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 Abstract 

Bacterial pathogens of humans and animals are becoming increasingly resistant to an array 

of antimicrobial drugs of different classes. This is not easily remedied because the timeline for 

development of new and effective antimicrobials is uncertain. One way to extend the useful life of 

existing antimicrobial drugs could be by optimizing the treatment regimens, originally designed 

for fully susceptible bacterial pathogen strains, to be efficacious for less susceptible strains. The 

optimized regimens can be designed through the pharmacokinetic-pharmacodynamic (PK-PD) 

mathematical modeling of the probable antimicrobial drug concentrations (the PK component) and 

its effects on the pathogen population dynamics (the PD component) in vivo. This approach 

requires the initial in vitro PD data and data modeling to project the PD responses of strains that 

have acquired resistance to the antimicrobials of choice. 

This thesis involves two studies to analyze and compare the PD of existing antimicrobials 

against different bacterial species depending on the pathogen population characteristics such as 

density, and within a species against strains with and without acquired resistance to the drugs. In 

both cases, we conducted in vitro microbiological experiments to generate the data and 

mathematically modelled the data to describe the antimicrobial PD.  

In our first study, we investigated the relationships between the antimicrobial’s minimum 

inhibitory concentration (MIC) and the bacterial pathogen density for Gram-negative 

Escherichia coli and nontyphoidal Salmonella enterica subsp. enterica and Gram-positive 

Staphylococcus aureus and Streptococcus pneumonia (for n=4 strains per (sub)species and 

across the densities 1 to 8 log10(colony forming units (CFU)/mL)), for antimicrobial classes with 

bactericidal activity against the (sub)species. This study was focused on bacterial strains 

susceptible to the studied antimicrobials. We fit six candidate mathematical models to the 



 

 

log2(MIC) vs. log10(CFU/mL) curves but did not identify one model best capturing the 

relationships across the pathogen-antimicrobial combinations. Gompertz and logistic models (but 

not a previously proposed Michaelis-Menten model) most often captured the relationships. Based 

on the study results, we have reported for the first time that bacterial density after which the MIC 

sharply increases and the intra-(sub)species between-isolate range of that density may depend on 

the antimicrobial’s mechanism of action. We termed that density the MIC advancement-point. 

Capturing these dependencies could help determine using the MICs for which bacterial densities 

is most informative for designing effective antimicrobial treatment regimens. 

In our second study, we investigated whether there are predictable changes in the PD 

parameter values among nontyphoidal Salmonella enterica subsp. enterica strains that are 

susceptible and those that have reduced susceptibility (due to acquiring specific genes encoding 

resistance) to the first-line treatment choice antimicrobials for serious salmonellosis in adults. 

The antimicrobials are the fluoroquinolone ciprofloxacin and cephalosporin ceftriaxone. We 

generated the antimicrobial PD data, and used a combination of the data PD modeling and 

statistical analysis of the estimated PD parameter values to test whether the acquired resistance 

genotype or imposed phenotype (the drug’s MIC) provide insight pertaining to the direction and 

degree of changes in the PD parameter values. The study results suggest there are statistically 

significant trends in the PD parameter values between the drug susceptible and resistant 

nontyphoidal Salmonella strains for both ciprofloxacin and ceftriaxone. With further studies, this 

research could continue towards designing modifications of the treatment regimens to achieve 

efficacy against the strains with reduced susceptibility
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Chapter 1 - Overview of relevant scientific concepts 

 Objective 

This thesis involves two studies to analyze and compare the PD of antimicrobial drugs of 

choice against different bacterial species and depending on the bacterial population 

characteristics such as density, and within-species against strains with and without acquired 

resistance to the drugs. The pharmacodynamic relationships were studied for Escherichia coli, 

nontyphoidal Salmonella enterica subsp. enterica, Staphylococcus aureus, and Streptococcus 

pneumoniae.  

 Purpose 

 Each year in the United States, over 2.8 million Americans experience diseases caused by 

infections by antimicrobial resistant (AMR) bacterial strains, and over 35,000 of those people 

succumb to the diseases due to a lack of effective treatment options (1, 2). Although these numbers 

appear to signal a decrease in the occurrence and impact of such diseases since 2013 (3), AMR 

infections is still a major public health concern in the U.S. and globally.   

Bacterial pathogens of humans and animals are becoming increasingly resistant to existing 

antimicrobial drugs of different classes. This is not easily remedied, as the timeline for 

development of new and effective antimicrobials is unknown (4-6). Moreover, even when effective 

antimicrobials are developed, bacterial pathogens can rapidly evolve, acquire, and spread 

resistance (5). Therefore, it is imperative that the useful life of the existing antimicrobial drug 

classes is extended. One possibility is to modify the treatment regimens by existing antimicrobials 

so that the regimens are efficacious against strains with acquired resistance to the drugs (7). Then 

a recourse to newest antimicrobial drugs would be needed less often. The modified regimens could 

be designed using the pharmacokinetic-pharmacodynamic modeling (2, 7, 8). This requires in vitro 
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data on the PD of the antimicrobials against the pathogen strains with and without acquired 

resistance to the drugs. Through proper PD modelling of such data we could project the PD 

responses of strains that have acquired resistance to the antimicrobials (9). 

The World Health Organization (WHO) defines a list of critically important antimicrobial 

drug classes for human medicine. Based on the 2019 list, the highest priority classes are: 

fluoroquinolones, 3rd and higher generation cephalosporins, macrolides and ketolides, 

glycopeptides, and polymyxins (10). Of particular interest to our studies are the classes of 

fluoroquinolones and cephalosporins, since these include antimicrobials recommended for treating 

serious salmonellosis in adults in the U.S., specifically, the fluoroquinolone ciprofloxacin and 3rd 

generation cephalosporin ceftriaxone. In the WHO’s 2014 Antimicrobial Resistance: Global 

Report on Surveillance, nontyphoidal Salmonellae were listed as a “selected bacteria of 

international concern” (11). This is because of the emerging trends of rising occurrence of such 

Salmonellae resistant to fluoroquinolones, e.g., in South-East Asia and the Western Pacific 

regions, while the pathogen remains a leading cause of gastroenteritis worldwide (11). 

  In a 2019 report, the U.S. CDC classified AMR patterns in bacterial pathogens into 

categories of “urgent”, “serious”, and “concerning” threats (1). Antimicrobial resistant 

nontyphoidal Salmonella enterica subsp. enterica is one of the “serious” threats, along with 

vancomycin-resistant Enterococci (VRE) and multidrug-resistant Pseudomonas aeruginosa. The 

priority is nontyphoidal Salmonellae which have become resistant to the first-line treatments of 

choice, which for adults in the U.S. are the cephalosporin ceftriaxone and fluoroquinolone 

ciprofloxacin. Nontyphoidal Salmonellae cause 1.35 million infections in the U.S. each year and 

approximately 420 deaths (1, 3). Antimicrobial resistant nontyphoidal Salmonellae are responsible 

for approximately 212,500 human infections and 70 deaths annually (1, 12). Prevalence of both 
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the types of infections have been on the rise since 2013 (1, 3). Nontyphoidal Salmonella spp. are 

the number one bacterial foodborne pathogen linked to hospitalizations in the U.S. and are also 

the leading cause of death from foodborne illness (1, 12). Common modes of infection with 

nontyphoidal Salmonellae are consuming contaminated food products and coming in contact with 

contaminated fecal matter of infected humans or animals (1, 3, 12). The U.S. population are at risk 

of diminishing treatment options for infections caused by Gram-negative bacteria, with that of 

AMR nontyphoidal Salmonellae as a prime example (1, 3). 

 Antimicrobial resistance: Definitions and control approaches 

 When humans and animals become ill due to a bacterial infection, the contemporary 

treatment of choice is an antimicrobial drug known to be effective against fully susceptible 

strains of the bacterial pathogen. As the result of the treatment, in some cases bacteriological 

cure is achieved, that is – the pathogen population is eradicated (2, 13). In other cases, the 

pathogen population is sufficiently reduced for the patient immune system to clear the infection 

(2, 13). Yet in other cases, a part of the bacterial population develops or acquires antimicrobial 

resistance. The term antimicrobial resistance (AMR) refers to the situation when a bacterial 

strain develops or acquires genes encoding resistance mechanisms that make the infection caused 

by the strain unamenable to treatment with that antimicrobial under the current treatment 

regimen for the disease (1, 12). This is different from yet another scenario of the pathogen 

population developing phenotypic non-susceptibility to the antimicrobial during the treatment, 

which is termed persistence and is discussed below. The genes encoding AMR can spread 

rapidly among bacterial strains and even across species (1, 3). To distinguish between intrinsic 

and acquired resistance, intrinsic resistance is when a bacterial species is naturally non-

susceptible to the effects of the antimicrobial, e.g., because of not containing the drug targets. 
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Conversely, acquired resistance is a phenomenon when a strain of a bacterial species naturally 

susceptible to the antimicrobial loses a degree of the susceptibility, due to a mutation in a gene or 

due to acquiring a gene from other strains through horizontal gene transfer, with the gene 

encoding a mechanism of resistance to the drug (14). Horizontal gene transfers occur via 

bacterial conjugation, transduction by bacteriophages, and transformation, which is a process 

when bacteria uptake foreign genetic material from their surrounding environment.  Via 

conjugation, bacteria horizontally transfer mobile genetic elements, such as plasmids and 

transposons, and thus share the genetic material between otherwise unrelated clonal populations 

(14). Many of the fluoroquinolone and cephalosporin resistance genes are plasmidic and thus are 

spread among bacterial strains via plasmid conjugation (15, 16) . 

Bacterial pathogens with acquired AMR (especially strains resistant to ≥3 antimicrobial 

drug classes, which are referred to as multi-drug resistant) are one of the most pressing public 

health concerns globally, according to the WHO (11). The WHO provides suggestions to remedy 

this global health problem. For example, some of the suggestions introduced in 2011 were to 

devise new monitoring and surveillance programs for antimicrobial drug use, tackle the sale and 

use of counterfeit antimicrobials, and develop funding opportunities and incentives for research 

regarding AMR (17). In the U.S., the Food and Drug Administration (FDA) has created funding 

mechanisms for projects collecting data needed to design antimicrobial use surveillance systems 

for human and animal populations. The U.S. FDA, along with Department of Health and Human 

Services, and Department of Agriculture also fund AMR monitoring efforts, including the 

National Antimicrobial Resistance Monitoring System (NARMS) established in 1996. 

At a community level, it is imperative that healthcare professionals understand the 

guidelines for stewardship of prescribed antimicrobials, and the public understand the proper use 
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of the drugs. The misuse of antimicrobials for illnesses that do not require them contributes to 

the development of AMR worldwide (17). Furthermore, in some countries antimicrobial drugs 

can be accessed over the counter. Results of a systematic review of literature point out in Africa 

there can be up to 100% non-prescription use of antimicrobials by the public (11, 18). Within 

healthcare facilities, strict biosecurity, sanitation, and handwashing practices reduce spread of 

bacteria, including AMR bacteria, from patient-to-patient and between staff and patients (1, 3, 

11). Another component approach of combatting AMR is limiting the usage of antimicrobials in 

food animals. This could bound the spread of AMR from food-animal production systems into 

the environment and the occupational exposure of workers in animal farms and slaughter and 

processing facilities (1, 3, 11, 12), as well as AMR transmission to general public via the food 

chain (19).  

 Ciprofloxacin: Mechanisms of action and bacterial resistance 

Ciprofloxacin belongs to the class of drugs called fluoroquinolones. It was first approved 

for human use by the U.S. FDA in 1987 and has been used to treat a multitude of diseases (20-

23). It is currently approved for the treatments of urinary tract infections, sexually transmitted 

diseases, gastrointestinal infections, salmonellosis, and other (24). It is one of the most widely 

used antimicrobial drugs in human populations world-wide (20). Ciprofloxacin is a broad 

spectrum antimicrobial, active against Gram-negative and select Gram-positive bacteria (24).  

Ciprofloxacin inhibits the bacterial population growth by targeting two bacterial enzymes: DNA 

gyrase and DNA topoisomerase IV (20-22). This leads to creation of the 

DNA/topoisomerase/drug ternary complex that leaves the bacteria unable to continue on in the 

replication process (20, 25, 26). Fluoroquinolones also increase the creation of reactive oxygen 

species in the bacteria, increasing the bacterial death rate (20, 23). 
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Bacteria can become resistant to a class of antimicrobial drugs through different 

mechanisms on a cellular level. For the class of quinolones, the major mechanisms are alterations 

in the target enzymes, drug deactivation intra-cellular, and activation of bacterial efflux pumps 

(27). The former two mechanisms are mediated by chromosomal and the third by plasmidic 

bacterial genes. In the case of the target alteration quinolone resistance, the most common 

mutations are in the genes encoding the DNA gyrase and topoisomerase IV, with the greatest 

level of resistance conferred when both the enzymes have been altered (27-33). This occurs 

through point mutations at a single or multiple amino acids, primary the serine or acidic residues 

that act to anchor the water-ion bridge of the subunits of these enzymes (27, 28, 34-36). A 

second family of genes that confers quinolone resistance is aac(6′)-Ib-cr. These encode a mutant 

aminoglycoside acetyltransferase that can work to deactivate ciprofloxacin in the bacteria, 

rendering it ineffective at killing the bacteria (27, 37, 38).  

Plasmid-mediated antimicrobial resistance can be transmitted both vertically from 

generation to generation of the bacteria and horizontally. Through the horizontal gene transfer by 

mobile genetic elements, resistance to multiple classes of antimicrobials can co-spread (15, 27, 

39-41). The first group of plasmidic genes conferring quinolone resistance is the qnr family of 

genes. Qnr genes encode different types of proteins, which protect the DNA gyrase and 

topoisomerase IV enzymes from inhibition by the drugs. They also can stop quinolones from 

being able to form cleavage complexes by binding to gyrase and topoisomerase IV, directly (15, 

27, 41-45). Another group of plasmidic genes that contribute to quinolone resistance are genes 

encoding the bacterial efflux pump function, such as OqxAB, QepA1, and QepA2 (15, 27, 46, 

47). The efflux pumps act to pump drug out of the bacteria before it has a chance to act on them.   
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 Ceftriaxone: Mechanisms of action and bacterial resistance 

Ceftriaxone is a third-generation cephalosporin drug. It is a broad-spectrum 

antimicrobial, active against most Gram-negative and select Gram-positive bacteria. It is 

commonly used to treat urinary tract infections, meningitis, bone and joint infections, septicemia, 

and other (48). Ceftriaxone inhibits bacterial cell wall synthesis during the replication process 

(49). Inhibition of this imperative synthesis leads to a weakening of the cell wall and death of the 

dividing bacteria, thus preventing the bacterial population growth. Notably, antimicrobials of this 

class are known to rarely cause adverse side effects in mammalian hosts, because the mammalian 

host cells do not contain the target peptidoglycan, rendering them resistant to the antimicrobial 

effects (50). 

Cephalosporins are a class of β-lactam antimicrobials. In 1940, it was discovered that a 

culture of Escherichia coli deactivated penicillin, the first widely used β-lactam drug. This is 

based on the bacteria producing β-lactamases, which hydrolyze chemical bonds present in the 

ring structure of β-lactams, rendering them inactive (51, 52). Today, many different types of β-

lactamases have been discovered, and have been divided amongst different classes based on their 

mechanism of drug inactivation (Bush–Jacoby system) or the amino acid structure of the enzyme 

itself (the Ambler system) (51, 53-57). Despite the classification systems, the nomenclature of 

>2,000 β-lactamases is somewhat arbitrary, with some of the enzymes named after the patients 

yielding the bacterial isolates, bacterial species the enzymes were first discovered in, the 

geographic location at which they were discovered, or chemical or physical 

properties/idiosyncrasies, for example (58). The drug hydrolysis by β-lactamases is the most 

common mechanism of bacterial resistance against β-lactam antimicrobials (16, 59). Other 

resistance mechanisms include alteration of target proteins to which the drugs bind, and partial 
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disablement or destruction of porin structures within the bacterial cell wall (16, 59, 60). These 

porin structures allow β-lactams to enter the bacteria to bind to penicillin-binding proteins to 

delay or stop the bacterial growth (16, 59, 60). Activation of the bacterial efflux pumps can also 

contribute to a reduced susceptibility to β-lactams (16, 59, 60).  

 Persisters  

 In 1944, Joseph Bigger performed an experiment where he exposed a culture of 

Staphylococcus pyogenes (aureus) to high concentrations of penicillin. He discovered that 

roughly 1 in a million of the Staphylococcus pyogenes cells were not eradicated by the 

antimicrobial, even at its high concentrations. Further evaluation showed these cells did not 

acquire mutations conferring resistance mechanisms to the antimicrobial, instead, the cells 

appeared to be phenotypic variants “tolerant” to the drug. Today, such variants phenotypically 

tolerant to the antimicrobial are termed persisters (61, 62). It has been hypothesized that different 

types of persisters can be present in a clonal bacterial population (63, 64). Two main types are 

coined as type I and type II persisters. Type I persisters are described as cells in the initial clonal 

population that are in a non-growing state due to reacting to a stress signal. Such persisters are 

tolerant to antimicrobials because of their dormant growth state, since many antimicrobials target 

structures in actively replicating bacteria (62). Type II persisters are characterized as cell 

subpopulations that randomly develop a low growth rate state during the exponential growth 

phase of the culture (63, 65). Different conditions can affect the collective antimicrobial 

tolerance of persisters and their rate of occurrence in a bacterial population. Some studies 

showed a bacterial culture maintained for a longer period of time has a larger proportion of 

persisters (62, 66). Others showed that cultures of a similar starting density but exposed to 

different antimicrobial drugs, in the concentrations lethal to the non-persister subpopulations, 
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have different densities of the remaining persisters (67). Others highlighted that merely being in 

the presence of minute antimicrobial concentrations will induce a stress response in the bacterial 

population, and the persister frequency will be higher compared to that in an antimicrobial free 

environment (68). What triggers persistence in a bacterial subpopulation is still not fully 

understood (62, 64).  

 Modeling antimicrobial pharmacodynamics  

The field of antimicrobial pharmacodynamics (PD) aims to elucidate the dynamics of 

action of different antimicrobials on populations of bacterial pathogens, and hence the 

bacteriologic and clinical outcomes of antimicrobial drug treatments of diseases caused by the 

pathogens in hosts of interest (2, 8, 69). Data on the antimicrobial’s PD against the pathogens 

could allow optimizing the treatment regimens for the diseases, to increase the likelihood of the 

bacteriological cure in vivo (70-72). 

One of first approaches using the PD principles to optimize the antimicrobial treatment 

regimens was undertaken by Harry Eagle in the 1940’s and 1950’s. Eagle and his colleagues 

used a mouse model of a thigh infection with β-hemolytic streptococci and pneumococci treated 

with penicillin to evaluate how varying drug concentrations effected the pathogen population at 

the infection site. They found that a property of the drug concentration-time curve was predictive 

of the treatment efficacy. Specifically, the treatment efficacy was directly related to the duration 

of time when the drug concentration at the infection site remained above the drug’s minimum 

inhibitory concentration (MIC) for the pathogen strain (70, 73). This has also been shown for 

other β-lactam drugs and bacterial pathogens, for the drug-susceptible strains, and is referred to 

as a “time-dependent” PD (70). In this case, the antimicrobial effect on the bacterial population 

levels off at the drug concentrations of low multiples of the MIC, with no further increase in the 
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effect even if the drug concentration further increases (70, 73). Other properties of the drug 

concentration-time curve are predictive of the treatment efficacy for antimicrobials of other 

classes. For quinolones, the PD is “concentration-dependent” for the drug-susceptible strains, 

that is, the antimicrobial effect on the bacterial population continues to increase as the drug 

concentration further increases (beyond low multiples of the MIC), as has been observed in vitro 

and in vivo (9, 70). In this case, the treatment efficacy is most correlated to the ratio of the area 

under the drug concentration-time curve (AUC) at the infection site to the MIC for the strain 

(AUC/MIC ratio), during each 24 hours of the treatment (70). Importantly, historically, these PD 

properties were defined based on the data for bacterial pathogen strains fully susceptible to the 

antimicrobials. Whether the PD of an antimicrobial changes between the susceptible strains and 

strains with acquired resistance to the drug is the focus of our second study. 

Different PD models have been introduced to capture differences in the dynamics of 

interactions between antimicrobials and bacterial populations. One commonly used model is 

termed the Emax model (Emax – maximum effect), which can capture the relationship between the 

drug concentration and its effect on the bacterial population growth rate (72, 74). Two 

formulations of this model are included below as examples. These are formulated with Imax – 

maximum inhibitory effect on the bacterial population growth. 

   Inhibitory baseline sigmoid Imax model              Inhibitory fractional sigmoid Imax model 

max
0

50

( )
H

H H

I C
E C E
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= −

+
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− 
= 

+
                      

 

where:  

E(C) – bacterial population growth rate (log10(colony forming units (CFU)/mL)/hour) 

when exposed to the antimicrobial concentration C 
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C – antimicrobial concentration (μg/mL)  

E0 – bacterial population growth rate in the absence of antimicrobial exposure (the baseline 

growth rate) (log10(CFU/mL)/hour) 

H – Hill-coefficient reflecting steepness of the relationship between an increase in the 

antimicrobial concentration and an increase in the inhibition of the bacterial population 

growth (dimensionless) 

IC50 – Drug concentration at which 50% of the maximal inhibition in the bacterial 

population growth occurs (μg/mL)  

Imax – Maximal inhibition of the bacterial population growth at high antimicrobial 

concentrations (dimensionless) 

 

To project the antimicrobial action against the pathogen populations in vivo, data are 

generated in vitro on the antimicrobial PD against similar strains of the pathogen and PD models 

capturing the data are identified. Then, the PD model projections are combined with the 

projections of the drug distribution in the treated host (that is, the drug PK projections), to 

perform the integrated PK-PD modeling of the efficacy of the treatment regimen in reducing the 

pathogen population at the infection site in the host (75). Thus, the PK-PD modeling can be used 

to project how effective different antimicrobial treatment regimens will be against the infection 

by a pathogen strain with specific characteristics, and giving the disease caused and PK of the 

drug in the treated host with its characteristics. It is through the PK-PD modelling that the 

treatment regimens could be optimized to ultimately improve the patient treatment outcomes.   

 

  



12 

 

Chapter 2-Modeling the antimicrobial pharmacodynamics for 

bacterial strains with vs. without acquired resistance to 

fluoroquinolones or cephalosporins  

 

Jessica R. Salas1, Tara Gaire1,2, Victoria Quichocho1, Emily Nicholson1, Victoriya V. 

Volkova1,2,*  

 

1 Department of Diagnostic Medicine/Pathobiology,  

2 Center for Outcomes Research and Epidemiology, 

College of Veterinary Medicine,  

Kansas State University, Manhattan, KS 66506, USA 

 

 

* Corresponding author 

Phone: +1 (607) 220-8687. e-mail: vv88@vet.k-state.edu (Dr. Victoriya Volkova). 
 

 

 

  



13 

 

 Abstract 

Antimicrobial resistance is a threat to therapeutic options for human and animal bacterial 

diseases worldwide. The pipeline of new and effective antimicrobial drugs is uncertain. The 

current treatment regimens by existing antimicrobial drug classes were designed for bacterial 

pathogen strains that were fully susceptible to the drugs. It is pertinent that we expand the 

useable lifetime of the existing antimicrobial drug classes, for example, by optimizing the 

treatment regimens to achieve efficacy against pathogen strains that are no longer fully 

susceptible. This requires data on the pharmacodynamics (PD) of the antimicrobials against such 

strains. In this study, we generated the required data for the fluoroquinolone ciprofloxacin and 

cephalosporin ceftriaxone for nontyphoidal Salmonella enterica subsp. enterica strains with 

varying levels of acquired resistance to the drugs, as well as for fully susceptible strains. Strains 

of majority of genotypes of reduced susceptibility to fluoroquinolones or cephalosporins that 

have been reported in the U.S. were included. The strains have been isolated from human 

infections, food-animal products sold in retail, and food-animal production chains in the U.S. We 

compared the fit of six mathematical models to capture the PD for each antimicrobial and strain 

category. The inhibitory baseline sigmoid Imax (or Emax) model was best-fit for the PD of each 

antimicrobial against a majority of the strains, and yielded estimates of the PD parameter values 

for each antimicrobial and strain. There were statistically significant differences in the PD 

parameter values among the strain categories for each antimicrobial. The results suggest 

predictable multi-parameter changes in the PD of each of these first-line antimicrobials 

depending on the Salmonella strain’s susceptibility phenotype (i.e. the antimicrobial’s minimum 

inhibitory concentration for the strain), and potentially associated with the strain carrying 

specific genes conferring the reduced drug susceptibility. This warrants a future investigation of 
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whether the current treatment regimens could be safely modified to achieve efficacy in treating 

infections by strains of some of the reduced susceptibility pathogen types. 
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 Introduction 

Nontyphoidal Salmonella enterica subsp. enterica are the number one bacterial foodborne 

pathogen linked to hospitalizations and death in cases of foodborne illness in the U.S. (1, 12). 

Antimicrobial drug resistant (AMR) nontyphoidal Salmonellae, specifically, cause ~212,500 

infections in the U.S. each year and are responsible for ~70 deaths (1). The challenge of treating 

infections by the AMR strains is not easily remedied, because the time-line for development of 

new effective antimicrobials is uncertain (4-6). Devising approaches to optimize the treatment 

regimens by existing antimicrobials is therefore of paramount importance, in order to expand the 

useable lifetime of the effective antimicrobials we have. Developing these approaches requires 

understanding through in vitro and in vivo studies of the antimicrobial pharmacokinetics in the 

target hosts, and the antimicrobial pharmacodynamics against the pathogen populations at the sites 

of infection in the hosts (2, 8, 13, 69, 76).  

The minimum inhibitory concentration (MIC) of an antimicrobial for a bacterial strain is a 

measurement of the strain’s phenotypic susceptibility. Currently, it is used as a single parameter 

of the antimicrobial pharmacodynamics (PD), along with modeling the drug pharmacokinetics 

(PK) in the target host, in the design of the treatment regimen. Specifically, in the integrated PK-

PD models, the duration of time that the drug concentration at the site of infection remains above 

the MIC for the pathogen strain, or the area under the concentration-time curve (AUC) above the 

MIC, is projected (2, 8, 9). In this framework, the antimicrobial administration regimen is 

designed, that is, the drug dosage, length of time between the doses, and length of the overall 

course of treatment are optimized to achieve the desired duration or AUC above MIC (2, 8). Multi-

parameter PD models, however, further capture the antimicrobial PD against the pathogen 

population depending on the drug concentration that inevitably varies at the site of infection during 



16 

 

the treatment, and thus are superior tools for the regimen design compared to the MIC alone (7, 9, 

72, 76, 77). Another aspect is that the current antimicrobial treatment regimens have been designed 

using the PD parameter values (whether the MIC or those from multi-parameter PD models) for 

pathogen strains that were fully susceptible to the drugs. Less susceptible strains are considered to 

differ only by the MIC of the antimicrobial (2, 72). However, evidence is emerging that all the 

antimicrobial’s PD parameter values, and not only the MIC, are changing between the fully 

susceptible strains and strains with acquired resistance to the drug (7, 9, 78). It is unknown whether 

the changes are predictable and how they relate to the strain’s antimicrobial susceptibility 

phenotype or genotype. It is also unknown if for a given antimicrobial the same mathematical 

model captures the PD across the strain categories. Several models have been shown to capture 

various forms of the relationships between an antimicrobial drug concentration and its effects on 

the bacterial population (72, 74, 77, 79). 

In this study, we investigated the PD against nontyphoidal Salmonella strains that are 

susceptible or have acquired resistance for the first-line treatment choices for serious 

salmonellosis in adults, the fluoroquinolone ciprofloxacin and cephalosporin ceftriaxone. Strains 

fully susceptible to fluoroquinolones or extended spectrum cephalosporins, and strains carrying 

majority of reported in the U.S. gene families conferring reduced susceptibility to these drug 

classes were included (Tables 1-2). We investigated whether the strain phenotypic susceptibility 

to the antimicrobial or specific drug resistance genes carried are associated with the ranges of the 

antimicrobial’s PD parameter values.  
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 Materials and methods 

Bacterial strains. Fifty-three nontyphoidal Salmonella enterica subsp. enterica strains 

were used. The strains were isolated and shared by the U.S. National Antimicrobial Resistance 

Monitoring System (NARMS), Centers for Disease Control and Prevention (CDC), and 

colleagues at the University of Nebraska Medical Center (strains acquired within the NARMS 

activities in Nebraska). Along with the strains, those organizations shared data on the strain 

serotype and AMR gene content determined via the whole genome sequencing and annotation. 

Based on the data, strains with majority of reported in the U.S. gene families conferring reduced 

susceptibility to fluoroquinolones or extended spectrum cephalosporins were selected for the 

study (Tables 1-2). In the ciprofloxacin PD study, n=24 strains were used (Table 1). In the 

ceftriaxone PD study, n=29 strains were used (Table 2). 

MIC estimation. We measured the phenotypic susceptibility of each strain to 

ciprofloxacin or ceftriaxone. The strains were stored in brucella broth with 15% glycerol 

(RemelTM, Lenexa, KS, USA) at −80 °C. Tryptic soy agar supplemented with 5% sheep blood 

(BAP, RemelTM, Lenexa, KS) was used for the strain streaking and plating between the 

experiments. High purity (analytical standards) forms of ceftriaxone and ciprofloxacin were 

purchased from Sigma-Aldrich, Inc. (St. Louis, MO, USA). The antimicrobial’s MIC for a 

bacterial strain was determined by the broth microdilution assay aerobically in cation-adjusted 

Mueller-Hinton broth (CA-MHB, RemelTM), following the procedures recommended by the 

Clinical and Laboratory Standards Institute (CLSI) (80). The standard CLSI recommended assay 

protocol is with a single starting drug concentration; this only returns the drug double-dilution 

interval within which the MIC is, with a double-dilution margin of error in both the directions. 

This was an insufficient precision of the MIC estimation to design informative time-kill 
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experiments with the antimicrobials. We used multiple approaches to get a more precise MIC 

estimate. First, for each antimicrobial and strain, the broth microdilution assay was performed 

with a variety of the starting drug concentrations and otherwise following the CLSI 

recommended procedures; the MIC was estimated from the data assuming that in each assay the 

strain’s MIC was in the middle of the drug double-dilution interval identified (unpublished data). 

Second, we performed the E-test® in accordance with the manufacturer’s recommendations 

(bioMérieux, Marcy-l'Étoile, France). After evaluating the precision and repeatability of the MIC 

estimates, we used the MIC estimate from the multiple broth microdilution assays coupled with 

the mid-point data analysis for a strain categorized as intermediately susceptible or resistant to 

ceftriaxone or ciprofloxacin. We used the E-test® MIC estimate for a susceptible strain. The 

categorization of a strain as susceptible, intermediately susceptible, or resistant was based on the 

CLSI recommended clinical interpretive breakpoints for ceftriaxone or ciprofloxacin MIC for 

nontyphoidal Salmonellae treatments in humans. 

Time-kill experiments. Time-kill experiments were conducted for 24 bacterial isolates 

with ciprofloxacin and 29 with ceftriaxone, following previously described procedures (9, 75). A 

strain was plated from frozen culture on BAP and aerobically incubated overnight at 37 °C. 

From the overnight plate, several bacterial colonies were inoculated in Mueller Hinton 2 broth 

(MHB, RemelTM), which was incubated aerobically at 37 °C with shaking (200 rpm) overnight. 

The overnight culture was diluted ~1:175 into fresh MHB and incubated at 37 °C with shaking 

(200 rpm) for 1 hour to allow the bacterial population to enter the exponential growth phase. The 

culture was then diluted 1:40 into each of the individual flasks containing MHB with a different 

concentration of ceftriaxone or ciprofloxacin (0.5, 0.75, 1, 2, 3, 5, 8, or 10 multiples of the drug’s 

MIC for the strain) and into a control flask with fresh MHB (no drug added). The drug-free 
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control and drug-exposed cultures were incubated aerobically at 37 °C with shaking (200 rpm), 

and sampled at 0, 1, 2, 3, 4, 5, 6, 7, 8, 12, and 24 hours of incubation. Each sample of the 

cultures underwent 10-fold serial dilutions in a 0.9% sterile saline solution, and 3 to 4 of the 

dilutions were spread plated on BAP. These plates were incubated aerobically at 37 °C for 24 

hours, at which time the colony counts were determined. The colony counts from all the dilutions 

plated from a given culture at a time-point were transformed as log10(CFU/mL); the transformed 

data were averaged providing an estimate of the bacterial population density (colony forming 

units (CFU)/mL) in the culture at the time-point in that experiment replicate. For each strain, a 

time-kill experiment on a given date was performed including the control culture (no drug added) 

and cultures with each 0.5, 0.75, 1, or 2 multiples of the MIC drug concentrations, or, including 

the control culture and cultures with each 3, 5, 8, or 10 multiples of the MIC drug concentrations. 

Experiments with each of the two arrangements for the strain-antimicrobial combination were 

performed in replicate (on different days).  

Pharmacodynamic modeling and statistical analyses. The bacterial population 

density estimates for the strain, antimicrobial, MIC multiple drug concentration or no-drug control, 

and time-point were averaged between the replicates of the experiment. These mean estimates of 

the bacterial density were plotted against the experiment time in hours, for each drug concentration 

or no-drug control. The plotted curve reflected the strain’s population density under that drug 

concentration or in the control throughout a 24-hour experiment. The maximal hourly slope of the 

curve during any time-period in the experiment was identified. For this, the hourly slope was 

estimated for each of time-windows from 1 to 23 hours, starting from the 0 hour of the experiment, 

and then for each of time-windows from 1 to 22 hours starting from the 1 hour time-point, and the 

maximal slope identified. This provided an estimate of the maximal hourly bacterial population 
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growth or decline rate when exposed to that drug concentration or in the absence of antimicrobial 

exposure (in the no-drug control case). These estimates were collated for the strain, yielding the 

antimicrobial concentration-bacterial population growth/decline rate data-set. Six candidate 

models were compared in capturing the antimicrobial’s PD for the strain. Each model was fitted 

as a non-linear regression model using the least-squares method, by regressing the maximal hourly 

bacterial population growth/decline rate on the drug concentration (0 for the control) for the strain. 

The models were: 

(1) Inhibitory baseline sigmoid Imax model – form 1:  

𝐸(𝐶) = 𝐸𝑜 −
𝐼max  ×  𝐶

𝐻

𝐼𝐶50
𝐻 + 𝐶𝐻

 

(2) Inhibitory baseline sigmoid Imax model – form 2: 

𝐸 = 𝐸0 −
𝐼max

𝐼𝐶𝐻
50 + 𝐶𝐻

 

(3) Inhibitory fractional model:  

𝐸 = 𝐸0 ×
1 − 𝐶

𝐼𝐶50 + 𝐶
 

(4) Inhibitory fractional sigmoid model:  

𝐸(𝐶) = 𝐸0 ×
1 − 𝐶𝐻

𝐼𝐶𝐻
50 + 𝐶𝐻

 

(5) Inhibitory fractional Imax model: 
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where: 

E(C) – bacterial population growth rate (log10(CFU/mL)/hour) when exposed to the 

antimicrobial concentration C  

C – antimicrobial concentration (μg/mL)  

E0 – bacterial population growth rate in the absence of antimicrobial exposure 

(log10(CFU/mL)/hour) 

H – Hill-coefficient reflecting steepness of the relationship between an increase in the 

antimicrobial concentration and an increase in the inhibition of the bacterial population 

growth (dimensionless) 

IC50  – Drug concentration at which 50% of the maximal inhibition in the bacterial 

population growth occurred (μg/mL) 

Imax – Maximal inhibition of the bacterial population growth at high antimicrobial 

concentrations (dimensionless) 

 

To identify the model that best fits to the PD data for each antimicrobial and strain (the 

antimicrobial concentration-maximal bacterial population hourly growth/decline rate data), the six 

models were ranked on their relative fit. The models were ranked based on the Akaike information 

criterion (AIC) values (with a lower AIC indicating a better fit model), and then based on the 

adjusted coefficient of determination, R2, values (with a higher R2 indicating a better fit model). 

The AIC is applicable for evaluating the relative fit to a dataset of non-linear regression models 

that contain different numbers of parameters. The results were summarized across the strains for 

each antimicrobial. For both ciprofloxacin and ceftriaxone, the PD model ranked “best” fit most 

often across the strains was identified, and the estimates of the model parameter values for 
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individual strains were extracted. Statistical analysis was performed to test for trends in the PD 

parameter values depending on the strain’s phenotype or genotype of susceptibility to the 

antimicrobial. The PD modeling and statistical analyses were performed in the SAS® University 

Edition software for Windows (SAS Institute Inc., Cary, NC). 

 

 Results and discussion 

 

 Relative fit of candidate mathematical models to the pharmacodynamic data  

 

Relative fit of the six candidate models to the antimicrobial concentration-maximal 

bacterial population hourly growth/decline rate data for individual strains of nontyphoidal 

Salmonellae is summarized for ciprofloxacin in the Supplementary Table 1 and for ceftriaxone 

in Supplementary Table 2. For ciprofloxacin, the inhibitory baseline sigmoid Imax model – form 

1 (equation (1) above) was best fit to the PD data for 96% of the strains (i.e., for 23 out of 24 

strains). The inhibitory fractional Imax model (equation (5) above) was best-fit for the other strain 

in the ciprofloxacin PD study. For ceftriaxone, the inhibitory baseline sigmoid Imax model – form 

1 (equation (1) above) was best fit to the PD data for 86% of the strains (i.e., for 25 out of 29 

strains). The inhibitory fractional Imax model (equation (5) above) was best-fit for the other 4 

strains in the ceftriaxone PD study. To enable statistical analysis of trends in the PD parameter 

values among the strain categories, the inhibitory baseline sigmoid Imax model – form 1 (equation 

(1) above) was accepted as the best fit model for all the strains in both ciprofloxacin PD and 

ceftriaxone PD. 
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  Trends in the ciprofloxacin pharmacodynamics parameter values  
 

The time-kill experiment results with ciprofloxacin are included in the Supplementary 

Figures 1-2. The results suggest the ciprofloxacin PD varies depending on the strain phenotypic 

(as reflected by the drug MIC) and genotypic (identities of the fluoroquinolone resistance genes 

carried) susceptibility to the antimicrobial. For all the strains, the PD parameter value estimates 

of the inhibitory baseline sigmoid Imax model – form 1 and the model fit statistics are shown in 

Table 3. The model projections are plotted against the antimicrobial concentration-bacterial 

population hourly growth/decline rate data for the individual strains in Figures 3-5.   

The strain population growth rate in the absence of antimicrobial exposure, E0, represents 

the strain fitness or intrinsic growth potential. This is also a parameter that impacts the PD of 

antimicrobials acting on the replicating bacterial cells, as has been shown by us for 

fluoroquinolones (75) and by others for β-lactams (e.g., (81)). We categorized the Salmonella 

strains in their phenotypic ciprofloxacin susceptibility based on the ciprofloxacin MIC and the 

corresponding CLSI-set clinical interpretative breakpoints for salmonellosis treatment in 

humans. The categories were the susceptible, intermediately susceptible, and resistant to 

ciprofloxacin strains. The mean intrinsic growth rate of the ciprofloxacin resistant strains was 

statistically significantly lower, and less variable compared to that of the susceptible or 

intermediately susceptible strains (Kruskal-Wallis one way analysis of variance p-value=0.060, 

n = 24 strains; Figure 1A). The mean E0 was lowest for the strains with chromosomal 

fluoroquinolone resistance genes, increasing for the strains with plasmidic fluoroquinolone 

resistance genes, and further increasing for the susceptible strains, but this trend was not 

statistically significant (Kruskal-Wallis one-way analysis of variance p-value=0.346, n=24; 

Figure 1D).  The mean maximal inhibition of the bacterial population growth, Imax, was the 
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highest for the ciprofloxacin susceptible strains, decreasing for the intermediately susceptible, 

and further decreasing for the resistant strains (Kruskal-Wallis one way analysis of variance p-

value=0.077, n =22; Figure 1B). However, the Imax was highly variable across the susceptible 

strains, while it was highly predictable across the resistant strains (Figure 1B). The mean Hill-

coefficient estimate was lowest for the ciprofloxacin susceptible strains, increasing for the 

intermediately susceptible, and further increasing for the resistant strains (the Kruskal-Wallis 

one-way analysis of variance p-value=0.039, n =22; Figure 1C). As well, the Hill-coefficient 

was highly predictable for the susceptible strains, while it was highly variable across the 

intermediately susceptible and resistant strains (Figure 1C). Further analysis showed a stepwise 

increase in the Hill-coefficient from the susceptible strains to the strains with chromosomal to the 

strains with plasmidic genes conferring fluoroquinolone resistance (Kruskal-Wallis one-way 

analysis of variance p-value=0.010, n=20).  

The ciprofloxacin PD was influenced by the strain’s intrinsic growth potential. A higher 

intrinsic growth rate, E0, was statistically significantly correlated with a lower Hill-coefficient for 

the strains (Spearman's nonparametric correlation coefficient ρ=-0.617, p-value=0.001, n=24; 

Table 5). Given that the intrinsic growth rate declines with the strain phenotypic susceptibility 

(Figure 1A), that correlation may be a contributing factor to that the ciprofloxacin PD is more 

often concentration-dependent for the susceptible strains, but trending towards time-dependency 

through the intermediately susceptible to resistant strains (Figures 3-5). However, the impacts of 

the intrinsic growth potential may be interacting with more direct influences of the strain 

susceptibility phenotype on the ciprofloxacin PD. Specifically, there were a statistically 

significant negative correlation between Imax and MIC:IC50 ratio (Spearman correlation 
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coefficient ρ=-0.659, p-value ≤0.001, n=24), and a statistically significant positive correlation 

between Hill-coefficient and MIC:IC50 ratio for the strains (ρ=0.538, p-value=0.010, n=24).  

 

 Trends in the ceftriaxone pharmacodynamics parameter values  

The time-kill experiment results with ceftriaxone are included in the Supplementary 

Figures 3-5. The results suggested the ceftriaxone PD varies depending on the strain phenotypic 

cephalosporin susceptibility and the bla-gene family that confers the reduced susceptibility. For 

all the strains, the PD parameter value estimates of the inhibitory baseline sigmoid Imax model – 

form 1 and the model fit statistics are shown in Table 4. The model projections are plotted 

against the ceftriaxone concentration-maximal bacterial population hourly growth/decline rate 

data for the individual strains in Figures 6-8.   

The strains were categorized by their phenotypic cephalosporin susceptibility based on 

the ceftriaxone MIC and the corresponding CLSI-set clinical interpretative breakpoints for 

salmonellosis treatment in humans. The categories were the susceptible and resistant to 

ceftriaxone strains. The mean intrinsic growth rate of the resistant strains was statistically 

significantly lower compared to that of the susceptible strains (Student’s t-test p-value=0.005, 

n=27; Figure 2A). Interestingly, the intrinsic growth rate of the cephalosporin resistant strains 

was highly variable, in opposite to the highly predictable intrinsic growth rate of the 

fluoroquinolone resistant strains (Figure 2A vs. Figure 1A). A higher mean maximal inhibition 

of the bacterial population growth, Imax, was estimated for the ceftriaxone resistant strains 

compared to the susceptible strains (Welch’s t-test p-value≤0.001, n = 26; Figure 2B). The mean 

Hill-coefficient estimates were similar between the ceftriaxone susceptible and resistant strains 

(Student’s t-test p-value=0.156, n=26; Figure 2C).  



26 

 

The ceftriaxone PD is more often time-dependent for the susceptible strains, but trending 

towards concentration-dependent dynamics with the decreasing phenotypic susceptibility of the 

strains (Figures 6-8). This trend may be related to the strain’s decreasing intrinsic growth rate 

with a lower phenotypic cephalosporin susceptibility (recall also the trend of the change from 

concentration-dependent to time-dependent fluoroquinolone PD is correlated to the strain’s 

decreasing intrinsic growth rate with a lower phenotypic fluoroquinolone susceptibility). For the 

ceftriaxone PD, a lower intrinsic growth rate, E0, was statistically significantly correlated with a 

higher Imax (Spearman's nonparametric correlation coefficient ρ=-0.448, p-value=0.020, n=25; 

Table 6), and with a lower MIC:IC50 ratio (ρ=0.414, p-value=0.040, n=25; Table 6) for the 

strains. Correspondingly, there was a negative correlation between Imax and MIC:IC50 ratio for 

the strains (ρ=-0.583, p-value=0.002, n=22; Table 6). Moreover, specific gene families 

conferring the reduced cephalosporin susceptibility may be predictive of the ceftriaxone PD 

parameter value ranges. There were statistically significant differences among the strain groups 

carrying individual bla-gene families in each the mean intrinsic growth rate, E0 (Kruskal-Wallis 

one-way analysis of variance p-value=0.025, n=28); mean maximal inhibition of the bacterial 

population growth by ceftriaxone, Imax (p-value=0.003, n=26); and mean Hill-coefficient 

estimates for the ceftriaxone PD (p-value=0.028, n=27) (Figure 2D-F).  

In conclusion, the results of this study strongly suggest there are predictable changes in 

the pharmacodynamics against nontyphoidal Salmonellae of each of the first-line antimicrobials, 

the fluoroquinolone ciprofloxacin and 3rd generation cephalosporin ceftriaxone, linked to the 

strain phenotypic susceptibility to the antimicrobial. The changes are at least partially related to 

the fitness cost for the strains associated with the reduced antimicrobial susceptibility. 

Furthermore, the PD changes may vary among the strains depending on the specific gene 
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families conferring the reduced antimicrobial susceptibility. The results justify pursuing a future 

investigation of whether the current treatment regimens by these antimicrobials for salmonellosis 

in adults could be safely modified to achieve efficacy to treat the infections caused by some of 

the reduced susceptibility strain types. 
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Figure 1. Distributions of the parameter estimates of the inhibitory baseline sigmoid Imax model fitted to the time-kill data for nontyphoidal 

Salmonella enterica subsp. enterica strains (n=24) in the study of ciprofloxacin pharmacodynamics. Of six compared pharmacodynamic 

models, this model fitted the data best most often across the strains. Top (left to right): The strains are categorized by phenotypic 

ciprofloxacin susceptibility based on the ciprofloxacin MIC and the clinical interpretative breakpoints set by the Clinical and Laboratory 

Standards Institute for salmonellosis treatment in humans. Bottom: (left to right): The strains are categorized by carrying none, 

chromosomal, or plasmidic genes encoding reduced susceptibility to quinolones, based on the whole genome sequencing and annotation.  
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Figure 2. Distributions of the parameter estimates of the inhibitory baseline sigmoid Imax model fitted to the time-kill data for nontyphoidal 

Salmonella enterica subsp. enterica strains (n=29) in the study of ceftriaxone pharmacodynamics. Of six compared pharmacodynamic models, this 

model fitted the data best most often across the strains. Top (left to right): The strains are categorized by phenotypic ceftriaxone susceptibility based 

on the ceftriaxone MIC and the clinical interpretative breakpoints set by the Clinical and Laboratory Standards Institute for salmonellosis treatment in 

humans. Bottom: (left to right): The strains are categorized by the content of genes encoding reduced susceptibility to cephalosporins, based on the 

whole genome sequencing and annotation.   
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Figure 3. Projections of the bacterial population growth/decline rate depending on the ciprofloxacin concentration. The projections are of 

the inhibitory baseline sigmoid Imax model, which demonstrated best-fit out of six candidate modes to the time-kill data for nontyphoidal 

Salmonella enterica subsp. enterica strains investigated. The projections for the strains with the ciprofloxacin MIC 0.006 µg/mL to 0.012 

µg/mL are plotted in the increasing order of the MIC (left to right, and top to bottom). These strains are categorized as susceptible to 

ciprofloxacin, based on the ciprofloxacin MIC clinical interpretative breakpoints set by the Clinical and Laboratory Standards Institute. 

. 
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Figure 3. Projections of the bacterial population growth/decline rate depending on the ciprofloxacin concentration. The projections are of the 

inhibitory baseline sigmoid Imax model, which demonstrated best-fit out of six candidate modes to the time-kill data for nontyphoidal Salmonella 

enterica subsp. enterica strains investigated. The projections for the strains with the ciprofloxacin MIC 0.10 µg/mL to 0.45 µg/mL are plotted in 

the increasing order of the MIC (left to right, and top to bottom). These strains are categorized as intermediately susceptible to ciprofloxacin, 

based on the ciprofloxacin MIC clinical interpretative breakpoints set by the Clinical and Laboratory Standards Institute. 
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Figure 4. Projections of the bacterial population growth/decline rate depending on the ciprofloxacin concentration. The projections are of the 

inhibitory baseline sigmoid Imax model, which demonstrated best-fit out of six candidate modes to the time-kill data for nontyphoidal Salmonella 

enterica subsp. enterica strains investigated. The projections for the strains with the ciprofloxacin MIC 0.56 µg/mL to 25.78 µg/mL are plotted in 

the increasing order of the MIC (left to right, and top to bottom). These strains are categorized as intermediately susceptible or resistant to 

ciprofloxacin, based on the ciprofloxacin MIC clinical interpretative breakpoints set by the Clinical and Laboratory Standards Institute.  
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Figure 5. Projections of the bacterial population growth/decline rate depending on the ceftriaxone concentration. The projections 

are of the inhibitory baseline sigmoid Imax model, which demonstrated best-fit out of six candidate modes to the time-kill data for 

nontyphoidal Salmonella enterica subsp. enterica strains investigated. The projections for the strains with the ceftriaxone MIC 

0.012 µg/mL to 2.98 µg/mL are plotted in the increasing order of the MIC (left to right, and top to bottom). These strains are 

categorized as susceptible or intermediately susceptible to ceftriaxone, based on the ceftriaxone MIC clinical interpretative 

breakpoints set by the Clinical and Laboratory Standards Institute.  
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Figure 6. Projections of the bacterial population growth/decline rate depending on the ceftriaxone concentration. The projections are of the 

inhibitory baseline sigmoid Imax model, which demonstrated best-fit out of six candidate modes to the time-kill data for nontyphoidal Salmonella 

enterica subsp. enterica strains investigated. The projections for the strains with the ceftriaxone MIC 7.9 µg/mL to 211.9 µg/mL are plotted in the 

increasing order of the MIC (left to right, and top to bottom). These strains are categorized as intermediately susceptible or resistant to ceftriaxone, 

based on the ceftriaxone MIC clinical interpretative breakpoints set by the Clinical and Laboratory Standards Institute.  
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Figure 7. Projections of the bacterial population growth/decline rate depending on the ceftriaxone concentration. The 

projections are of the inhibitory baseline sigmoid Imax model, which demonstrated best-fit out of six candidate modes to 

the time-kill data for nontyphoidal Salmonella enterica subsp. enterica strains investigated. The projections for the 

strains with the ceftriaxone MIC 433 µg/mL to 1,260 µg/mL are plotted in the increasing order of the MIC (left to right, 

and top to bottom). These strains are categorized as resistant to ceftriaxone, based on the ceftriaxone MIC clinical 

interpretative breakpoints set by the Clinical and Laboratory Standards Institute.  
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Table 1: Strains of nontyphoidal Salmonella enterica subsp. enterica (n=24) included in the study of ciprofloxacin pharmacodynamics. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Strain ID Serotype Ciprofloxacin minimum 

inhibitory concentration 

(µg/mL) 

Fluoroquinolone resistance 

gene content based on the 

isolate whole genome 

sequencing and annotation 

1 Senftenberg 25.781 aac(3)-Iid 

2 Typhimirium 0.012 aac(3')-Iid 

3 Derby 0.012 aac(3)-Iva 

4 Saintpaul 0.012 aac-(3)lid 

5 Anatum 0.012 aac(3)-lld 

6 Newport 0.012 aac(3)-Vla 

7 Concord 0.006 aac(6')-Iic, qnrA11 

8 Senftenberg 18.164 aac(6')-lb, aac(6')lb-cr 

9 Enteritidis 0.100 gyrA (D87N) 

10 Saintpaul 0.177 gyrA (S83F) 

11 Agona 0.180 gyrA (S83F) 

12 Typhimurium 0.159 gyrA (S83Y) 

13 Typhimirium 0.445 gyrA (s83Y), oqxAB 

14 Litchfield 0.012 none 

15 Agona 0.012 none 

16 Enteritidis 0.012 none 

17 Stanley 0.186 qnrA1 

18 Derby 0.286 qnrB19 

19 Typhimurium 0.262 qnrB19 

20 Newport 0.417 qnrB19 

21 Anatum 0.308 qnrB19 

22 Saintpaul 0.263 qnrS1 

23 Litchfield 0.229 qnrS1 

24 Derby 1.556 qnrS2 
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Table 2: Strains of nontyphoidal Salmonella enterica subsp. enterica (n=29) included in the study of ceftriaxone pharmacodynamics. 

 

Strain ID Serotype Ceftriaxone minimum 

inhibitory 

concentration (µg/mL) 

Cephalosporin resistance gene 

content based on the isolate whole 

genome sequencing and annotation 

25 Typhimurium var. 5 8.962 blaCMY-2 

26 Kentucky 2.982 blaCMY-2 

27 Typhimurium 9.218 blaCMY-2 

28 Dublin 7.909 blaCMY-2 

29 Heidelberg 38.468 blaCMY-2, blaTEM-1A 

30 Typhimurium 34.728 blaCMY-2, blaTEM-1B 

31 Heidelberg 15.285 blaCMY-2,  blaTEM-1B  

32 Saintpaul 51.645 blaCMY-2,  blaTEM-1B  

33 Typhimurium var. 5 9.239 blaCMY-2,  blaTEM-1B  

34 Heidelberg 159.844 blaCTX-M-1 

35 Albany 832.500 blaCTX-M-1 

7 Concord 630.938 blaCTX-M-15, blaSHV-12 

36 Infantis 211.875 blaCTX-M-65 

37 Infantis 433.125 blaCTX-M-65 

38 Newport 8.714 blaFOX-5 

39 Cubana 160.781 blaTEM-1A, blaKPC-2 

8 Senftenberg 10.078 blaTEM-1A, blaOXA-9, blaSHV-12 

40 Brandenburg 0.211 blaTEM-1B 

1 Senftenberg 1260 blaTEM-1B,blaCMY-4, blaNDM1 

41 Kentucky 0.032 none 

42 Newport 0.047 none 

43 Dublin 0.064 none 

3 Derby 0.064 none 

44 Saintpaul 0.064 none 

2 Typhimirium 0.012 none 

45 Heidelberg 0.047 none 

15 Agona 0.012 none 

46 Enteritidis 0.064 blaTEM-1 
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47 Enteritidis 0.071 blaTEM-1 
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Table 3: Parameter estimates and fit statistics for the inhibitory baseline sigmoid Imax model fitted to the data on ciprofloxacin pharmacodynamics for 

individual strains of nontyphoidal Salmonella enterica subsp. enterica (n=24). Of six compared pharmacodynamic models, this model fitted the data 

best most often across the strains. For each strain and parameter, the first row is the parameter estimate and its 95% confidence interval and the 

second row is the coefficient of variation CV (%) for the estimate. AIC – Akaike information criterion. R2 – coefficient of variation.  

Strain ID Imax E0 Hill coefficient IC50 AIC Adjusted R2 

6  1.46 0.67  2.43  0.01 -37.44 0.98 

(1.23, 1.69) 

6.1% 

(0.48, 0.85) 

10.8% 

(1.32, 3.53) 

17.7% 

(0.008, 0.013) 

7.9% 

3  3.88 0.67 3.53 0.02 -10.62 0.9370 

(2.80, 4.97) 

10.9% 

(-0.13, 1.47) 

46.5% 

(0.35, 6.72) 

35.1% 

(0.01, 0.03) 

14.8% 

15  3.95 0.87 1.54 0.02 -13.54 0.93 

(2.05, 5.85) 

18.7% 

(0.04, 1.70) 

37.1% 

(0.15, 2.94) 

35.2% 

(0.01, 0.04) 

28.3% 

16 3.66 0.79 2.06 0.02 14.12 0.98 

(2.86, 4.45) 

8.5% 

(0.34, 1.23) 

22.0% 

(1.00, 3.12) 

20.0% 

(0.0165, 0.03) 

11.0% 

14 3.72 0.59 2.78 0.03 -17.04 0.97 

(2.81, 4.63) 

9.5% 

(0.09, 1.09) 

32.9% 

(0.62, 4.94) 

30.3% 

(0.02, 0.03) 

10.5% 

4 2.71 0.50 3.13 0.02 6.79 0.93 

(1.82, 3.59) 

12.7% 

(-0.05, 1.05) 

42.7% 

(-0.48, 6.74) 

44.8% 

(0.01, 0.03) 

14.8% 

5 3.40 0.48 4.47 0.026 -21.12 0.98 

(2.92, 3.89) 

5.6% 

(0.18, 0.78) 

24.2% 

(1.34, 7.59) 

27.2% 

(0.02, 0.03) 

5.6% 

2 2.084 0.47 3.72 0.026 -22.83 0.953 

(1.59, 2.57) 

9.1% 

(0.17, 0.76) 

24.5% 

(0.01, 7.42) 

38.8% 

(0.02, 0.03) 

9.8% 

23 1.61 0.69 9.42 0.28 -38.73 0.99 

(1.46, 1.76) 

3.6% 

(0.58, 0.80) 

6.2% 

(-9.70, 28.54) 

79.0% 

(0.17, 0.38) 

14.5% 

17 1.72 0.72 3.81 0.22 -23.74 0.94 

(1.25, 2.19) 

10.6% 

(0.35, 1.08) 

19.8% 

(0.09, 7.52) 

37.9% 

(0.15, 0.30) 

13.2% 

12 2.35 0.91 2.70 0.23 -15.50 0.90 
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(1.43, 3.26) 

15.2% 

(0.25, 1.57) 

28.2% 

(-0.14, 5.53) 

40.9% 

(0.10, 0.36) 

20.9% 

24 3.49 0.83 2.42 3.28 -18.65 0.97 

(2.58, 4.39) 

10.1% 

(0.33, 1.34) 

23.4% 

(0.69, 4.17) 

27.9% 

(2.28, 4.28) 

11.8% 

 

19 2.51 0.61 4.81 0.35 -14.33 0.92 

(1.75, 3.26) 

11.7% 

(0.03, 1.19) 

36.9% 

(-0.79, 10.41) 

45.3% 

(0.20, 0.51) 

16.9% 

9  2.34 0.70 2.47 0.13 -24.12 0.96 

(1.79, 2.88) 

9.1% 

(0.30, 1.10) 

22.3% 

(0.98, 3.95) 

23.5% 

(0.09, 0.18) 

12.8% 

20 3.18 0.68 6.83 0.62 -7.10 0.88 

(2.10, 4.26) 

13.3% 

(-0.15, 1.50) 

47.4% 

(-6.68, 20.34) 

77.0% 

(0.21, 1.03) 

25.6% 

21 2.38 0.43 14.20 0.36 -11.70 0.89 

(1.54, 3.23) 

13.9% 

(-0.24, 1.10) 

60.3% 

(-733.40, 761.80) 

2,047.5% 

(-2.41, 3.13) 

301.3% 

13 2.86 0.71 3.74 0.73 -18.88 0.96 

(2.23, 3.48) 

8.5% 

(0.26, 1.16) 

24.6% 

(0.74, 6.74) 

31.2% 

(0.52, 0.94) 

11.3% 

18 2.60 0.46 19.79 0.35 -11.31 0.90 

(1.78, 3.41) 

12.2% 

(-0.14, 1.06) 

50.8% 

(-9,534.20, 9,573.80) 

18,782.0% 

(-33.89, 34.59) 

3,802.4% 

22 2.62 0.59 9.34 0.31 -12.25 0.91 

(1.80, 3.43) 

12.1% 

(-0.02, 1.20) 

40.5% 

(-56.20, 74.81) 

272.9% 

(-0.05, 0.67) 

45.5% 

11 2.83 0.51 21.04 0.21 -10.75 0.91 

(1.94, 3.72) 

12.2% 

(-0.23, 1.24) 

56.3% 

(-12,182.60, 

12,224.70) 

22,563.5% 

(-16.45, 16.86) 

3,131.7% 

8 1.84 0.39 3.82 24.04 -20.37 0.92 

(1.28, 2.41) 

11.9% 

(-0.04, 0.82) 

43.3% 

(-0.05, 7.69) 

39.4% 

(14.10, 33.99) 

16.1% 

1 2.08 0.31 10.64 29.55 -14.88 0.90 

(1.38, 2.78) 

13.1% 

(-0.24, 0.85) 

69.4% 

(-116.20, 137.50) 

463.9% 

(-17.71, 76.81) 

62.2% 

7 3.14 0.56 3.67 0.01 -20.26 0.97 

(2.56, 3.73) 

7.3% 

(0.17, 0.95) 

27.4% 

(0.94, 6.40) 

29.0% 

(0.01, 0.01) 

8.9% 
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2.97 0.58 4.19 0.23 -10.36 0.90 

(1.94, 4.01) 

13.5% 

(-0.21, 1.37) 

52.9% 

(-0.93, 9.31) 

4.5% 

(0.12, 0.35) 

18.5% 

 

 

Table 4: Parameter estimates and fit statistics for the inhibitory baseline sigmoid Imax model fitted to the data on ceftriaxone pharmacodynamics for 

individual strains of nontyphoidal Salmonella enterica subsp. enterica (n=29). Of six compared pharmacodynamic models, this model fitted the data 

best most often across the strains. For each strain and parameter, the first row is the parameter estimate and its 95% confidence interval and the 

second row is the coefficient of variation CV (%) for the estimate.  AIC – Akaike information criterion. R2 – coefficient of variation.  

 

Strain ID Imax E0 Hill coefficient IC50 AIC Adjusted R2 

15 1.63 0.85 1.70 0.02 -30.20 0.95 

(1.15, 2.10) 

11.4% 

(0.56, 1.14) 

13.3% 

(0.60, 2.80) 

25.1% 

(0.00, 0.02) 

18.2% 

43 1.27 0.68 2.97 0.09 -41.50 0.99 

0.05, 1.11) 

5.0% 

(0.05, 0.56) 

6.9% 

(0.05, 1.88) 

14.3% 

(0.05, 0.08) 

6.9% 

3 1.57 0.77 5.14 0.08 -42.07 0.99 

(1.44, 1.70) 

3.3% 

(0.67, 0.88) 

5.1% 

(2.93, 7.35) 

16.7% 

(0.07, 0.08) 

4.3% 

2 0.08 1.44 0.79 1.71 -30.31 0.94 

(0.07, 0.08) 

223.6% 

(1.00, 1.88) 

7.8% 

(0.50, 1.08) 

60.4% 

(0.48, 2.94) 

0.2% 

45 1.21 0.77 3.18 0.05 -29.07 0.93 

(0.84, 1.58) 

11.83% 

(0.47, 1.06) 

15.2% 

(-0.05, 6.41) 

39.5% 

(0.03, 0.06) 

13.1% 

42 1.55 0.94 2.41 0.04 -29.69 0.95 

(1.17, 1.93) 

9.4% 

(0.64, 1.24) 

12.5% 

(0.70, 4.12) 

27.6% 

(0.03, 0.06) 

12.2% 

41 1.22 0.85 3.57 0.03 -34.18 0.96 

(0.96, 1.48) 

8.3% 

(0.64, 1.07) 

9.7% 

(0.78, 6.36) 

30.4% 

(0.02, 0.04) 

8.3% 

31 2.55 0.51 3.3698 22.9701 -18.39 0.95 

(1.88, 3.23) 

10.3% 

(0.01, 1.00) 

38.1% 

(0.60, 6.14) 

32.0% 

(14.72, 31.22) 

14.0% 

33 2.21 0.51 10.5 10.60 -21.95 0.96 
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(1.76, 2.65) 

7.9% 

(0.16, 0.85) 

26.6% 

(-61.41, 82.42) 

266.4% 

(0.81, 20.38) 

35.9% 

29 2.81 0.70 1.50 88.87 -25.30 0.97 

(1.78, 3.84) 

14.2% 

(0.31, 1.09) 

21.5% 

(0.53, 2.46) 

25.1% 

(40.34, 137.40) 

21.2% 

27 2.09 0.65 2.87 12.28 -26.07 0.97 

(1.65, 2.54) 

8.3% 

(0.32, 0.99) 

20.0% 

(1.165, 4.58) 

23.1% 

(8.70 15.86) 

11.3% 

25 2.25 0.62 2.99 12.39 -29.52 

 

0.98 

(1.90, 2.60) 

6.1% 

(0.36, 0.88) 

16.5% 

(1.66, 4.32) 

17.3% 

(9.74, 15.02) 

8.3% 

28 2.05 0.42 16.34 9.23 -16.27 0.91 

(1.42, 2.69) 

12.0% 

(-0.07, 0.92) 

45.7% 

(-1,804.10, 1,836.79) 

4,333.3% 

(-148.22, 166.67) 

663.8% 

38 31.09 0.76 0.53 10047.75 -23.96 0.94 

(-931.37, 993.55) 

1204.3% 

(0.32, 1.21) 

22.8% 

(-0.33, 1.39) 

63.6% 

(-701,910.56, 

722,006.07) 

2,756.5% 

30 2.70 0.58 2.22 66.13 -31.86 0.99 

(2.30, 3.10) 

5.7% 

(0.34, 0.81) 

15.7% 

(1.40, 3.04) 

14.4% 

(53.66, 78.60) 

7.3% 

26 2.7978 0.7266 2.3667 4.1360 -14.6 0.91 

(1.77, 3.83) 

14.3% 

(-0.00, 1.46) 

39.4% 

(0.17, 4.56) 

36.1% 

(1.97, 6.30) 

20.3% 

35 2.26 0.61 1.82 1413.66 -

18.426 

0.90 

(1.21, 3.30) 

18.0% 

(0.01, 1.21) 

38.2% 

(-0.02, 3.65) 

39.3% 

(457.02, 2,370.30) 

26.3% 

34 1.86 0.75 1.16 223.75 -36.39 0.98 

(1.38, 2.33) 

9.9% 

(0.55, 0.95) 

10.3% 

(0.59, 1.74) 

19.3% 

(107.53, 339.96) 

20.2% 

37 2.64 0.72 0.84 1694.01 -26.83 0.94 

(-0.52, 5.81) 

46.6% 

(0.35, 1.09) 

20.1% 

(-0.09, 1.77) 

42.9% 

(-3,377.08, 6,765.11) 

116.5% 

39 2.42 0.70 1.18 356.35 -27.59 0.96 

(1.28, 3.56) 

18.3% 

(0.35, 1.05) 

19.4% 

(0.33, 2.02) 

27.9% 

(35.80, 676.91) 

35.0% 

36 7.17 0.82 0.40 30,752.62 -29.00 0.94 

(-58.55, 72.90) 

356.4% 

(0.49, 1.14) 

15.4% 

(-0.40, 1.21) 

78.1% 

(-1,062,959.34, 

1,124,464.56) 
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1383.5% 

7 1.69 0.59 2.43 1006.08 -28.25 0.96 

(1.25, 2.13) 

10.1% 

(0.30, 0.89) 

19.4% 

(0.80, 4.06) 

26.1% 

(648.86, 1,363.30) 

13.8% 

1 1.62 0.80 2.46 2344.39 -23.17 0.91 

(0.99, 2.25) 

15.2% 

(0.41, 1.19) 

19.1% 

(-0.16, 5.08) 

41.4% 

(1,184.74, 3504.03) 

19.2% 

40 1.25 0.72 2.33 0.22 -27.84 0.91 

(0.82, 1.68) 

13.4% 

(0.39, 1.06) 

18.1% 

(0.13, 4.54) 

36.7% 

(0.11 0.32) 

18.4% 

8 1.12 0.73 1.62 6.98 -34.64 0.94 

(0.82, 1.42) 

10.4% 

(0.50, 0.95) 

12.0% 

(0.22, 3.02) 

33.6% 

(3.92, 10.04) 

17.1% 
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Table 5: Pair-wise correlations between the ciprofloxacin pharmacodynamics parameter values based on the inhibitory baseline sigmoid Imax model 

fitted to the data on ciprofloxacin pharmacodynamics for individual strains of nontyphoidal Salmonella enterica subsp. enterica (n=24). Spearman 

correlation coefficient values, * indicates a correlation coefficient for which p-value ≤0.05. 

 

 

 

 

 

 

 

 

 

 

 

Table 6: Pair-wise correlations between the ceftriaxone pharmacodynamics parameter values based on the inhibitory baseline sigmoid Imax model 

fitted to the data on ceftriaxone pharmacodynamics for individual strains of nontyphoidal Salmonella enterica subsp. enterica (n=29). Spearman 

correlation coefficient values, * indicates a correlation coefficient for which p-value ≤0.05.  

 

 

 

 

 

 

 

 

 

 

Parameter Imax E0 Hill-coefficient 

Imax - 0.258 -0.298 

E0 0.258 - -0.617* 

Hill-coefficient -0.298 -0.617* - 

MIC:IC50 ratio -0.659* -0.249 0.538* 

MIC -0.318 -0.155 0.546 

Parameter Imax E0 Hill-coefficient 

Imax - -0.448* -0.354 

E0 -0.448* - -0.193 

Hill-coefficient -0.354 -0.193 - 

MIC:IC50 ratio -0.583* 0.414* 0.308 

MIC 0.564* -0.473* -0.641* 
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Supplementary Figure 1. Time-kill data for the experiments with ciprofloxacin for nontyphoidal Salmonella enterica subsp. enterica strains. Each 

dot represents the mean of the data from two to three replicates of the experiment. The drug concentrations used in the experiments are shown by 

color: light blue – no antimicrobial or control; orange 0.5 MIC; gray 0.75 MIC; yellow 1 MIC; dark blue 2 MIC; green 3 MIC; navy blue 5 MIC; red 

8 MIC; and dark gray 10 MIC. MIC – minimum inhibitory concentration of ciprofloxacin for the strain. Additional strain characteristics can be 

referenced in Table 1.  

 a) MIC=0.01 µg/mL; strain 2  b) MIC=0.01 µg/mL; strain 6  c) MIC=0.01 µg/mL; strain 4 d) MIC=0.01 µg/mL; strain 5 e) MIC=0.01 µg/mL; strain 

6  f) MIC=0.01 µg/mL; strain 14  g) MIC=0.01 µg/mL; strain 15 h) MIC=0.01 µg/mL; strain 16 i) MIC=0.01 µg/mL; strain 7.    
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Supplementary Figure 2. Time-kill data for the experiments with ciprofloxacin for nontyphoidal Salmonella enterica subsp. enterica strains. Each 

dot represents the mean of the data from two to three replicates of the experiment. The drug concentrations used in the experiments are shown by 

color: light blue – no antimicrobial or control; orange 0.5 MIC; gray 0.75 MIC; yellow 1 MIC; dark blue 2 MIC; green 3 MIC; navy blue 5 MIC; red 

8 MIC; and dark gray 10 MIC. MIC – minimum inhibitory concentration of ciprofloxacin for the strain. Additional strain characteristics can be 

referenced in Table 1. 

a) MIC=0.10 µg/mL; strain 9  b) MIC=0.16 µg/mL; strain 12  c) MIC=0.18 µg/mL; strain 10 d) MIC=0.18 µg/mL; strain 11 e) MIC=0.19 µg/mL; 

strain 17 f) MIC=0.23 µg/mL; strain 23  g) MIC=0.26 µg/mL; strain 19 h) MIC=0.26 µg/mL; strain 22  i) MIC=0.29 µg/mL; strain 18 j) MIC=0.31 

µg/mL; strain 21  k) MIC=0.42 µg/mL; strain 20  l) MIC=0.45 µg/mL; strain 13  m) MIC=1.56 µg/mL; strain 16  n) MIC=18.16 µg/mL; strain 8  o) 

MIC=25.78 µg/mL; strain 1.       
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Supplementary Figure 3. Time-kill data for the experiments with ceftriaxone for nontyphoidal Salmonella enterica subsp. enterica strains. Each dot 

represents the mean of the data from two to three replicates of the experiment. The drug concentrations used in the experiments are shown by color: 

light blue – no antimicrobial or control; orange 0.5 MIC; gray 0.75 MIC; yellow 1 MIC; dark blue 2 MIC; green 3 MIC; navy blue 5 MIC; red 8 

MIC; and dark gray 10 MIC. MIC – minimum inhibitory concentration of ceftriaxone for the strain. Additional strain characteristics can be 

referenced in Table 2. 

a) MIC=0.01 µg/mL; strain 2 b) MIC=0.01 µg/mL; strain 15 c) MIC=0.03 µg/mL; strain 41 d) MIC=0.05 µg/mL; strain42 e) MIC=0.05 µg/mL; 

strain 45  f) MIC=0.06 µg/mL; strain 46  g) MIC=0.06 µg/mL; strain 43 h) MIC=0.06 µg/mL; strain 3  i) MIC=0.06 µg/mL; strain 44  j) MIC=0.07 

µg/mL; strain 47 k) MIC=0.21 µg/mL; strain 40.    
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Supplementary Figure 4. Time-kill data for the experiments with ceftriaxone for nontyphoidal Salmonella enterica subsp. enterica strains. Each dot 

represents the mean of the data from two to three replicates of the experiment. The drug concentrations used in the experiments are shown by color: 

light blue – no antimicrobial or control; orange 0.5 MIC; gray 0.75 MIC; yellow 1 MIC; dark blue 2 MIC; green 3 MIC; navy blue 5 MIC; red 8 

MIC; and dark gray 10 MIC. MIC – minimum inhibitory concentration of ceftriaxone for the strain. Additional strain characteristics can be 

referenced in Table 2. 

a) MIC=2.98 µg/mL; strain 26  b) MIC=7.91 µg/mL; strain 28 c) MIC=8.71 µg/mL; strain 38  d) MIC=8.96 µg/mL; strain 25  e) MIC=9.22 µg/mL; 

strain 27  f) MIC=9.24 µg/mL; strain 33  g) MIC=10.08 µg/mL; strain 8 h) MIC=15.29 µg/mL; strain 31  i) MIC=34.73 µg/mL; strain 30. 
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Supplementary Figure 5. Time-kill data for the experiments with ceftriaxone for nontyphoidal Salmonella enterica subsp. enterica 

strains. Each dot represents the mean of the data from two to three replicates of the experiment. The drug concentrations used in the 

experiments are shown by color: light blue – no antimicrobial or control; orange 0.5 MIC; gray 0.75 MIC; yellow 1 MIC; dark blue 2 

MIC; green 3 MIC; navy blue 5 MIC; red 8 MIC; and dark gray 10 MIC. MIC – minimum inhibitory concentration of ceftriaxone for 

the strain. Additional strain characteristics can be referenced in Table 2. 

a) MIC=38.47 µg/mL; strain 29  b) MIC=51.65 µg/mL; strain 32 c) MIC=159.84 µg/mL; strain 31  d) MIC=160.78  µg/mL; strain 39  

e) MIC=211.88 µg/mL; strain 36  f) MIC=433.13 µg/mL; strain 37 g) MIC=630.94 µg/mL; strain 7  h) MIC=832.50 µg/mL; strain 35  

i) MIC=1,260.00 µg/mL; strain 1. 
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Supplementary Table 1. Relative fit statistics for the six candidate models in capturing the ciprofloxacin pharmacodynamics against n=24 strains of 

nontyphoidal Salmonella enterica subsp. enterica of diverse serotypes. Results are organized by strain, lowest to highest AIC, and then by highest to 

lowest adjusted R2. AIC – Akaike information criterion, a lower value indicates a better model fit. R2 – coefficient of variation, a higher value 

indicates a better model fit. The models were 1) inhibitory baseline sigmoid Imax model – form 1; 2) inhibitory baseline sigmoid Imax model – form 2; 

3) inhibitory fractional model; 4) inhibitory fractional sigmoid model; 5) inhibitory fractional Imax model; and 6) fractional sigmoid Imax model.  

 

Strain ID Model ID AIC Adjusted R2 Strain ID Model ID AIC Adjusted R2 

9 1 -24.12 0.96 12 
 

1 -15.50 0.90 

6 -24.12 0.96 6 -15.50 0.90 

4 -15.40 0.88 4 -12.81 0.85 

5 -15.40 0.88 5 -12.81 0.85 

3 5.54 -0.24 3 3.73 -0.13 

2 7.33 -0.43 2 5.18 -0.25 

13 
 

1 -18.88 0.96 23 
 

1 -38.73 0.99 

6 -18.88 0.96 6 -38.73 0.99 

4 -7.27 0.82 4 -11.61 0.72 

5 -7.27 0.82 5 -11.61 0.72 

3 1.29 0.95 3 -2.93 0.20 

2 11.80 -0.45 2 0.13 -0.12 

1 
 

1 -14.88 0.90 14 
 

1 -17.04 0.97 

6 -14.88 0.90 6 -17.04 0.97 

4 -6.22 0.68 4 -10.89 0.92 

5 -6.22 0.68 5 -10.89 0.92 

3 -4.77 1.62 3 11.11 0.31 

2 10.51 -0.51 2 15.81 -0.53 

8 
 

1 -20.37 0.92 24 
 

1 -18.65 0.97 
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6 -20.37 0.92 6 -18.65 0.97 

4 -14.36 0.82 4 -11.86 0.92 

5 -14.36 0.82 5 -11.86 0.92 

3 -10.20 1.56 3 -9.085 1.32 

2 6.53 -0.49 2 12.87 -0.44 

7 
 

1 -20.26 0.97 16 
 

1 -22.13 0.98 

6 -20.26 0.97 6 -22.13 0.98 

4 -6.37 0.83 4 -14.79 0.94 

5 -6.37 0.83 5 -14.79 0.94 

3 9.28 0.38 3 9.53 0.30 

2 14.30 -0.52 2 14.12 -0.51 

10 
 

1 -10.36 0.90 18 
 

1 -11.31 0.90 

6 -10.36 0.90 6 -11.31 0.90 

4 -6.11 0.81 4 -1.16 0.63 

5 -6.11 0.81 5 -1.16 0.63 

3 9.81 0.38 3 9.67 0.17 

2 14.59 -0.53 2 13.49 -0.50 

5 
 

1 -21.12 0.98 2 
 

1 -22.83 0.95 

6 -21.12 0.98 6 -22.83 0.95 

4 -7.24 0.87 4 -16.07 0.89 

5 -7.24 0.87 5 -16.07 0.89 

3 10.97 0.33 3 2.93 0.037 

2 15.78 -0.53 2 6.13 -0.43 

6 
 

6 -37.44 0.98 4 
 

1 -15.46 0.93 
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1 -37.44 0.98 6 -15.46 0.93 

5 -25.27 0.90 4 -10.42 0.86 

4 -25.27 0.90 5 -10.42 0.86 

3 -5.44 0.02 3 6.79 0.26 

2 -3.20 -0.23 2 11.22 -0.50 

22 
 

1 -12.25 0.91 15 
 

5 -14.04 0.93 

6 -12.25 0.91 4 -14.04 0.93 

4 -4.05 0.73 1 -13.54 0.93 

5 -4.05 0.73 6 -13.54 0.93 

3 8.50 0.23 3 9.09 0.33 

2 12.67 -0.49 2 13.82 -0.51 

17 
 

1 -23.74 0.94 3 
 

6 -10.62 0.94 

6 -23.74 0.94 1 -10.62 0.94 

4 -14.85 0.80 4 -3.85 0.85 

5 -14.85 0.80 5 -3.85 0.85 

3 -0.58 -0.098 3 12.87 0.54 

2 0.97 -0.23 2 18.47 -0.54 

11 
 

1 -10.75 0.91 19 
 

1 -14.33 0.92 

6 -10.75 0.91 6 -14.33 0.92 

4 0.84 0.59 4 -4.27 0.68 

5 0.84 0.59 5 -4.27 0.68 

3 12.90 -0.29 3 7.41 0.12 

2 14.82 -0.52 2 11.00 -0.47 

20 
 

1 -7.10 0.88 21 
 

1 -11.70 0.89 



57 

 

6 -7.10 0.88 6 -11.70 0.89 

4 2.02 0.61 4 -0.90 0.53 

5 2.02 0.61 5 -0.90 0.53 

3 8.66 0.64 3 8.29 0.17 

2 15.62 -0.49 2 12.14 -0.52 
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Supplementary Table 2. Relative fit statistics for the six candidate models in capturing the ceftriaxone pharmacodynamics against n=29 strains of 

nontyphoidal Salmonella enterica subsp. enterica of diverse serotypes. Results are organized by strain, lowest to highest AIC, and then by highest to 

lowest adjusted R2. AIC – Akaike information criterion, a lower value indicates a better model fit. R2 – coefficient of variation, a higher value 

indicates a better model fit. The models were 1) inhibitory baseline sigmoid Imax model – form 1; 2) inhibitory baseline sigmoid Imax model – form 2; 

3) inhibitory fractional model; 4) inhibitory fractional sigmoid model; 5) inhibitory fractional Imax model; and 6) fractional sigmoid Imax model.  

 

Strain ID Model ID AIC Adjusted R2 Strain ID Model 

ID 

AIC Adjusted R2 

37 
 

4 -28.61 0.9466 45 1 -29.075 0.93 

1 -26.83 0.94 6 -29.07 0.93 

6 -26.83 0.94 4 -21.40 0.80 

3 -13.83 0.85 5 -21.40 0.80 

5 -11.97 0.83 2 -11.85 0.31 

2 -2.17 -0.30 3 -7.40 -0.32 

1 
 

6 -23.17 0.91 43 1 -41.50 0.99 

1 -23.17 0.91 6 -41.50 0.99 

4 -19.30 0.86 4 -23.39 0.87 

3 -6.50 0.20 5 -23.39 0.87 

2 -5.75 0.19 2 -9.22 0.19 

5 -4.55 0.05 3 -8.93 0.10 

39 
 

4 -29.18 0.97 25 6 -29.52 0.98 

5 -29.18 0.97 1 -29.52 0.98 

1 -27.60 0.96 4 -15.08 0.88 

6 -27.60 0.96 5 -15.08 0.88 

3 -13.02 1.13 3 -8.69 1.34 

2 2.07 -0.39 2 7.56 -0.45 
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8 
 

1 -34.64 0.94 28 1 -16.27 0.91 

6 -34.64 0.94 6 -16.27 0.91 

5 -34.01 0.93 4 -7.39 0.73 

4 -34.01 0.93 5 -7.40 0.73 

3 -15.47 0.23 3 -5.38 1.30 

2 -15.13 0.23 2 9.28 -0.50 

7 
 

1 -28.25 0.96 38 6 -23.96 0.94 

6 -28.250 0.96 1 -23.96 0.94 

4 -22.71 0.91 5 -23.80 0.94 

3 -10.82 0.84 4 -2380 0.94 

5 -9.23 0.50 3 -14.06 1.14 

2 0.13 -0.32 2 2.54 -0.40 

29 
 

6 -25.30 0.97 30 1 -31.86 0.99 

1 -25.30 0.97 6 -31.86 0.99 

5 -24.57 0.97 5 -19.08 0.94 

4 -24.57 0.97 4 -19.08 0.94 

3 -10.80 1.25 3 -9.10 1.47 

2 6.66 -0.45 2 9.69 -0.50 

27 
 

1 -26.07 0.97 42 1 -29.69 0.95 

6 -26.07 0.97 6 -29.69 0.95 

5 -16.57 0.88 4 -22.71 0.88 

4 -16.57 0.88 5 -22.71 0.88 

3 -9.33 1.21 2 -7.70 0.19 

2 5.69 -0.41 3 -4.57 -0.33 
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33 
 

1 -21.95 0.96 26 1 -14.63 0.91 

6 -21.95 0.96 6 -14.63 0.91 

4 -7.81 0.76 4 -13.07 0.89 

5 -7.81 0.76 5 -13.07 0.89 

3 -5.24 1.34 3 -10.06 1.60 

2 9.77 -0.48 2 10.98 -0.49 

35 
 

4 -18.55 0.90 3 1 -42.07 0.99 

1 -18.43 0.90 6 -42.07 0.99 

3 -10.53 1.23 4 -15.80 0.80 

5 -8.62 1.36 5 -15.80 0.80 

6 3.39 0.30 2 -2.56 -0.00 

2 5.57 -0.46 3 -1.11 -0.33 

41 
 

1 -34.18 0.96 40 6 -27.84 0.91 

6 -34.18 0.96 1 -27.84 0.91 

4 -22.17 0.82 4 -24.63 0.86 

5 -22.17 0.82 5 -24.63 0.86 

2 -14.74 0.55 3 -11.63 0.23 

3 -7.43 -0.27 2 -9.66 0.08 

2 
 

1 -30.31 0.94 31 1 -18.39 0.95 

6 -30.31 0.94 6 -18.39 0.95 

5 -28.73 0.93 4 -10.75 0.85 

4 -28.73 0.93 5 -10.75 0.85 

2 -8.85 0.10 3 8.47 1.85 

3 -6.54 -0.32 2 11.30 -0.51 
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36 
 

6 -29.00 0.94 34 5 -37.57 0.98 

1 -29.00 0.94 4 -37.57 0.98 

4 -27.56 0.93 6 -36.39 0.98 

5 -27.56 0.93 1 -36.39 0.98 

3 -14.63 0.88 3 -13.89 0.84 

2 -3.71 -0.20 2 -3.29 -0.22 

15 
 

1 -30.20 0.95 47 1 0.99 -61.38 

6 -30.20 0.95 6 0.99 -61.37 

4 -28.18 0.94 4 0.68 -17.33 

5 -28.18 0.94 5 0.68 -17.33 

2 -7.22 0.12 2 0.22 -9.78 

3 -4.62 -0.33 3 -0.33 -6.48 

46 1 0.98 -38.27 44 1 0.99 -42.55 

6 0.98 -38.27 6 0.99 -42.55 

4 0.78 -19.72 4 0.87 -25.76 

5 0.78 -19.72 5 0.87 -25.76 

2 0.25 -9.94 2 0.17 -10.99 

3 -0.32 -6.18 3 -0.33 -7.99 

32 1 0.97 -23.51 45 1 0.93 -29.07 

6 0.97 -23.51 6 0.93 -29.07 

3 1.57 -5.92 4 0.80 -21.40 

4 0.87 -11.47 5 0.80 -21.40 

5 0.87 -11.47 2 0.31 -11.85 

2 -0.52 12.038 3 -0.32 -7.40 
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 Abstract 

Antimicrobial treatment regimens against bacterial pathogens are designed using the 

drug’s minimum inhibitory concentration (MIC) measured at the bacterial density of 5.7 

log10(colony-forming units (CFU)/mL) in vitro. However, MIC changes with pathogen density, 

which varies among infectious diseases and during treatment. Incorporating this into treatment 

design requires realistic mathematical models of the relationships. We compared the MIC-

density relationships for Gram-negative Escherichia coli and nontyphoidal Salmonella enterica 

subsp. enterica and Gram-positive Staphylococcus aureus and Streptococcus pneumonia (for 

n=4 drug-susceptible strains per (sub)species and 1-8 log10(CFU/mL) densities), for 

antimicrobial classes with bactericidal activity against the (sub)species: β-lactams (ceftriaxone 

and oxacillin), fluoroquinolones (ciprofloxacin), aminoglycosides (gentamin), glycopeptides 

(vancomycin), and oxazolidinones (linezolid). Fitting six candidate mathematical models to the 

log2(MIC) vs. log10(CFU/mL) curves did not identify one model best capturing the relationships 

across the pathogen-antimicrobial combinations. Gompertz and logistic models (rather than a 

previously proposed Michaelis-Menten model) fitted best most often. Importantly, the bacterial 

density after which the MIC sharply increases (an MIC advancement-point density) and that 

density’s intra-(sub)species range evidently depended on the antimicrobial mechanism of action. 

Capturing these dependencies for the disease-pathogen-antimicrobial combination could help 

determine the MICs for which bacterial densities are most informative for treatment regimen 

design. 

Keywords: antimicrobials, antimicrobials, minimum inhibitory concentration (MIC), inoculum 

effect, antimicrobial pharmacodynamics, Escherichia coli, Salmonella enterica subsp. enterica, 

non-typhoidal Salmonella, Staphylococcus aureus, Streptococcus pneumoniae
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 Introduction 

Effective antimicrobial treatment regimens for bacterial diseases are essential for prudent 

use of existing antimicrobial drugs as a limited resource (2, 8). Regimens are designed projecting 

the pharmacodynamics against the pathogen population at the infection site operating with 

several parameters, most often with the antimicrobial’s minimum inhibitory concentration (MIC) 

measured in vitro at the bacterial density of 5.7 log10(colony-forming units (CFU)/mL) (i.e., 

5x105 CFU/mL) (2, 8, 80, 82-85). Values of the MIC and other pharmacodynamic parameters are 

assumed to remain constant throughout treatment (2, 69, 83-87). However, pathogen density 

(number of viable bacteria per g or mL) at the infection site varies among pathogen-disease 

combinations and patients, e.g., densities 3-9 log10(CFU/mL) are reported in human soft tissue 

and intraabdominal infections (88-92) and 3.7-8.5 log10(CFU/mL) in cerebrospinal fluid of 

humans with meningitis (93). During treatment,  pathogen density at the infection site can 

fluctuate in response to the antimicrobial concentration, but overall decreases until the infection 

is eradicated by the treatment (a.k.a. bacteriological cure) and/or the host immune responses (13, 

94). Importantly, an antimicrobial’s MIC changes with bacterial population density (95-99). 

Accounting for the changes could enable optimizing treatment regimens to maximize the 

bacteriological cure probability while minimizing antimicrobial drug use (71, 72). 

The term inoculum effect (IE) has been used historically for the MIC-bacterial density 

relationships (95-101). It is believed to be first reported in vitro in 1945 (102) and in vivo in 1952 

(103). Currently, the phenomenon is considered as a bacterial collective antimicrobial tolerance 

response to antimicrobial exposure (71). The phenomenon is documented in vitro for bactericidal 

and bacteriostatic antimicrobial drugs in Gram-negative and Gram-positive bacterial species, 
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including Enterobacteriaceae, staphylococci, and streptococci (99, 104-110). Few mathematical 

models have been investigated for reflecting the antimicrobial MIC-bacterial density 

relationships. It has been proposed that a Michaelis-Menten model reflects these relationships, 

based on data for several antimicrobials and one Staphylococcus aureus strain  (99). We 

hypothesized that it is unlikely that a single model accurately captures the MIC-density 

relationships across pathogen-antimicrobial combinations, and that the variety of the 

relationship’s mathematical forms has not been elucidated. The objective for this study was to 

compare the MIC-density relationships and mathematical models capturing those for exemplar 

Gram-negative (Escherichia coli and nontyphoidal Salmonella enterica subsp. enterica) and 

Gram-positive (Streptococcus pneumoniae and S. aureus) pathogens and focusing on 

antimicrobials with bactericidal activity against these (sub)species (further- ‘species’). 

 

 Materials and methods 

 Bacterial isolates. Four isolates from humans and animals of each E. coli, S. enterica 

subsp. enterica (further – S. enterica), S. aureus, and S. pneumoniae were used. The isolates 

were classified as susceptible to the antimicrobial drugs tested. The sample size (n=4 isolates per 

species) was chosen in the absence of prior data on between-isolate variability in the MIC-

bacterial density relationships for the antimicrobials and species. Four species isolates were 

tested throughout the extent of the study, unless stated otherwise. The Escherichia coli and S. 

enterica isolates were obtained from farm-animal feces during field studies by the Kansas State 

University faculty in 2014-2016. The Salmonella enterica isolates were of serotypes Anatum, 

Bovis, Anatum, Give, and Typhimurium (serotyped by the U.S. National Veterinary Services 

Laboratories, Ames, IA). The Staphylococcus aureus isolates obtained from a skin swab, biopsy, 
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and blood samples from domestic animals in 2016 were provided by the Kansas State Veterinary 

Diagnostic Laboratory. The Streptococcus pneumoniae isolates of serotypes 3 and 19A 

(serotyped by the U.S. Centers for Disease Control and Prevention) were provided by the CDC 

and obtained from human blood samples between 2003 and 2009.  

Antimicrobials. High purity ceftriaxone, ciprofloxacin, gentamicin, linezolid, oxacillin, 

and vancomycin forms (Sigma-Aldrich, Inc., St. Louis, MO, U.S.) were used. Stock drug 

solutions were prepared accounting for the form potency. The stock solutions of ceftriaxone, 

gentamicin, oxacillin, and vancomycin (10 mg/mL) were prepared by dissolving the drug powder 

in sterile distilled water; of ciprofloxacin (10 mg/mL) by dissolving the powder in 0.1 N 

hydrochloric acid solution; and of linezolid (10 mg/mL) by dissolving the powder in dimethyl 

sulfoxide. The stock solutions were aliquoted, stored at -20°C, and used within 3 months, except 

for ciprofloxacin stock solutions, which were stored at 4°C and used within 2 weeks. Before each 

experiment, a stock solution aliquot was diluted to a working solution of desired drug 

concentration in sterile distilled water. 

Determination of antimicrobial MIC for different bacterial densities. Each 

isolate was incubated overnight at 37°C on tryptic soy agar with 5% sheep blood (BAP, 

RemelTM, Lenexa, KS, U.S.). For an isolate of E. coli, S. enterica, or S. aureus, bacterial colonies 

from the BAP plate were suspended in 9 mL of cation-adjusted Mueller-Hinton broth (Ca-MHB, 

BBLTM, Sparks, MD, U.S.) to visually match the 0.5 McFarland turbidity standard. The 

suspension was serially diluted in Ca-MHB to each of the expected bacterial densities 108, 5x107, 

107, 106, 105, 104, 103, and 102 CFU/mL. The densities were confirmed by serially diluting an 

aliquot of each the 108, 105, and 102 dilutions in a sterile 0.9% saline solution, directly plating the 

dilutions in duplicate on BAP, incubating the plates at 37°C aerobically for 18-24 hours (until 
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colonies were visible), and counting the bacterial colonies (72). For an isolate of S. pneumoniae, 

bacterial colonies from the BAP were suspended to the expected bacterial density ~1x108 – 

5x108 CFU/mL in 9 mL of Ca-MHB with 5% (v/v) lysed horse blood (Innovative Research, Inc., 

Novi, MI, U.S.). (For each S. pneumoniae isolate, a preparatory experiment was performed to 

determine the required colony number.) The suspension was serially diluted in Ca-MHB with 5% 

(v/v) lysed horse blood to the expected densities 108 to 102 CFU/mL, as for the other bacterial 

species, and the densities similarly confirmed. 

A sterile 96-well plate (Corning, Inc., Lowell, MA, U.S.) was used for one bacterial 

isolate and one starting drug concentration. A plate row (12 wells) was used for one bacterial 

density; each well in the row contained 100 µL of the isolate suspension of that density. Eight 

rows each contained the isolate suspension of one of 108, 5x107, 107, 106, 105, 104, 103, and 102 

CFU/mL densities. The starting drug concentrations (in different plates) were 1,500, 1,000, 25, 

and 20 mg/L for all the antimicrobials and species, except linezolid for which those were 1,000, 

500, 50, and 40 mg/L for S. aureus and S. pneumoniae. Of the starting drug concentration 

solution, 100 µL was loaded into each well in column 1, the bacterial and antimicrobial solutions 

in column 1 pipetted 10 times, after which 100 µL of each well were loaded from column 1 to 

column 2 and the pipette tips replaced; this was repeated for columns 2 to 11. Thus, each starting 

drug concentration and 10 of its sequential two-fold dilutions were tested against each density of 

the bacterial isolate. Column 12 was the positive control of visible isolate growth in the absence 

of antimicrobial. The plates were incubated at 37°C aerobically for 18-24 hours; the MIC for 

each density of the isolate was read as the lowest drug concentration inhibiting visible growth 

from that density. The experiment for each isolate and each of four starting drug concentrations 

was performed in duplicate on different dates. For each density of the isolate, if the duplicate 
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MIC readings were within one 2-fold drug dilution apart, the lowest reading was the result 

recorded. If the duplicate MIC readings were further apart, a third replicate was performed and 

the lowest MIC of the readings within one 2-fold drug dilution apart from two of the three 

replicates was the result recorded. 

Mathematical modeling of antimicrobial MIC-bacterial density relationships. 

The experimental data were transformed to log2(MIC) and log10(CFU/mL) to enable a 

comparative evaluation of the MIC-density relationship forms (Figs. 9-10). Each of six candidate 

non-linear models was fitted to the transformed data for a representative isolate for each of the 

antimicrobial-bacterial species combinations. This included the Michaelis-Menten model 

proposed earlier based on data for several antimicrobials and one S. aureus strain (99). Each 

model had at most four parameters to capture the log2(MIC) vs. log10(CFU/mL) curves. 

Candidate models with more parameters (111, 112) were not considered to avoid model 

overfitting given the limited number of observations per individual antimicrobial-bacterial 

species combination.  

 

The investigated six models are detailed below. We defined y=log2(MIC) and 

x=log10(CFU/mL) bacterial density.  

 

A Michaelis-Menten model was formulated by:                                                            

     

x
y

x

a
c

b



+
= +                                                                    [1] 

where  

𝑎 + 𝑐 – projects maximum y at high bacterial densities;  

b – projects x at which a half maximum y ( ( ) 0.5a c+  ) is reached; 
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c – projects minimum y at low bacterial densities. 

  

The Michaelis-Menten model, however, does not reproduce sigmoid curves, such as those 

observed for the log2(MIC) vs. log10(CFU/mL) relationships (Figs. 9-10). The Hill-function 

models, which are also used to describe antimicrobial pharmacodynamics against bacterial 

populations, can capture such behavior (74, 113, 114). Assuming the Hill coefficient value > 0, 

a Hill-function model was formulated by:                                                                 

     

b

b

x
y

x

a
d

c



+
= +                                                                         [2] 

where  

𝑎 + 𝑑 – projects maximum y at high bacterial densities;  

b – reflects steepness (steepness of an increase in y with an increase in x) and shape of 

sigmoid function;  

c – projects xb at which a half maximum y ( ( ) 0.5a d+  ) is reached; 

d – projects minimum y at low bacterial densities. 

 

A logistic model can also capture a sigmoid curve and was formulated by:                                                                                                                        

( )exp x

a
d

c
y

b
+

+ − 
=                                                               [3] 

where  

a
d

b
+  – projects maximum y at high bacterial densities;  
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b  – represents a shift for the location of exp( )c x−   at which a half maximum y  (

( ) 0.5
a

d
b
+  ) is reached; 

c – reflects steepness of sigmoid function; 

1

a
d

b
+

+
 – projects minimum y at low bacterial densities. 

 

Depending on the sigmoid curve shape, a Gompertz model might better capture the shape 

than Hill or logistic models (79, 115). A Gompertz model was formulated by: 

( )exp expa b cy x d=    −  − +                                               [4] 

where 

𝑎 + 𝑑 – projects maximum y at high bacterial densities;  

b – represents a shift for the location of 
( )
ln(2)

exp c x− 
at which a half maximum y (

( ) 0.5a d+  ) is reached;  

c – reflects steepness of sigmoid function; 

 𝑑 + 𝑎 × exp (−𝑏) – projects minimum y at low bacterial densities. 

 

A von Bertalanffy model can also capture a sigmoid curve (116, 117) and was formulated 

by: 

( )1 exp
c

a b dy x − −  + =                                                      [5] 

where  

𝑎 + 𝑑 – projects maximum y at high bacterial densities;  
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b – reflects steepness of sigmoid function; 

c – reflects shape of sigmoid function; 

d – projects minimum y at low bacterial densities. 

 

An exponential effect of the bacterial density on the antimicrobial MIC is assumed for 

modeling the antimicrobial pharmacodynamics against bacterial populations (118). We included 

a bi-exponential model defined as a multilinear approximation of an exponential function by:                                

( ) ( )exp expa b x dy c x − = +  −                                      [6] 

where  

𝑎 + 𝑐 – projects minimum y 

b and d – adjust steepness of sigmoid function in approaching maximum y (i.e., control x 

at which the maximum y is projected). 

 

Each model was fitted using the least-squares method by regressing y on x for a 

representative isolate for the bacterial-species combination, with the “trust-region” algorithm that 

efficiently handles large sparse and small dense problems in searching the parameter space (119). 

Model parameter values minimizing mean squared error between the predicted and observed y 

values across the bacterial densities tested were estimated; model iterations were terminated if 

the tolerance 
101 10−   change in the mean squared error between successive iterations was met 

or after 500,000 iterations. No boundaries were imposed on the parameter values except for 

keeping the value positive or negative per model structure. Using the estimated parameter values, 

the model projections were generated for the bacterial densities 101-1012 (CFU/mL). Relative fit 

of the six models (with parameter values estimated as above) to the representative-isolate data 
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was evaluated with the adjusted coefficient of determination R2 (a larger adjusted R2 indicated a 

better model fit) and with Akaike’s Information Criterion (AIC) obtained using the log-

likelihood function penalized by the number of parameters (a smaller AIC indicated a better 

model fit).  

The density x at which there was the maximum positive change in the y slope estimated 

by the model was defined as the MIC-AP. The curvature (120, 121) of the y vs. x curve projected 

by the model at the density x was defined as: 

( )
( )

( )( )( )
3

2 2

''

1

y x
C x

y x

=

+

                                            [7] 

The curvature equations for the six models are included in the supplementary materials. The 

MIC-AP was: 

𝐴𝑃 = max
over all densities 𝑥

𝐶(𝑥)                                   [8] 

 

The modeling was implemented in MATLAB® R2019b (MathWorks Inc., Natick, MA, 

U.S.). Because of the limited number of isolates tested per bacterial species, statistical 

evaluations of the intra-species variability and relative magnitudes of the intra- vs. inter-species 

variabilities in the MIC-density relationships within or between antimicrobials were not 

performed.  

 

 Results and discussion 

We determined and compared the MIC-bacterial density relationships for two Gram-

negative (E. coli and nontyphoidal S. enterica) and two Gram-positive (S. aureus, S. 

pneumoniae) bacterial species and bactericidal antimicrobials from these drug classes: β-lactams 
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(oxacillin and ceftriaxone), fluoroquinolones (ciprofloxacin), aminoglycosides (gentamicin), and 

glycopeptides (vancomycin) (122, 123). We added the bacteriostatic oxazolidinone linezolid as 

one of newest antimicrobials introduced to tackle infections by strains resistant to older 

antimicrobials (124, 125). For an antimicrobial, the MIC-density relationship curve varied 

among the bacterial species; likewise, for a species, it varied among the antimicrobials (Figs. 9-

10). These results agreed with earlier in vitro data, e.g., for Haemophilus influenzae type b 

isolates a stronger IE is observed for the β-lactams penicillin and ampicillin than for 

chloramphenicol (93). For a Staphylococcus aureus strain (one tested), the IE is strongest for 

oxacillin, followed by gentamicin, and lowest for vancomycin and linezolid (99). Based on our 

results, for a given antimicrobial species combination, the MIC-density relationship could be 

similar across isolates classified as susceptible to the antimicrobial (Figs. 9-10 and Table 5). 

Mathematical modeling of antimicrobial MIC-bacterial density relationships. 

Six mathematical models were compared in fitting the MIC-density relationship curve for each 

of the antimicrobial-bacterial species combinations. The candidate model set was chosen based 

on the observed log2(MIC) vs. log10(CFU/mL) curves (Figs. 9-10). The models were based on 

the exponential, logistic, Gompertz, von Bertalanffy, Hill, and Michaelis-Menten functions. The 

Gompertz, logistic, von Bertalanffy, and exponential models most often demonstrated the best-fit 

to the data across the antimicrobial-species combinations. These trends could be seen in Figs. 11-

12 (the model parameter values and fit statistics for each antimicrobial-bacterial species 

combination are given in Supplementary Table 1).  

The “classical” microbiological methods used did not allow reproducible (within one 2-

fold drug dilution) MIC measurements at the densities beyond ~8.5-8.7 log10(CFU/mL). We 

conjuncture that similar goodness-of-fit of multiple models to a log2(MIC) vs. log10(CFU/mL) 
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curve was due to the limited observation of the relationship curve. The models captured the 

curve’s observed part. It is unclear which model would be followed for a wider range of 

densities. This is demonstrated theoretically by the model predictions for the densities 101 to 1012 

(CFU/mL) in Figs. 11-12. Identifying mathematical models that capture the MIC-IE relationship 

could reveal the relationship’s clinically important specifications, including the density beyond 

which the MIC increases sharply, which we term the MIC advancement-point; the steepness of 

the subsequent MIC increase; and whether and at which density an inflection (deceleration in the 

MIC increase) occurs or the MIC levels-off. For example, predictions of two “best-fit” models 

for higher-than-tested bacterial densities diverged in some (Fig. 11 a, c, d) but not in other (Fig. 

11c, Fig. 12h) cases. The divergent predictions showed that, e.g., the oxacillin MIC would 

increase steeper at high densities of S. aureus or S. pneumoniae (Fig. 11 c-d), or the gentamicin 

MIC would level-off at a higher value for S. pneumoniae (Fig. 4f), if the relationship follows an 

exponential rather than logistic model. The ceiling prediction example is that the gentamicin 

MIC for S. aureus was projected to level-off from ~8 log10(CFU/mL) (Fig. 12e) but the 

ceftriaxone MIC to not level-off until >12 log10(CFU/mL) (Fig. 12a). 

Location and range of the antimicrobial MIC-AP. We focus further discussion on 

specifications and implications of the MIC-AP bacterial density. Antimicrobial treatment 

regimens are currently designed utilizing the MIC for the density 5.7 log10(CFU/mL). Such a 

regimen would likely achieve bacteriological cure only if both of the following conditions are 

true: (1) the antimicrobial MIC-AP across the antimicrobial-susceptible pathogen strains is >5.7 

log10(CFU/mL) (e.g., 6.5-8 log10(CFU/mL) for the β-lactam ceftriaxone in E. coli, S. enterica, 

and S. aureus, Figs. 9 a-b and 10a); and (2) the pathogen density at the infection site(s) is below 

the MIC-AP. A regimen designed utilizing the MIC for the density 5.7 log10(CFU/mL) would 
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less likely achieve bacteriological cure if the MIC-AP is lower (e.g., for gentamicin in E. coli and 

S. enterica, Figs. 9 e-f, and linezolid in S. aureus, Fig. 10i) and the pathogen density at the 

infection site(s) reaches the MIC-AP. The full MIC-density curve and MIC-AP have not been 

considered in the design and interpretation of in vivo experiments. For example, that clinical 

efficacy of a β-lactam treatment regimen is apparently not sensitive to the infectious inoculum 

density for E. coli or Klebsiella spp. (126) but is sensitive for Streptococcus pyogenes (127) 

could be because the MIC-AP density differs for these antimicrobial-bacterial species 

combinations (i.e., whether the inocula densities were below or above the MIC-AP for each 

combination). For illustration, the ceftriaxone MIC-AP for S. enterica (Fig. 9b) is ≥1 

log10(CFU/mL) higher than for S. pneumoniae (Fig. 10b).   

Both how consistent the MIC–AP location was among bacterial species and its intra-

species between-isolate range apparently depended on the antimicrobial’s mechanism of action 

(Figs. 9-10 and Table 5). The AP location was relatively consistent across the species for an 

antimicrobial that disrupts bacterial cell-wall synthesis (for the mechanisms of action see (128-

131)). Specifically, for the β-lactam ceftriaxone the AP location was at medium-to-high densities 

among E. coli, S. enterica, S. aureus, and S. pneumoniae isolates (Table 5). For the β-lactam 

oxacillin, the location was at lower densities for both S. aureus and S. pneumoniae. The 

vancomycin AP for S. aureus (single species tested) was at medium to high densities for three of 

four isolates tested. The AP location was also relatively consistent across the species for the 

fluoroquinolone ciprofloxacin that inhibits bacterial DNA replication (29, 128, 132), but was at 

lower densities in E. coli, S. enterica, and S. pneumoniae compared to antimicrobials with 

different mechanisms of action. In contrast, the AP location varied widely among the species for 

the aminoglycoside gentamicin and oxazolidinone linezolid which inhibit bacterial protein 
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synthesis (128, 133, 134). The gentamicin AP occurred over a range of low to high densities 

among the 4 different species. This large inter-species range was also observed for linezolid with 

S. aureus and S. pneumoniae. 

In terms of the intra-species range of the MIC–AP density among the four isolates tested 

(Figs. 9-10, Table 5), comparatively wide ranges were observed for antimicrobials disrupting 

bacterial cell-wall synthesis. For the β-lactam ceftriaxone the range was 1.1-1.5 log10(CFU/mL) 

in E. coli, S. enterica, S. aureus, and S. pneumoniae. For example, the range of 1.5 

log10(CFU/mL) corresponds to the MIC-AP at the densities 5.0 to 6.5 log10(CFU/mL) across S. 

pneumoniae isolates (Fig. 10). The AP range for vancomycin MIC for S. aureus was 2.9 

log10(CFU/mL). For ciprofloxacin that inhibits bacterial DNA replication, the MIC–AP ranges 

were also wide: 2.7 log10(CFU/mL) in E. coli, 1.9 log10(CFU/mL) in S. enterica, and 1.8 

log10(CFU/mL) in S. pneumoniae (Table 1). In contrast, the MIC-AP ranges intra-species were 

narrow, <1 log10(CFU/mL), for antimicrobials inhibiting bacterial protein synthesis. For the 

aminoglycoside gentamicin the range was 0.6-0.9 log10(CFU/mL) in E. coli, S. enterica, S. 

aureus, and S. pneumoniae. For the oxazolidinone linezolid, the range was 1.1 log10(CFU/mL) in 

S. aureus and 0.7 log10(CFU/mL) in S. pneumoniae. 

The observed differences in the overall location and intra-species range of the MIC-AP 

density among antimicrobials with different modes of action could relate to IE mechanisms. For 

antimicrobials disrupting bacterial cell-wall synthesis, the IE is attributed to reduced availability 

of the target membrane proteins due to the reduced population growth (127) and accumulation of 

drug-degrading enzymes (126) at high bacterial densities. For antimicrobials inhibiting bacterial 

protein synthesis, the IE is attributed to a population growth instability due to the drug-induced 
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ribosome degradation (135). Drug loss due to binding to non-target bacterial structures is 

proposed as a general mechanism of the IE (99). 

Our results suggest that the clinical significance of the IE likely systematically varies 

among antimicrobial drug classes for a bacterial species depending on their action mechanism, 

which determines the MIC –AP and its intra-species variability. We observed this for bacterial 

strains susceptible to the antimicrobials. Mathematical models of the MIC-bacterial density 

relationships could capture such clinically relevant specifications as the MIC-AP density and 

steepness and ceiling of the subsequent MIC increase.  

Overall, across all mechanisms of action and bacteria species, the Gompertz model fit the 

data best (Table 6, supplementary materials). This evaluation was based on the following 

criteria: One point was assigned to a model with an adjusted R2 within 5% of the highest 

adjusted R2 obtained for all of the models of that antimicrobial-bacterial species combination. 

Another point was assigned to the model if it projected the advancement point within the range 

shown in Table 1.  To obtain the model ranking, these awarded “points” for each model were 

summed and the percentages were calculated based on different comparisons (Tables 6-8 in the 

supplementary materials). This resulted in Gompertz being within 5% of the highest adjusted R2 

of the model in 81% of cases and within the advancement point range for the bacterial-

antimicrobial species combinations in 69% of cases. Similarly, Logistic and von Bertalanffy fit 

this combined criteria in 69% of the cases, making them other possible fits for different bacterial 

species-antimicrobials for future studies. Such models should be considered for rational 

optimization of treatment regimens. 
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Figure 8: Experimental data on the antimicrobial’s minimum inhibitory concentration (MIC) 

dependency on the bacterial density for Gram-negative Escherichia coli (n=4 isolates except for 

ceftriaxone n=8 isolates) and nontyphoidal Salmonella enterica subsp. enterica (n=4 isolates). 
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Figure 9: Experimental data on the antimicrobial’s minimum inhibitory concentration (MIC) 

dependency on the bacterial density for Gram-positive Staphylococcus aureus (n=4 isolates) and 

Streptococcus pneumoniae (n=4 isolates). 
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Figure 10: Predictions of candidate mathematical models of the log2(MIC) vs. log10(CFU/mL) 

density relationship curve for a representative isolate for each tested antimicrobial in Gram-

negative Escherichia coli and nontyphoidal Salmonella enterica subsp. enterica. In each panel, 

the experimental data for the representative isolate for the bacterial (sub)species and 

antimicrobial combination are shown by black circles. Each of six candidate models was fitted to 

the data using the least-squares method. Best-fit parameter values for each of the six models 

were estimated and used to make the model predictions of log2(MIC) for 1 to 12 log10(CFU/mL) 

bacterial densities. The predictions are shown by lines: blue – von Bertalanffy, dark green – 

Gompertz, red – logistic, pink – Hill, gray – Michaelis-Menten, and cyan – exponential model. 

The line increment indicates the relative fit of the six models (each with best-fit parameter 
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values) to the data for the representative isolate. Specifically, predictions of the model with 

highest adjusted R2 are shown by a solid line; predictions of the other models are shown in the 

order of decreasing adjusted R2 of the model by a long dashed, short-long dashed, short dashed, 

dashed-dotted-dotted, and dotted lines. The cross shows the MIC advancement-point density 

estimated using the curvature analysis of the predicted curve for each of the three models with 

highest adjusted R2; the cross is of the same color as the line showing the curve predicted by the 

model. MIC – minimum inhibitory concentration of the antimicrobial. CFU – colony forming 

units of the bacterial population. 
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Figure 11: Predictions of candidate mathematical models of the log2(MIC) vs. log10(CFU/mL) 

density relationship curve for a representative isolate for each tested antimicrobial in  Gram-

positive Staphylococcus aureus and Streptococcus pneumoniae. In each panel, the experimental 

data for the representative isolate for the bacterial (sub)species and antimicrobial combination 

are shown by black circles. Each of six candidate models was fitted to the data using the least-
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squares method. Best-fit parameter values for each of the six models were estimated and used to 

make the model predictions of log2(MIC) for 1 to 12 log10(CFU/mL) bacterial densities. The 

predictions are shown by lines: blue – von Bertalanffy, dark green – Gompertz, red – logistic, 

pink – Hill, gray – Michaelis-Menten, and cyan – exponential model. The line increment 

indicates the relative fit of the six models (each with best-fit parameter values) to the data for the 

representative isolate. Specifically, predictions of the model with highest adjusted R2 are shown 

by a solid line; predictions of the other models are shown in the order of decreasing adjusted R2 

of the model by a long dashed, short-long dashed, short dashed, dashed-dotted-dotted, and dotted 

lines. The cross shows the MIC advancement-point density estimated using the curvature 

analysis of the predicted curve for each of the three models with highest adjusted R2; the cross is 

of the same color as the line showing the curve predicted by the model. MIC – minimum 

inhibitory concentration of the antimicrobial. CFU – colony forming units of the bacterial 

population. 
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Table 7. Location and between-isolate range of the antimicrobial’s MIC advancement-point 

bacterial density (AP), after which the MIC sharply increased, observed for each of the 

antimicrobial-bacterial (sub)species combinations. 

Mechanism of 

antibacterial action: 

Antimicrobial drug 

The antimicrobial drug MIC’s AP observed across n=4 

isolates of the bacterial (sub)species, log10(colony forming 

units (CFU)/mL) 

 Escherichia 

coli 

Nontyphoidal 

Salmonella 

enterica 

subsp. 

enterica 

Staphylococcus 

aureus 

Streptococcus 

pneumoniae 

Inhibiting cell-wall 

synthesis: 

    

Ceftriaxone 5.2 - 6.3 

(range 1.1) 

6.2 - 7.3 

(range 1.1) 

6.4 - 7.6 (range 

1.2) 

5.0 - 6.5 

(range 1.5) 

Oxacillin   3.2 - 4.1 (range 

0.9) 

3.5 - 5.5 

(range 2.0) 

Vancomycin   4.5 - 7.4 (range 

2.9) 

 

Inhibiting DNA 

replication: 

    

Ciprofloxacin 3.0 - 5.7 

(range 2.7) 

3.3 - 5.2 

(range 1.9) 

 2.2 - 4.0 

(range 1.8) 

Inhibiting protein 

synthesis: 

    

Gentamicin 4.6 - 5.5 

(range 0.9) 

4.4 -5.0 

(range 0.6) 

6.7 - 7.6 (range 

0.9) 

2.1 - 2.8 

(range 0.7) 

Linezolid   4.6 - 5.7 (range 

1.1) 

2.2 - 2.9 

(range 0.7) 
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 Supplementary Materials 

Supplementary Table 3. Parameter values and goodness-of-fit statistics of six candidate 

mathematical models fitted using the least-squares method to the log2(MIC) vs. log10(CFU/mL) 

data for a representative isolate of the bacterial (sub)species for each of the tested antimicrobial-

(sub)species combinations. The model equations and parameter definitions are given in the 

materials and methods section of the manuscript. 

Mechanism 

of action 

Bacterial 

(sub)specie

s 

Model Adjuste

d R2 

AIC Parameter value (95% confidence interval) 

a b c d 

Inhibiting   

cell-wall 

synthesis: 

 

Ceftriaxone 

Escherichia 

coli  

von 

Bertalanffy 

0.98 1.51 108.64 

(0; 922.12) 

0.23 

(0; 1.27) 

14.57 

(0; 84.49) 

-6.07 

(-6.94; -5.20) 

Gompertz 0.98 1.50 76.35 

(0; 608.57) 

22.04 

(0; 88.90) 

0.29 

(0; 1.08) 

-6.07 

(-6.96; -5.19) 

Hill 0.98 1.48 80.36 

(0; 717.47) 

6.03 

(0; 13.43) 

2.10x106 

(0; 1.20x107) 

-6.13 

(-7.04; -5.21) 

Exponentia

l 

0.98 1.47 0.12 

(0; 1.01) 

-0.58 

(-1.35; 0) 

-5.77 

(-7.77; -3.77) 

-0.06 

(-0.33; 0) 

Logistic 0.97 1.43 0.01 

(0; 0.06) 

2.00x10-4 

(0; 1.00x10-3) 

0.96 

(0; 2.11) 

-6.22 

(-7.33; -5.10) 

Michaelis 

Menten 

0.63 4.09 1.32x106 

(0; 8.59x106) 

9.53x105 

(0; 4.82x106) 

-10.34 

(-20.40; -0.29) 

- 

 

Nontyphoid

al 

Salmonella 

enterica 

subsp. 

enterica 

Logistic 0.99 1.79 0 

(2.07x10-9; 

8.30x10-9) 

0 

(2.07x10-9; 

8.31x10-9) 

2.52 

(2.01x10-13; 

5.22x10-12) 

-4.15 

(-4.54; -3.76) 

Gompertz 0.99 1.78 1.15x107 

(0; 1.00x108) 

60.98 

(0; 590.60) 

0.18 

(0; 1.53) 

-4.13 

(-4.80; -3.46) 

von 

Bertalanffy 

0.99 1.77 1.89x105 

(0; 1.46x106) 

 

0.22 

(0; 14.17) 

59.07 

(0; 442.29) 

-4.12 

(-4.78; -3.46) 

Exponentia

l 

0.83 3.20 0.05 

(0; 0.24) 

 

-0.76 

(-3.91; 0) 

-1.23 

(-4.60; 0) 

-0.36 

(-2.27; 0) 

Hill 0.70 4.00 138.47 

(0; 1.34x103) 

 

7.42 

(0; 54.88) 

8.38x107 

(0; 4.59x108) 

-5.22 

(-10.00; -0.40) 

Michaelis 

Menten 

0.16 5.27 1.16x107 

(5.34 x106; 

1.80x107) 

 

8.43 x106 

(0; 6.24 x107) 

-9.93 

(-25.82; 0) 

- 

Staphyloco

ccus aureus 

Exponentia

l 

0.66 0.50 0.19 

(0; 0.70) 

-0.34 

(-0.68; 0) 

-10.00 

(-7.20; -10.00) 

1.58 

(0; 3.32) 

Logistic 0.65 0.48 6.10x105 

(0; 3.38x104) 

0 

(1.66x10-14; 

4.01x10-14) 

1.27 

(0; 3.51) 

0.78 

(0; 1.75) 
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Mechanism 

of action 

Bacterial 

(sub)specie

s 

Model Adjuste

d R2 

AIC Parameter value (95% confidence interval) 

a b c d 

Gompertz 0.56 0.43 2.34 x106 

(0; 2.27 x107 

30.81 

(0; 168.58) 

0.10 

(0; 0.94) 

0.81 

(0; 2.11) 

von 

Bertalanffy 

0.56 0.40 1.08 x105 

(0; 2.40 x105) 

0.09 

(0; 0.82) 

17.54 

(0; 36.25) 

0.83 

(0; 2.04) 

Hill 0.52 -0.15 43.30 

(0; 188.78) 

6.54 

(0; 57.49) 

1.70 x107 

(0; 1.26 x109) 

0.66 

(0; 2.16) 

Michaelis 

Menten 

0.47 1.35 3.30 x105 

(0; 2.95 x106) 

7.59 x105 

(0; 2.52 x106) 

-0.87 

(-5.55; 0) 

- 

Streptococc

us 

pneumonia

e 

Exponentia

l 

0.99 2.07 2.17x10-4 

(0; 1.71x10-3) 

-1.31 

(-2.16; -0.45) 

-5.58 

(-7.15; -4.01) 

0.05 

(0; 0.14) 

Logistic 0.99 2.03 3.00x10-3 

(0; 0.02) 

0 

(1.64x10-14; 

3.86x10-14) 

0.97 

(0.54; 1.40) 

-4.82 

(-5.36; -4.28) 

Gompertz 0.98 2.02 4.79 x105 

(0; 1.07 x106) 

21.35 

(0; 111.67) 

0.08 

(0; 0.46) 

-4.77 

(-6.20; -3.35) 

von 

Bertalanffy 

0.97 2.00 1.02 x105 

(0; 6.02 x105) 

0.05 

(0; 0.48) 

8.94 

(0; 79.72) 

-4.70 

(-5.89; -3.52) 

Hill 0.97 1.99 85.80 

(0; 749.37) 

6.85 

(0; 37.20) 

1.59 x107 

(0; 1.54 x108) 

-4.77 

(-6.02; -3.51) 

Michaelis 

Menten 

0.62 2.00 2.68 x106 

(0; 2.57 x107) 

2.64 x106 

(0; 1.85 x107) 

-8.15 

(-21.04; 0) 

- 

Oxacillin Staphyloco

ccus aureus 

Logistic 0.95 1.95 0.11 

(0; 0.36) 

0 

(1.68x10-14; 

3.95x10-14) 

0.42 

(0.16; 0.68) 

-2.93 

(-3.69; -2.17) 

Exponentia

l 

0.95 1.97 3.99x10-3 

(0; 0.04) 

-0.77 

(-1.73; 0) 

-3.20 

(-4.31; -2.10) 

0.08 

(0; 0.23) 

Gompertz 0.93 1.94 1.75 x105 

(0; 3.91 x105) 

14.84 

(0; 77.64) 

0.04 

(0; 0.21) 

-2.87 

(-4.91; -0.83) 

Hill 0.92 1.92 4.06 x103 

(0; 3.54 x104) 

3.29 

(0; 10.63) 

1.31 x106 

(0; 1.27 x107) 

-2.69 

(-3.39; -2.00) 

von 

Bertalanffy 

0.92 1.92 1.58 x104 

(0; 9.31 x104) 

0.01 

(0; 0.01) 

3.46 

(0; 23.60) 

-2.67 

(-3.41; -1.92) 

Michaelis 

Menten 

0.79 0.78 1.06x107 

(0; 1.02 x108) 

2.35 x107 

(0; 1.64 x108) 

-3.82 

(-5.01; -2.64) 

- 

Streptococc

us 

pneumonia

e 

Exponentia

l 

0.90 1.67 0 

(0; 1.28x10-7) 

-2.13 

(-11.39; 0) 

-9.17 

(-18.54; 0) 

0.23 

(0; 0.50) 

Logistic 0.86 1.00 2.43 

(0; 19.60) 

0 

(2.43x10-14; 

1.55x10-13) 

0.15 

(0; 0.71) 

-8.38 

(-30.17; 0) 

Michaelis 

Menten 

0.84 -2.45 1.02 x105 

(0; 6.93 x105) 

1.11 x105 

(0; 5.71 x105) 

-7.51 

(-15.62; 0) 

- 

Gompertz 0.81 0.99 4.33x103 

(0; 2.26 x104) 

7.75 

(0; 54.22) 

0.03 

(0; 0.07) 

-7.85 

(-40.94; 0) 
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Mechanism 

of action 

Bacterial 

(sub)specie

s 

Model Adjuste

d R2 

AIC Parameter value (95% confidence interval) 

a b c d 

Hill 0.80 0.95 7.55 x104 

(0; 3.08 x105) 

1.74 

(0; 292.58) 

5.17 x105 

(0; 1.49 x106) 

-5.55 

(-26.04; 0) 

von 

Bertalanffy 

0.80 0.94 1.26 x103 

(0; 6.83 x103) 

0.01 

(0; 0.02) 

1.81 

(0; 7.68) 

-5.48 

(-29.09; 0) 

Vancomycin Staphyloco

ccus aureus 

Exponentia

l 

0.84 1.96 2.70x10-5 

(0; 6.00x10-5) 

-1.32 

(-6.03; 0) 

-2.95 

(-6.66; 0) 

0.16 

(0; 0.53) 

Logistic 0.83 1.91 0.04 

(0; 0.30) 

0 

(4.28x10-15; 

2.82x10-14) 

0.51 

(0; 1.26) 

-1.98 

(-3.26; -0.70) 

Gompertz 0.77 1.91 4.81 x105 

(0; 2.83 x106) 

16.96 

(0; 152.26) 

0.04 

(0; 0.36) 

-1.94 

(-6.19; 0) 

Hill 0.75 1.90 599.23 

(0; 4.62 x103) 

4.23 

(0; 32.15) 

1.85 x106 

(0; 1.17 x108) 

-1.81 

(-3.20; -0.41) 

von 

Bertalanffy 

0.75 1.90 4.10 x104 

(0; 3.53 x105) 

0.02 

(0; 0.09) 

4.55 

(0; 12.68) 

-1.78 

(-3.32; -0.25) 

Michaelis 

Menten 

0.69 1.33 2.50 x105 

(0; 1.59 x106) 

6.28 x105 

(0; 2.39 x106) 

-3.13 

(-7.13; 0) 

- 

Inhibiting  

DNA 

replication: 

 

Ciprofloxacin 
 

Escherichia 

coli 
 

von 

Bertalanffy 

0.93 2.07 0.95 

(0.64; 1.26) 

1.77 

(0; 3.99) 

4.10 x103 

(0; 2.60 x104) 

-0.38 

(-0.61; -0.15) 

Gompertz 0.93 2.07 0.95 

(0.64; 1.26) 

4.10 x103 

(0; 3.93 x104) 

1.77 

(0; 3.99) 

-0.38 

(-0.61; -0.15) 

Hill 0.92 2.06 0.99 

(0.59; 1.39) 

9.72 

(0; 23.90) 

5.47 x106 

(2.51 x106; 8.43 

x106) 

-0.40 

(-0.67; -0.13) 

Logistic 0.92 2.06 0 

(0; 7.28x10-7) 

0 

(0; 6.08x10-7) 

3.26 

(0; 7.73) 

-0.38 

(-0.65; -0.12) 

Michaelis 

Menten 

0.84 1.73 30.62 

(0; 223.05) 

148.92 

(0; 895.94) 

-0.91 

(-2.22; 0) 

- 

Exponentia

l 

0.80 2.04 9.06 

(0; 80.90) 

-4.00x10-3 

(-0.03; 0) 

-9.98 

(-33.11; 0) 

0.02 

(0; 0.06) 

Nontyphoid

al 

Salmonella 

enterica 

subsp. 

enterica 

Gompertz 0.99 2.08 1.01 

(0.99; 1.03) 

1.69 x107 

(0; 1.62, x108) 

3.24 

(1.36; 5.13) 

0.64 

(0.63; 0.65) 

von 

Bertalanffy 

0.99 2.08 1.02 

(0.97; 1.06) 

2.66 

(1.22; 4.11) 

7.57 x105 

(0; 6.65 x106) 

0.64 

(0.62; 0.66) 

Logistic 0.99 2.08 0 

(0; 3.55x10-7) 

0 

(0; 4.42x10-7) 

3.24 

(2.20; 4.28) 

0.63 

(0.56; 0.70) 

Hill 0.95 2.07 1.13 

(0.60; 1.66) 

9.65 

(0; 22.64) 

8.86 x106 

(4.06 x106; 1.37 

x107) 

0.61 

(0.40; 0.81) 

Exponentia

l 

0.75 2.03 0.32 

(0; 0.88) 

-0.23 

(-0.50; 0) 

2.27 

(0; 20.26) 

1.68 

(0; 5.56) 
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Mechanism 

of action 

Bacterial 

(sub)specie

s 

Model Adjuste

d R2 

AIC Parameter value (95% confidence interval) 

a b c d 

Michaelis 

Menten 

0.70 1.69 4.19 x104 

(0; 3.06 x105) 

2.07 x105 

(0; 1.24 x106) 

0.13 

(0; 1.21) 

- 

Streptococc

us 

pneumonia

e 

Michaelis 

Menten 

0.97 1.74 55.55 

(0; 2.99 x103) 

46.46 

(0; 132.34) 

-6.98 

(-15.52; 0) 

- 

von 

Bertalanffy 

0.96 2.05 5.12 

(0; 39.35) 

0.63 

(0; 2.55) 

19.56 

(0; 3.28 x103) 

-3.72 

(-15.23; 0) 

Gompertz 0.96 2.05 5.12 

(0; 39.56) 

21.43 

(0; 184.06) 

0.64 

(0; 2.40) 

-3.75 

(-16.85; 0) 

Hill 0.96 2.05 5.61 

(0; 53.55) 

4.29 

(0; 9.58) 

1.37 x103 

(0; 7.16 x103) 

-3.96 

(-18.73; 0) 

Logistic 0.95 2.05 0.14 

(0; 1.31) 

0.02 

(0; 0.16) 

0.77 

(0; 7.66) 

-4.66 

(-41.76; 0) 

Exponentia

l 

0.94 2.04 2.87 

(0; 25.09) 

-0.08 

(-0.70; 0) 

-10.00 

(-96.85; 0) 

0.11 

(0; 1.03) 

Inhibiting 

protein 

synthesis: 

Gentamicin 

Escherichia 

coli 

 

Logistic 0.96 1.88 0.01 

(0; 0.02) 

0 

(1.81x10-14; 4.03 

x10-14) 

0.92 

(0.42; 1.41) 

-0.96 

(-1.43; -0.49) 

Exponentia

l 

0.95 1.87 1.00 x10-3 

(0; 0.03) 

-1.12 

(-2.32; 0) 

-1.04 

(-2.11; 0) 

0.07 

(0; 0.51) 

Gompertz 0.94 1.87 1.08 x105 

(0; 7.85 x105) 

18.84 

(0; 153.80) 

0.08 

(0; 0.50) 

-0.95 

(-1.62; -0.27) 

Hill 0.94 1.86 691.06 

(0; 4.49 x103) 

6.01 

(0; 18.34) 

2.91 x107 

(0; 1.47 x108) 

-0.92 

(-1.47; -0.37) 

von 

Bertalanffy 

0.94 1.86 7.67 x104 

(0; 7.59 x105) 

0.04 

(0; 0.20) 

6.83 

(0; 19.21) 

-0.92 

(-1.49; -0.34) 

Michaelis 

Menten 

0.54 2.20 1.36 x107 

(0; 5.70 x107) 

2.48 x107 

(0; 9.00 x107) 

-2.22 

(-4.25; -0.19) 

- 

Nontyphoid

al 

Salmonella 

enterica 

subsp. 

enterica 

von 

Bertalanffy 

0.97 2.03 4.55 

(0; 10.09) 

0.48 

(0; 1.22) 

27.48 

(0; 141.18) 

-2.07 

(-2.47; -1.67) 

Gompertz 0.97 2.03 4.49 

(0; 9.59) 

30.79 

(0; 143.11) 

0.49 

(0; 1.17) 

-2.07 

(-2.48; -1.66) 

Hill 0.96 2.03 4.52 

(0; 10.39) 

5.36 

(0; 11.77) 

5.72 x104 

(0; 5.00 x105) 

-2.11 

(-2.57; -1.66) 

Logistic 0.96 2.02 0.01 

(0; 0.07) 

2.00 x10-3 

(0; 1.60 x10-2) 

0.83 

(0; 1.83) 

-2.19 

(-2.84; -1.54) 

Exponentia

l 

0.95 2.01 7.70 

(0; 74.49) 

-0.15 

(-1.43; 0) 

-10.00 

(-54.72; 0) 

-0.12 

(-1.12; 0) 

Michaelis 

Menten 

0.84 1.30 3.92 x105 

(0; 3.76 x106) 

8.45 x105 

(0; 5.91x105) 

-3.56 

(-6.14; -0.98) 

- 

Staphyloco

ccus aureus 

Gompertz 0.94 2.23 15.62 

(8.18; 23.06) 

9.75x108 

(0; 8.52 x109) 

2.80 

(0; 6.32) 

-3.73 

(-5.56; -1.91) 

von 

Bertalanffy 

0.92 2.71 16.29 

(0; 55.53) 

2.40 

(0; 18.07) 

5.14 x107 

(0; 3.96 x108) 

-3.75 

(-5.86; -1.64) 
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Mechanism 

of action 

Bacterial 

(sub)specie

s 

Model Adjuste

d R2 

AIC Parameter value (95% confidence interval) 

a b c d 

Logistic 0.84 3.65 0 

(0; 3.64x10-6) 

0 

(0; 7.55x10-8) 

2.30 

(0.36; 4.24) 

-4.01 

(-7.21; -0.81) 

Hill 0.76 4.13 41.72 

(0; 403.40) 

8.11 

(0; 42.36) 

5.55 x107 

(0; 3.04 x108) 

-4.29 

(-9.07; 0) 

Exponentia

l 

0.75 4.21 0.51 

(0; 2.24) 

-0.51 

(-2.21; 0) 

-2.95 

(-0.77; -5.13) 

-0.26 

(-1.41; 0) 

Michaelis 

Menten 

0.41 5.35 2.86 x106 

1.31 x106; 4.41 

x106) 

1.39 x106 

(0; 1.03 x107) 

-11.53 

(-42.26; 0) 

- 

Streptococc

us 

pneumonia

e 

Exponentia

l 

0.92 1.93 3.07 

(0; 24.24) 

-0.01 

(-0.01; -3.00 x10-

3) 

-10.00 

(-7.40; -10.00) 

0.41 

(0; 2.24) 

Michaelis 

Menten 

0.92 1.58 17.73 

(0; 79.15) 

1.17 

(0; 9.12) 

-12.53 

(-80.38; 0) 

- 

Hill 0.89 1.94 4.70 

(0; 17.87) 

3.65 

(0; 20.07) 

84.20 

(0; 808.37) 

-1.82 

(-11.13; 0) 

von 

Bertalanffy 

0.89 1.94 4.45 

(0; 18.08) 

0.79 

(0; 4.22) 

9.45 

(0; 28.43) 

-1.71 

(-13.02; 0) 

Gompertz 0.89 1.94 4.57 

(0; 21.66) 

9.93 

(0; 533.81) 

0.81 

(0; 4.17) 

-1.84 

(-16.67; 0) 

Logistic 0.89 1.94 0.46 

(0; 3.32) 

0.08 

(0; 0.47) 

0.91 

(0; 5.35) 

-3.11 

(-22.64; 0) 

Linezolid Staphyloco

ccus aureus 

Exponentia

l 

0.95 1.06 0.02 

(0; 0.06) 

-0.74 

(-1.06; -0.42) 

-10.00 

(-7.08; -10.00) 

1.47 

(0; 2.93) 

Logistic 0.94 0.76 0.03 

(0; 0.13) 

0 

(1.12x10-14; 

3.34x10-14) 

0.69 

(0.23; 1.15) 

-0.24 

(-1.66; 0) 

Gompertz 0.93 0.61 6.81 x105 

(3.12 x105; 1.05 

x106) 

18.35 

(0; 135.78) 

0.06 

(0; 0.15) 

-0.17 

(-0.27; -0.08) 

Hill 0.92 0.33 2.15 x103 

(0; 1.92 x104) 

5.31 

(0; 19.82) 

2.01 x107 

(0; 6.82 x107) 

-0.04 

(-0.34; 0) 

von 

Bertalanffy 

0.92 0.26 1.10 x105 

(0; 9.30 x105) 

0.03 

(0.01; 0.05) 

6.00 

(0; 99.00) 

3.00 x10-3 

(0; 0.01) 

Michaelis 

Menten 

0.68 3.32 8.53 x105 

(0; 5.55 x106) 

7.07 x105 

(0; 3.57 x106) 

-4.07 

(-14.32; 0) 

- 

Streptococc

us 

pneumonia

e 

Michaelis 

Menten 

0.94 1.52 326.71 

(0; 701.40) 

0.05 

(0; 0.47) 

-322.10 

(-691.50; 0) 

- 

Hill 0.94 1.88 208.28 

(0; 1.79 x103) 

1.00 

(0.37; 1.37) 

0.08 

(0; 0.31) 

-203.63 

(-1.75 x103; 0) 

von 

Bertalanffy 

0.895 1.86 358.59 

(0; 1.87 x103) 

0.34 

(0; 2.38) 

0.03 

(0; 0.07) 

-355.42 

(-1.85 x103; 0) 

Gompertz 0.89 1.83 536.35 0.30 0.48 -533.58 
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Mechanism 

of action 

Bacterial 

(sub)specie

s 

Model Adjuste

d R2 

AIC Parameter value (95% confidence interval) 

a b c d 

(0; 2.03 x103) (0; 170.00) (0; 2.86) (-2.02 x103; 0) 

Logistic 0.88 1.83 369.50 

(0; 1.99 x104) 

4.52 

(0; 12.86) 

0.51 

(0; 1.53) 

-79.11 

(-13.84; -

144.38) 

Exponentia

l 

0.86 1.76 1.05 

(0; 2.34) 

-0.15 

(-0.34; 0) 

-10.00 

(-50.68; 0) 

0.43 

(0; 2.26) 

CFU – colony-forming units of the bacterial population. R2 – coefficient of determination of the 

model. AIC – Akaike Information Criterion. A zero indicates a value ≤1 x 10-23.
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Supplementary Table 4. Relative fit and performance of the six mathematical models fitted 

using the least-squares method to the log2(MIC) vs. log10(CFU/mL) data for a representative 

isolate of each of the antimicrobial-bacterial (sub)species combinations. The studied 

combinations are detailed in Supplementary Table 1. The fit and performance are summarized 

across the four bacterial (sub)species by the mechanism of action of the antimicrobial drugs. 

Mechanism of 

action 

Model Fit: The adjusted R2 is the 

highest or within 0.05 of the 

highest 

Performance: The model-based estimate of the 

antimicrobial drug MIC’s advancement-point density is 

within the observed range (the range for n=4 isolates per 

antimicrobial-(sub)species combination) 

Inhibiting cell 

wall synthesis 

Gompertz 4/7 

57% 

4/7 

57% 

Logistic 7/7 

100% 

5/7 

71% 

von Bertalanffy 4/7 

57% 

3/7 

43% 

Exponential 6/7 

86% 

1/7 

14% 

Hill 3/7 

43% 

3/7 

43% 

Michaelis Menten 0/7 

0% 

0/7 

0% 

Inhibiting DNA 

replication 

Gompertz 3/3 

100% 

3/3 

100% 

Logistic 3/3 

100% 

2/3 

67% 

von Bertalanffy 3/3 

100% 

3/3 

100% 

Exponential 1/3 

33.333% 

2/3 

67% 

Hill 3/3 

100% 

3/3 

100% 

Michaelis Menten 1/3 

33% 

1/3 

33% 

Mechanism of 

action 

Model Fit: The adjusted R2 is the 

highest or within 0.05 of the 

highest 

Performance: The model-based estimate of the 

antimicrobial drug MIC’s advancement-point density is 

within the observed range (the range for n=4 isolates per 

antimicrobial-(sub)species combination) 

Inhibiting protein 

synthesis 

Gompertz 5/6 

83% 

4/6 

67% 

Logistic 4/6 

67% 

1/6 

17% 

von Bertalanffy 6/6 

100% 

3/6 

50% 
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Exponential 4/6 

67% 

1/6 

17% 

Hill 5/6 

83% 

3/6 

50% 

Michaelis Menten 2/6 

33% 

0/6 

0% 

 

CFU – colony-forming units of the bacterial population. R2 – coefficient of determination of the model. 
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Supplementary Table 5. Relative fit and performance of the six mathematical models fitted 

using the least-squares method to the log2(MIC) vs. log10(CFU/mL) data for a representative 

isolate of each of the antimicrobial-bacterial (sub)species combinations. The studied 

combinations are detailed in Supplementary Table 1. The fit and performance are summarized 

across all the antimicrobial drugs for each of the bacterial (sub)species.  CFU – colony-forming 

units of the bacterial population. R2 – coefficient of determination of the model 

Bacterial (sub)species Model Fit: The adjusted R2 is the 

highest or within 0.05 of the 

highest 

Performance: The model-based estimate of the antimicrobial drug MIC’s 

advancement-point density is within the observed range         (the range for n=4 

isolates per antimicrobial-(sub)species combination) 

Escherichia coli Gompertz 3/3 

100% 

2/3 

67% 

Logistic 3/3 

100% 

1/3 

33% 

von Bertalanffy 3/3 

100% 

2/3 

67% 

Exponential 2/3 

67% 

1/3 

33% 

Hill 3/3 

100% 

2/3 

67% 

Michaelis Menten 0/3 

0% 

1/3 

33% 

Nontyphoidal Salmonella 

enterica subsp. enterica 

 

Gompertz 3/3 

100% 

3/3 

100% 

Logistic 3/3 

100% 

2/3 

67% 

von Bertalanffy 3/3 

100% 

3/3 

100% 

Exponential 1/3 

33% 

0/3 

0% 

Hill 2/3 

67% 

2/3 

67% 

Michaelis Menten 0/3 

0% 

0/3 

0% 

Bacterial (sub)species Model Fit: The adjusted R2 is the 

highest or within 0.05 of the 

highest 

Performance: The model-based estimate of the antimicrobial drug MIC’s 

advancement-point density is within the observed range         (the range for n=4 

isolates per antimicrobial-(sub)species combination) 

Staphylococcus aureus Gompertz 3/5 

60% 

3/5 

60% 

Logistic 4/5 

80% 

3/5 

60% 

von Bertalanffy 3/5 

60% 

3/5 

60% 

Exponential 4/5 

80% 

1/5 

20% 

Hill 2/5 

40% 

4/5 

80% 

Michaelis Menten 0/5 

0% 

1/5 

20% 

Streptococcus pneumoniae Gompertz 4/5 

80% 

2/5 

40% 

Logistic 4/5 

80% 

2/5 

40% 

von Bertalanffy 4/5 

80% 

2/5 

40% 

Exponential 4/5 

80% 

2/5 

40% 

Hill 4/5 

80% 

2/5 

40% 

Michaelis Menten 3/5 

60% 

0/5 

0% 
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Supplementary Table 6. Relative fit and performance of the six mathematical models fitted 

using the least-squares method to the log2(MIC) vs. log10(CFU/mL) data for a representative 

isolate of each of the antimicrobial-bacterial (sub)species combinations. The fit and performance 

are summarized across all the antimicrobial-bacterial (sub)species combinations studied. The 

combinations are detailed in Supplementary Table 1. 

 

CFU – colony-forming units of the bacterial population. R2 – coefficient of determination of the 

model. 

 

 

 

 

 

 

 

 

 

 

Model Fit: The adjusted R2 

is the highest or 

within 0.05 of the 

highest 

Performance: The model-based estimate of the 

antimicrobial drug MIC’s advancement-point density is 

within the observed range            (the range for n=4 isolates 

per antimicrobial-(sub)species combination) 

Overall model ranking 

(sum of the fit and 

performance rankings) 

Gompertz 13/16 

81% 

11/16 

69% 

24/32 

75% 

Logistic 14/16 

88% 

8/16 

50% 

22/32 

69% 

von Bertalanffy 13/16 

81% 

9/16 

56% 

22/32 

69% 

Hill 11/16 

69% 

9/16 

56% 

20/32 

63% 

Exponential 11/16 

69% 

3/16 

19% 

14/32 

44% 

Michaelis 

Menten 

2/16 

13% 

1/16 

6% 

3/32 

9% 
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 Curvature based definition of the MIC advancement-point bacterial density for the 

log2(MIC) vs. log10(CFU/mL) curve 

We define y= log2(MIC) and x= log10(CFU/mL). Where MIC – minimum inhibitory 

concentration of the antimicrobial drug for the bacterial population density x, and CFU – colony-

forming units of the bacterial population. We regress y on x (y and x are from experimental data 

for a bacterial isolate) using a non-linear mathematical model, we then use the fitted model to 

project the y vs. x curve. Conceptually, the advancement point (AP) is the density x after which 

the MIC increases most sharply. The advancement-point can be defined as the density x at which 

there is the maximum positive change in the y slope, and estimated using the curvature of the y 

vs. x curve projected by the fitted non-linear mathematical model. The curvature C (120, 121) at 

a density x is defined by: 𝐶(𝑥) =
|𝑦′′(𝑥)|

(1+(𝑦′(𝑥))
2

)

3
2

 

. Then the MIC advancement-point density is: 

𝐴𝑃 = max
over all densities 𝑥

𝐶(𝑥). 

 

 Curvature definitions for the curves projected by the six mathematical models 

 

The model equations and parameter definitions are given in the materials and methods section of 

the manuscript. 

 

Curvature for the Michaelis-Menten model: 

𝐶(𝑥) =
2 |−

𝑎
(𝑥 +  𝑏)2 +  

𝑎𝑥
(𝑥 +  𝑏)3|

(1 + (
𝑎

𝑥 +  𝑏
−  

𝑥𝑧
(𝑥 +  𝑏)2)

2

)

3
2
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Curvature for the Hill-function based model: 

𝐶(𝑥) =
|

𝑎𝑥𝑏𝑏2

𝑥2(𝑥𝑏 +  𝑐)
−  

𝑎𝑥𝑏𝑏
𝑥2(𝑥𝑏 +  𝑐)

−  
3𝑎(𝑥𝑏)2𝑏2

𝑥2(𝑥𝑏 +  𝑐)2 + 
2𝑎(𝑥𝑏)3𝑏2

(𝑥𝑏 +  𝑐)3𝑥2 +  
𝑎(𝑥𝑏)2𝑏

𝑥2(𝑥𝑏 +  𝑐)2|

(1 + (
𝑎𝑥𝑏𝑏

𝑥(𝑥𝑏  +  𝑐)
 −

𝑎(𝑥𝑏)2𝑏
(𝑥𝑏 + 𝑐)2𝑥)

)
2

)

3
2

 

 

Curvature for the logistic model: 

𝐶(𝑥) =
|
2𝑎𝑐2(exp(−𝑐𝑥))2

(𝑏 +  exp(−𝑐𝑥))3 −  
𝑎𝑐2 exp(−𝑐𝑥)

(𝑏 +  exp(−𝑐𝑥))2|

(1 +  
𝑎2𝑐2(exp(−𝑐𝑥))2

(𝑏 +  exp(−𝑐𝑥))4)

3
2

 

 

Curvature for the Gompertz model: 

𝐶(𝑥) =
|(−𝑎𝑏𝑐2 exp(−𝑐𝑥) exp(−𝑏 exp(−𝑐𝑥)) + 𝑎𝑏2𝑐2 (exp(−𝑐𝑥))2 exp(−𝑏 exp(−𝑐𝑥))|

(1 + 𝑎2𝑏2𝑐2(exp(−𝑐𝑥))2(exp(−𝑏 exp(−𝑐𝑥)))2)
3
2

 

 

Curvature for the von Bertalanffy model: 

𝐶(𝑥) =
|
𝑎(1 − exp(−𝑏𝑥))𝑐(exp(−𝑏𝑥))2(𝑐2𝑏2 − 𝑐𝑏2)

(1 −  exp(−𝑏𝑥))2 −  
𝑎(1 −  exp(−𝑏𝑥))𝑐𝑐𝑏2 exp(−𝑏𝑥)

1 − exp(−𝑏𝑥)
|

(1 +  
𝑎2((1 −  exp(−𝑏𝑥))𝑐)2𝑐2𝑏2(exp(−𝑏𝑥))2

(1 −  exp(−𝑏𝑥))2 )

3
2

 

 

Curvature for the exponential model: 

𝐶(𝑥) =
|𝑎𝑏2 exp(−𝑏𝑥) + 𝑐𝑑2 exp(−𝑑𝑥)|

(1 +  (−𝑎𝑏 exp(−𝑏𝑥) −  𝑐𝑑 exp(−𝑑𝑥))2)
3
2
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