maximizing variance already produces distinct groups, a 

method optimized for classification will perform better. In contrast to PCA, it is 

harder to detect outliers and other trends in the data with LDA, due to the fact 

that the LDA analysis assigns different weights to parameters in order to 

maximize variance between groups and minimize variance within groups. This 

alteration in data might remove the impact of a parameter that did not contribute 

to class distinction but is high in variance and may highlight of a trend of interest. 

For the same reason, LDA plots are not ideal in visualizing general variance, and 

in identifying group outliers. However, LDA plots are ideal at identifying datasets 

in which there exist parameters that could be used to discriminate between 

classes. There may be cases where classes are not distinct in the PCA plots but 

are distinct in LDA plots. Large variances in parameters that did not contribute to 
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class discrimination may overshadow the parameters that did contribute to class 

discrimination. In summary, PCA provides general insight while LDA is a simple, 

intuitive method to perform cursory classification of the dataset.  

Although LDA is simple to use, of all the methods tested, RF was one of 

the top performing classifiers with low misclassification error and high true 

positive rates. RF handles high dimensional data very well and has no restrictive 

assumptions that may negatively affect classification such as the linear 

dependency or equal co-variance as in the case of LDA analysis. However, for 

small data sets RF is more likely to over fit to the data than LDA, thereby 

generalizing poorly to independent test sets. In addition, RF is computationally 

costly compared to LDA, hard to visualize, and hard to interpret in comparison to 

LDA. Overall, there are many factors ranging from bias vs variance, computation 

cost to interpretability which need to be taken into consideration when selecting a 

classifier. 

From the analysis of these three cases, I showed that the GUI was not 

only able to select a classifier, but also could be used to select the appropriate 

analysis conditions and platform (ie ImageJ vs CellProfiler) and to compare 

different experimental testing conditions (1 h treatment vs 2 h treatment). With 

each dataset there were questions that arose which are unique to each case.  

In the E. coli dataset, I demonstrated that the normalized CellProfiler 

profiles are comparable to the normalized ImageJ dataset, if our objective is to 

assign the classes and not the subclasses. This may be due to the paucity of 

data points per class for subclass assignment as well as insufficient 

standardization. Increasing the size of the library as well as normalizing data 

points to multiple reference points would allow this method to be extended to 
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other users who are generating the own measurements using other 

program/platforms. 

The S. aureus study focused on using BCP for rapid class identification. If 

a patient is septic, each hour could dramatically affect patient outcome. In such a 

case, it is appropriate to release a provisional classification after the first hour 

and confirm/revise the class assignment at later time points.  

In the analysis of the B. subtilis data set, I examined a case where the 

addition of profiles with few differences from wildtype could potentially contribute 

to a lower misclassification rate. In similar cases, it would be up to the user’s 

discretion to include additional data samples. If the aim was to detect a change in 

profiles in the shortest amount of time, it would be beneficial to include the early 

time points. However, it must be noted that profiles from early time points closely 

resemble the control. Hence by training the classifier to identify something similar 

to the untreated control as a different class, there will be an increased risk of 

misclassifying a control strain with slight variation in its profile as one belonging 

to a different class. Thus, in this case where the objective is to simply identify the 

likely MOA of a new molecule, or to characterize the likely role of a protein of 

unknown function, accuracy of the classification is likely more important than time. 

As with any other method, we are continually finding new applications for 

BCP and we strive to improve the data collection pipeline and data analysis. The 

addition of more samples into the training sets will further improve the accuracy 

of the model in predicting new datasets. Hence, moving forward, we aim for 

higher-throughput analysis, additional samples (new drugs, clinical isolates, 

depletion strains) and larger datasets. In the discussion of the evolution of BCP 

dataset, I mentioned that there has been a trend towards measuring larger 
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quantities of parameters. The inclusion of additional parameters is useful in 

increasing the probability of measuring a parameter that discriminates between 

subgroups; however there is a balance between measuring a multitude of 

parameters and overfitting the model. Inclusion of too many parameters could 

potentially cause some classifiers to be overfitted to the training set. It is 

important to have some flexibility in the algorithm to reduce generalization error 

thereby allowing for more accurate predictions. In fact, in most of the 

classification methods such as RF, the user is able to calculate the optimal 

numbers of parameters and calculate which parameters contribute to 

classification. Therefore a dataset with a large quantity of parameters could be 

trimmed during the construction/selection of a classifier.  

 With the development of this GUI, I have created a user-friendly approach 

to analyzing datasets: from easy data visualization and quick comparison of 

different classes with principal coordinate plot and PCA to automated 

classification with prediction capabilities. From these three cases, I demonstrated 

that (1) PCA could be used to detect correlations between classes and (2) 

training your model with cross-validation provides a cursory method to start the 

selection process for the appropriate classifier for a given dataset. We aim to 

continually improve the data analysis to include more functions such as selection 

of the optimal number of parameters and identification of new classes not 

included in the library. Along with the expansion of the data analysis, we will 

expand the BCP library, which will serve as a training set for future classification 

of unknown compounds. We currently have BCP libraries for the three datasets 

described above and are intent on adding more strains and antibiotics to each 

set which will allow each library to be more comprehensive and applicable. In the 
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future, with the CellProfiler pipeline, BCP libraries and GUI available online, it 

would be possible for another user to follow the same protocol and to classify 

their unknown profile by using classifiers trained to our BCP library. 
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Bacterial cytological profiling (BCP) is based on the observation that 

treatment of a diverse range of bacterial species with different antibiotics yields 

unique and quantifiable changes in cellular architecture correlating to the 

antibiotic target. Even though this method was established on a deceivingly 

simple and somewhat intuitive observation, BCP is a powerful, versatile tool. 

Rather than relying on a single parameter (such as growth or permeability), BCP 

as implemented assesses multiple parameters that together capture the wide 

array of affects antibiotics have on bacterial cells, including changes in cell length, 

width, permeability, and in chromosome number, compactness and shape 

(Lamsa et al., 2012, Nonejuie et al., 2013, Nonejuie et al., 2015, Quach et al., 

2016, Lamsa et al., 2016). 

In my thesis I discussed the application of BCP in mode of action (MOA) 

determination and antimicrobial susceptibility testing (AST) and I developed a 

user-friendly interface for the analysis of BCP data (Lamsa et al., 2012; Nonejuie 

et al., 2013; Lamsa et al., 2016; Nonejuie et al., 2015, Quach et al., 2016).  

 

BCP-AST 

A major strength of BCP is that, in contrast to the rapid gene and 

genome-based susceptibility tests, it does not rely on prior knowledge of the 

mechanism of antibiotic resistance or on prior identification of all possible genes 

and mutations that confer resistance. This is critical, even for drugs that bind 

well-defined targets, such as the ribosome, since the number of mutations that 

confer drug resistance in the clinic continues to expand (Wilson, 2014). It is even 

more critical for drugs such as daptomycin, for which several different mutations 

confer various levels of resistance (Mishra et al., 2014; Diaz et al., 2014; Bayer et 
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al., 2015; Bayer et al., 2013; Berti et al., 2015). The reliance of BCP on 

phenotype rather than genotype makes it highly adaptable, allowing future 

applications to new drug resistant pathogens and new antibiotics. Additionally, 

BCP can be readily optimized to provide a more accurate test for different 

species or antibiotic. In Chapter 2, I developed a rapid AST based on BCP for the 

determination of antibiotic susceptibility and identification of optimally effective 

combinatorial therapies for Gram-positive pathogen, S. aureus. BCP 

discriminated between methicillin-susceptible (MSSA) and -resistant (MRSA) 

clinical isolates of S. aureus within 1-2 h with 100% accuracy. Similarly, BCP 

correctly distinguished daptomycin susceptible (DS) from daptomycin non-

susceptible (DNS) S. aureus strains within 30 min. Analysis of BCP datasets 

allowed the identification of two subclasses among the MRSA isolates that differ 

in their susceptibility to specific combinations of beta-lactam antibiotics. The 

identification of strains which responded to combination therapy highlighted the 

potential utility of BCP in selecting appropriate treatment option. 

Since BCP-AST was able to accurately and rapidly determine 

susceptibility of the clinically relevant Gram-positive species, S. aureus, I wanted 

to assess the performance of BCP-AST in profiling susceptibility of a Gram-

negative pathogen, P. aeruginosa. In Chapter 4, BCP experiments performed on 

a selected set of antibiotics and clinical isolates confirmed that BCP served as a 

promising AST platform for P. aeruginosa. For all tested antibiotics, PCA plots 

revealed that sensitive and resistant strains separated into distinct clusters. With 

only three clinical isolates tested thus far, more clinical samples need to be 

tested to confirm if BCP-AST is a robust, accurate method for determining P. 

aeruginosa antibiotic susceptibility. 
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In the future AST-BCP can be performed in parallel with traditional MIC 

testing, delivering a result within 1–2 h, rather than 1–2 days. As new strains are 

tested and included in an ever-increasing library, BCP data can be coupled with 

susceptibility information, sequence, strain type, and clinical data, such as 

infection type and treatment outcome. Sequence typing of different isolates 

performed for phylogenetic and population-based analysis for epidemiological 

studies would complement BCP profiles obtained during susceptibility 

determination in order to identify emerging trends that require more public health 

attention. Furthermore, the combination of sequencing and BCP will also allow us 

to better understand the cellular consequences of the genetic changes that occur 

as bacterial pathogens adapt to the clinic and acquire resistance to new 

antimicrobial agents. 

 

BCP-MOA  

The potential for BCP in determining antibiotic MOA has been 

demonstrated in previous publications for in both B. subtilis and E. coli (Lamsa et 

al., 2012; Nonejuie et al., 2013; Lamsa et al., 2016). Despite initial skepticism 

that bacteria cells are too small to obtain sufficient information for cytological 

profiling, BCP provides high resolution, allowing for discrimination between 

molecules that inhibit different steps in the same pathways (Nonejuie et al., 2013). 

For example, protein synthesis inhibitors that cause translational arrest (e.g. 

tetracycline), mistranslation (e.g. aminoglycosides) or premature chain 

termination (e.g. puromycin) all produced quantifiably distinct cytological profiles 

(Nonejuie et al., 2013). The impact of BCP on antibiotic discovery was 

highlighted in a recent publication in which BCP was performed on crude natural 
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product extract which contained a complex mixture of active molecules (Nonejuie 

et al., 2015). The authors were able to detect multiple activities in the crude 

natural products extract, allowing for activity-guided natural product isolation by 

prioritizing investigation of extracts or leads in which there was an interesting 

MOA. 

In Chapter 4, I validated the claim that BCP is versatile in its application to 

a variety of bacterial species and antibiotics by extending the BCP testing for 

Gram-negative human pathogen, P. aeruginosa. For the ten antibiotics, spanning 

three different classes, treatments clustered together depending on antibiotic 

target on PCA plots. In contrast, Poochite Nonejuie created profiles for E. coli 

treated with 41 different antimicrobial compounds, spanning 18 subclasses 

(Nonejuie et al., 2013). Due to the smaller scale in comparison to the E. coli 

study, additional antibiotics must be added in order to this data to build a more 

comprehensive library in which subgroups that inhibit different steps in the same 

pathway can be identified based on unique cytological profiles. Given the 

variability of P. aeruginosa cytological profiles for different antibiotic treatments, 

we expect success in classification of antibiotics based on MOA in this species 

as well.  

Expansion of MOA-BCP testing to other species is essential because the 

MOA might not be conserved between species. For example, it has been shown 

that the target of quinolone antibiotics varies across bacterial species (Drlica and 

Zhao, 1997; Kohanski et al., 2010). In Gram-positive bacteria such as 

Streptococcus pneumoniae, topoisomerase IV is the primary target of quinolones 

while in Gram-negative bacteria such as E. coli, gyrase is the primary target and 

topoisomerase IV is the secondary target (Muñoz and De La Campa, 1996; 
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Belland et al., 1994). Additionally, the development of BCP for other species 

would provide a platform for the identification of species-specific inhibitors. 

Species-specific antimicrobials are unlikely to be nuisance compounds such as 

detergents or DNA intercalating agents, are expected to exhibit lower toxicity to 

humans and are unlikely to adversely affect our gut microbiome. Consideration of 

antimicrobial agents on the gut microbiome in guiding therapies is critical for the 

future of antibiotic therapy because the composition of the gut microbiome affects 

the development of gastrointestinal diseases, diabetes, obesity and the general 

state of immune system and mental health (Fischbach and Walsh, 2009; 

Turnbaugh et al., 2009; Kau et al., 2011; Neufeld et al., 2011; Dethlefsen and 

Relman, 2011). 

 

BCP data analysis 

In Chapter 5, I discuss the development of a user-friendly graphic user 

interface (GUI) specifically designed for the visualization and analysis of BCP 

datasets. I used the GUI to analyze three published datasets in order to highlight 

common threads of information between different BCP datasets including the 

distribution of the dataset, the identification of the method with the best 

performance in data classification, the error associated with each classifier and 

the optimal set of testing or analysis conditions. In addition, further analysis of 

individual sets was able to provide dataset-specific information including 

appropriate analysis conditions and platform (e.g. ImageJ vs CellProfiler) as well 

as allow for comparison of different experimental testing conditions (e.g. 1 h 

treatment vs 2 h treatment).   
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The data analysis platform is constantly undergoing upgrades in order to 

include more functions and options. Additional features to be integrated into this 

user-friendly platform include identification of new classes of antibiotics and 

analysis of profiles in which cells are treated with a complex mixture containing a 

variety of compounds. Currently, we classify using the mean profile obtained by 

averaging the parameters of hundreds individually measured cells. Analysis for 

combination treatments with a mixture of compounds or single antimicrobial 

treatment of a mixed species sample in which there are resistant and sensitive 

strains, may require analysis on a single-cell level. In the future we plan to 

evaluate the accuracy of BCP on profiles of single cells with the goal of 

identifying subpopulations corresponding to different resistant profiles or MOA. 

With the expansion of the BCP libraries, the reference set would become 

more comprehensive thereby increasing the predictive power of a classifier. 

Further development of the analysis pipeline would increase the ease of use 

while allowing for multiple customizable features. Thus, the combination of full, 

comprehensive reference libraries coupled with user-friendly data analysis would 

allow for a person to perform BCP and classify their unknown profile using 

classifiers trained to our BCP library. 

 

Expansion of BCP libraries 

As with any other empirical method, BCP classification accuracy relies on 

having a comprehensive library of known classes (i.e. antibiotic target or 

susceptibility category). In that regard, we only have extensive libraries built for a 

selected set of bacterial species and antibiotics. We have made progress in 

addressing this by not only exploring a variety of bacteria and a range of 
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antibiotics, but also by applying BCP to strains with inducible degradation of 

essential proteins in major metabolic pathways, thereby resolving any “blind-

spots” in antibiotic targets for which there are currently no chemical inhibitors 

(Lamsa et al., 2016). 

 

Evolution of testing condition and sample complexity 

We are currently in the midst of expanding BCP testing conditions to 

include more time points as well as testing concentrations. As shown with the 

cytological profile matrix in Chapter 5, the changes in cytological profile is 

dependent on treatment duration and antimicrobial concentration. Performing 

BCP at the standard conditions (at 5x MIC for 2 h) would only show us a 

snapshot of a dynamic, shifting cytological profile. For example, in a published 

study investigating the effects of stenothricin, BCP at treatment of B. subtilis at 

sub-MIC concentration resulted in internal vesicles and SYTOX green 

permeability whereas above the MIC, the membrane appeared to fill the 

cytoplasm, apparently detaching from the peptidoglycan layer (Nguyen et al., 

2013). Additionally, many compounds induce autolysis, hence if we were only to 

analyze longer treatment duration, we would miss cytological changes prior to 

lysis. The change in profile as a function of time and concentration would provide 

another dimension of data essential for resolving differences in profiles, allowing 

for a more accurate MOA identification. 

Despite the simplicity of this method, there are many different ways for 

this method to advance with different potential possibilities in applications and 

testing conditions, all of which provides additional useful information. For 

instance, we are also starting to develop more specialized BCP conditions to 
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potentially serve as a secondary test to further subcategorize MOA or 

susceptibility profiles. BCP performed with osmotic stabilizing media can be used 

to discriminate membrane and cell wall targeted compounds. While usage of 

Roswell Park Memorial Institute medium, a commonly used media for 

mammalian cell culture, may allow for testing in a more physiological relevant 

media. In addition, we will investigate different dyes that correlate to the activity 

of the proton motive force or efflux pump. Some of these additional tests could be 

readily added (e.g. different dyes) to the protocol or as a secondary test to tease 

out subgroups with similar profiles using the “standard” BCP testing conditions.  

Not only are we able to develop more complex profiles by exploring 

different experimental conditions, we also aim to extend BCP testing to 

investigate more complex interactions. More specifically, some exciting potential 

applications of BCP include BCP-AST of mixed clinical samples, BCP for 

synergistic antibiotic combinations, and BCP testing of latent cells or cells in a 

biofilm. BCP testing may initially appear to be a simple method, however it is very 

complex with a lot of boundless applications. 

 

Increase Throughput 

As we look towards the future with various testing conditions and samples, 

each of which provides useful and exciting new data, throughput remains one of 

the greatest challenges. During these past few years, I have worked to increase 

efficiency and throughput of image processing (via ImageJ macros) and data 

analysis (via MATLAB scripts and GUI). In terms of the dry-lab aspect, we are 

continually streamlining the process and making great progress in the time from 

imaging to class identification. Unfortunately, the “wet” lab portion, which includes 
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the experiment, including culture and microscopy remains one of our bottlenecks. 

Accelerate Diagnostics has developed a rapid AST platform which use a low-

voltage electric field to immobilize bacteria on a poly-cationic coating at the lower 

surface of each flow cell, allowing for the time lapse testing of up to 32 flow cells 

in a single run (Price et al., 2014). We will explore similar flow cell platforms in 

the future development of a high-throughput imaging platform.  

 

Concluding Remarks 

Although BCP is based on a simple idea, it is a powerful tool readily 

adaptable for the study of a range of bacterial species and antibiotic and 

conditions. Realizing the full clinical potential of BCP as an AST and as a tool for 

MOA determination will require that we expand our current reference data set. 

Despite the fact that this method is still in its early stages of development, BCP 

libraries are continually expanding with flexibility built-in to allow for new 

observations to be readily included and trends to be identified. Thus, this method 

provides a promising platform for future studies of antimicrobial compounds and 

clinical pathogens. 
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