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The evolution of antibiotic resistance among bacteria threatens our continued ability to 

treat infectious diseases.  The need for sustainable strategies to cure bacterial infections 

has never been greater. So far, all attempts to restore susceptibility after resistance arises 

have been unsuccessful, including restrictions on prescribing antibiotics (Andersson DI et 

al.2011) and antibiotic cycling (Andersson DI et al. 2005, Bergstrom CT et al. 2004). 

Part of the problem may be that those efforts have implemented different classes of 

unrelated antibiotics, and relied on removal of resistance by random loss of resistance 

genes from bacterial populations (drift). Moreover, antibiotic resistance results from 

genetic changes therefore it is a problem that needs to be investigated under the scope of 

evolution of the causal genetic determinants. TEM β-lactamases enzymatic action is the 

most prevalent antibiotic resistance mechanism in many clinical populations of bacteria. 

Nevertheless, the systematic study and analysis of evolutionary traits of TEM β-

lactamases are still recent. Here, we show that alternating structurally similar antibiotics 

can restore susceptibility to antibiotics after resistance has evolved.  We found that the 

resistance phenotypes conferred by variant alleles of the resistance gene encoding the 

TEM β-lactamase (blaTEM) varied greatly among 15 different β-lactam antibiotics. We 

captured those differences by characterizing complete adaptive landscapes for the 

resistance alleles blaTEM-50 and blaTEM-85, each of which differs from its ancestor blaTEM-1 

by four mutations.  We identified pathways through those landscapes where selection for 

increased resistance moved in a repeating cycle among a limited set of alleles as 

antibiotics were alternated. Furthermore, in this study, we investigate the selection 

process of each variant allele of the gene blaTEM-85 and blaTEM-50 by the 15 different 

antibiotics we employed in this investigation. Finally, we investigate fitness landscapes  



xvii 

as a central concept in analyzing evolution, in particular for drug resistance mutations in 

bacteria. We show that the fitness landscapes associated with antibiotic resistance are not 

compatible with any of the classical models; additive, uncorrelated and block fitness 

landscapes. It is frequently stated that virtually nothing is known about fitness landscapes 

in nature. We demonstrate that available records of antimicrobial drug mutations can 

reveal interesting properties of fitness landscapes in general. We apply the methods to 

analyze the TEM family of β-lactamases associated with antibiotic resistance. Laboratory 

results agree with our observations. We suggest that fitness landscapes analysis might 

provide the necessary tools for finding relations between recombination strategies. 

Our results showed that susceptibility to antibiotics can be sustainably renewed by 

cycling structurally similar antibiotics. We anticipate that these results may provide a 

conceptual framework for managing antibiotic resistance.  This approach may also guide 

sustainable cycling of the drugs used to treat malaria and HIV. 

Our results also showed that among the three categories of β-lactam antibiotics employed 

in this study, cephalosporins, specifically cefepime have selected for different 

evolutionary trajectories on the evolution of blaTEM-1 to blaTEM-85. Also our results 

demonstrate that blaTEM-1 evolved from a specialist gene coding for β-lactamases capable 

of hydrolyzing only penicillins to blaTEM-50 a generalist gene coding for β-lactamases 

capable of hydrolyzing a large range of cephlosporins. We anticipate that the knowledge 

of how β-lactams impact each blaTEM variant allele can aid on the choice of antibiotics to 

be prescribed on cycling drugs regimes in order to keep antibiotic resistance evolution in 

a cyclic fashion.   
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Chapter 1: Introduction 

Bacterial populations are classified as the taxonomic highest rank of microbes. 

Bacteria are usually micrometers long and have a variety of shapes; spherical, rod-

shaped, spiral-shaped, and tightly coiled (Queenan, Torres-Viera et al. 2000).  Bacteria 

are found in most habitats in nature from soil to plants and animals.  Bacteria are also 

capable of cohabitation and mutualism in humans’ digestive tracts, as well as found in 

termites and cockroaches.  It plays a vital role in the maintenance of life from fixation of 

nitrogen from the atmosphere to animal digestive balance.  However, some bacteria are 

considered pathogenic and are a great threat to other organisms (Madigan, Martinko et al. 

2006).  Pathogenic bacteria species that causes infections such as tetanus, typhoid fever, 

diphtheria, syphilis, cholera, foodborne illness, leprosy and tuberculosis continue to 

devastate the world (Weinstein 1991; Weinstein 1998).  Bacteria have been used as 

model organisms in life science for decades due to their fast reproduction, and genetic 

plasticity (Fields and Johnston 2005).  We are able to easily introduce mutations in 

bacteria such as Escherichia coli, and harvest their proteins using their cell machinery 

(Stemmer 1994).  Nevertheless, pathogenic bacteria have used their genetic flexibility to 

create resistance against toxins from their surrounding environment (Cohen 2000).  These 

microbes become potent pathogens to their hosts due to their mechanism of resistance 

emerging in health care facilities and hospitals worldwide (Flaherty and Weinstein 1996; 

Jacobs 1999; Levin, Sessegolo et al. 2003). 
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1.1.  Major Bacteria Groups  

Taxonomy of microbes is a difficult task due to the variability in mutation rates.  

The transfer of genetic material among microbial species is referred to as lateral gene 

transfer (Brown 2003).  However, we can still refer to major group classifications for 

clinical purposes.  We can classify bacteria in two main groups; Gram-negative and 

Gram-positive bacteria according to their susceptibility to Gram stain, crystal violet stain 

(Brock 1961).  The crystal violet dye easily stains the Gram-positive bacteria cell wall 

composed of a peptidoglycan layer that comprises 90% of the total cell wall as seen in 

Figure 1A (Georgopapadakou 1993).  

Teichoic acids are capsular polymers within the Gram-positive cell wall 

(Madigan, Martinko et al. 2006). Teichoic acids contain a glycerolphosphate or ribitol 

bound covalently to the muramic acid at their ends.  They are negatively charged and it is 

responsible for the negative charge of the cell wall for the binding of cations such as 

Ca+2 and Mg+2.  The peptidoglycan layer is composed of N- Acetylglucosamine (G) and 

N-Acetylmuramic acid (M) repeating subunits.  In addition, this layer is composed of 

four amino acids (L-alanine, D-alanine, D-glutamic acid, and either lysine or 

diaminopimelic acid) and two N-acetyl-glucose-like sugars as seen in Figure 1C 

(Madigan, Martinko et al. 2006).  On the other hand, the cell wall of Gram-negative 

bacteria is composed of the peptidoglycan layer and a lipopolysaccharide layer (LPS) 

unique to Gram-negative bacteria as seen in Figure 1B.  A gel like substance named 

periplasm surrounds the peptidoglycan layer where enzymes are located. 

Lipopolysaccharide (LPS) layer is composed of lipid A; constituted of GlcN 
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(glucosamine) and P (phosphate). The LPS layer is also comprised of a core 

polysaccharide that is composed of KDO (ketodeoxyoctonate), Hep (heptose), Glu 

(glucose), Gal (galactose), and GluNac (N-Acetylglucosamine). Finally, the LPS layer is 

coated by O-specific polysaccharides commonly presenting galactose, glucose, rhamnose 

and other sugars.  The LPS layer differs greatly from species to species aiding in their 

identification as seen in figure 1D (Madigan, Martinko et al. 2006). 
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Figure 1-1: Main differences between Gram-positive and Gram- negative bacteria: 

Structure of bacterial cell walls.  A. Gram -positive cell wall structure.  B. Gram-

negative cell wall structure.  C. Peptidoglycan layer structure.  D. Lipopolysaccharide 

(LPS) layer structure. 
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1.2.  The Role of Beta-Lactamases in Bacterial Populations:  

The most common mechanism of resistance in bacteria is due to an enzyme that 

hydrolyzes environmental toxins (Medeiros 1997).  TEM gene was discovered in 1963 to 

code for TEM β-lactamase bacterial enzyme, which is able to hydrolyze β-lactam 

antibiotics (Hall and Barlow 2004).  TEM gene was named after a patient, Temoniera, 

where the gene was first identified (Datta et al. 1965).  β-Lactamases are located within 

the bacteria cell wall and can be excreted to the bacterial surroundings (Nikaido and 

Vaara 1985).  In the bacteria cell wall, the peptidoglycan layer serves as a structural 

frame and barrier between the inside of the organism and the environment (Galanos, 

Roppel et al. 1977; Nikaido and Nakae 1979).  β-Lactamase has evolved from the 

Penicillin Biding Proteins (PBPs) group of enzymes.  Glycopeptide Transpeptidase is an 

example of the PBP enzymes that catalyzes the peptidoglycan layer in the bacteria cell 

wall (Spratt et al. 1983; Medeiros et al. 1997). β-lactamase confers resistance to the 

majority of β-Lactam antibiotics (Medeiros 1997; Chanal, Bonnet et al. 2000; Yan, Wu et 

al. 2000).  For the past seventy years, β-Lactams have been the most heavily used 

antibiotics for their efficiency and specificity in treating bacterial infections (Livermore 

1998; Matagne, Lamotte-Brasseur et al. 1998).  β-lactam antibiotics contain a β-Lactam 

ring.  In the presence of β-Lactam antibiotics, PBPs such as Glycopeptide Transpeptidase 

hydrolyzes the β-Lactam ring of the antibiotic as seen in figure 2 (Hall and Barlow 2004).  

Thus, Glycopeptide Transpeptidase is impeded of its endogenous action in the cell wall 

synthesis resulting in the destabilization of osmotic regulation and causing the cell to lyse 

(Tipper and Strominger 1965; Spratt et al. 1975; Spratt and Pardee 1975).  TEM β-
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lactamase confers resistance to β-Lactams by hydrolyzing the antibiotic before it blocks 

the action of a penicillin binding enzyme (Spratt et al. 1983).  There are four different 

types of beta-lactamases naturally found: Class A serine-penicillin β-lactamases, Class B 

metallo β-lactamases, Class C cephalosporinase β-lactamases; and Class D oxacilinase 

beta-lactamases.  Class A, C and D share a serine amino acid in position 70 while class B 

has two Zn+2 ions in their active site.  In this study we will use Class A serine β-

lactamase as a model since it is the most prevalent antibiotic resistance mechanism in 

many clinical populations of bacteria (Medeiros et al. 1997; Drawz and Bonomo 2010).  

Serine beta-lactamases are capable of hydrolyzing Extended Spectrum Beta-Lactam 

(ESBL) antibiotics and its preferred substrate is penicillin. 
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Figure 1-2: Enzymatic activity of Glycopeptide Transpeptidase enzyme. 
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1.3. The Role of TEM Beta-Lactamase mutations in Class A serine β-Lactamase:  

TEM-1, the gene that codes for Class A Serine beta-lactamase evolved due to 

random bacterial advantageous mutations to 144 variations of this gene (Jacoby 2006).  

Mutations are changes in the organism genetic material and can result from multiple 

causes such as radiation exposure, virus infections, and mutagenic chemicals along with 

errors during cell cycle (Burrus and Waldor 2004).  These gene mutations cause amino 

acid substitutions which may favor the performance of the protein or enzyme that this 

gene codes for.  Clinically relevant mutations in TEM gene have caused amino acid 

substitutions in β-lactamase that enhance the ability of this enzyme to hydrolyze Beta-

Lactam antibiotics (Knox 1995).  In vitro study of TEM gene evolution has been 

analyzed and studied for decades with the perspective of either predictive protein 

engineering or explanatory evolutionary resistance mechanisms (Barlow and Hall 2002; 

Hall 2002; Hall and Barlow 2004; Weinreich et al. 2006, Delaney et al. 2006; DePristo, 

Hartl et al. 2007).  However, there are clinically significant compound mutations that 

require an investigation of the evolutionary process that justify their existence (Sirot, 

Recule et al. 1997).  For example in TEM 85 and TEM 50 genes there are four mutations 

in each gene that causes four amino acid substitutions.  Methionine to Leucine in position 

69, M69L; forms the back wall of the oxyanion pocket of the TEM β-lactamase enzyme, 

which polarizes the carbonyl group of the β-lactam ring. Glutamic acid to Lysine 

substitution alters a negatively charged with a positively charged amino acid.  Two 

examples of this substitution, E240K and E104K, are part of a series of amino acids that 

are close to the omega loop, which secures the antibiotic within the enzyme active site.  
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Arginine, a polar amino acid, to Serine, polar uncharged amino acid substitution, R164S, 

is a unique adaptive substitution, which also interferes in the positioning of the antibiotic 

within the active site.  Threonine, polar uncharged amino acid, to Methionine, an amino 

acid with a hydrophobic side chain, substitution, T265M; it does not cause adaptive 

advantage but enzymatic stability.  Glutamic acid to Serine substitution, G238S, enlarges 

the active site. Aspargine, an uncharged amino acid, to Aspartic acid, a polar amino acid, 

N276D, also aids in the positioning of the enzyme active site as seen in Figure 3 (Jacoby 

and Medeiros 1991; Knox et al. 1995; Medeiros et al. 1997; Drawz and Bonomo 2010).  

The various available antibiotic empirical therapies have selected different possible 

evolutionary trajectories by which these mutations have aided to increase the β-Lactam 

mediated resistance (Jacoby and Medeiros 1991). 
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Figure 1-3: Three dimensional representation of class A Serine β -Lactamase.  A. 

Amino acid substitution under study. B. β-Lactamase active site under β-Lactam 

attack with amino acid substitutions. 
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1.4. The Relation of β-Lactam antibiotics and β-Lactamase-mediated resistance:  

β-Lactam antibiotics are mainly characterized by a β-lactam ring.  Penicillin 

binding proteins, PBPs, such as the enzyme that facilitates the formation of the 

peptidoglycan layer in the cell wall can be hydrolyzed by the active site of this enzyme 

(Knox 1995).  Among the antibiotics that contain the β-lactam ring are penicillin, its 

derivatives, and Cephalosporins (Drawz and Bonomo 2010).  Penicillin was first 

discovered and used since 1944. Nonetheless, bacterial resistance to Penicillin and most 

of its derivatives has appeared shortly after three years of its clinical use (Philippon, 

Labia et al. 1989; Medeiros 1997; Barlow and Hall 2002).  Resistance to most commonly 

used antibiotics has also been identified shortly after their introduction to the market.  

Cephalosporins were first introduced in 1948 and it targeted Gram-negative bacteria 

(Drawz and Bonomo 2010).  Cephalosporin antibiotics differ from Penicillin and its 

derivatives by their molecular structure; it contains a six carbon ring instead of a five 

carbon ring attached to the beta-Lactam ring.  Cephalosporin also differs from Penicillin 

by the R groups attached to either rings. Three generations of Cephalosporin were 

introduced to clinical use from 1960 to 1999 according to Food and Drug Administration, 

FDA, approval.  As new generations of Cephalosporin were clinically introduced to 

overcome resistance to antibiotics especially resistance conferred by Gram-negative 

bacteria; the new Cephalosporin generation effectiveness towards Gram-positive bacteria 

was compromised.  Nonetheless, β-Lactamase-mediated resistance to Cephalosporins 

also appeared no further than 1970s, three years after the first generation of 

Cephalosporin was introduced to usage (Drawz and Bonomo 2010).   
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Chapter 2: Designing Antibiotic Cycling Strategies by Determining and 

Understanding Local Adaptive Landscapes 

2.1. Introduction 

For the past seventy years, the world has been flooded with β-lactam antibiotics 

(Livermore DM et al. 1996, Shahid M et al. 2009). They have been the favored treatment 

for most bacterial infections because of their efficiency, specificity, and low toxicity 

(Livermore DM et al. 2005, Matagne A et al.1998). In the 1940s and beyond, penicillin 

and penicillin derivatives were the most heavily used β-lactams (Mroczkowska JE et al. 

1998). However, specificity of penicillins for gram positive bacteria and increasing 

frequencies of β-lactamases in resistant bacteria spurred the development of extended 

spectrum β-lactams including cephalosporins, monobactams, and carbapenems in the 

1980s (Livermore DM et al. 1996). Within a few years, resistance to those antibiotics 

also evolved and the frequencies of those resistance determinants have continued to rise 

(Livermore DM et al. 1996, Medeiros AA et al 1997). Decreasing the consumption of β-

lactams has not been successful in lowering resistance rates (Andersson DI et al.2011), 

nor has alternating (cycling) their use with unrelated (non β-lactam) classes of antibiotics 

(Brown EM et al. 2005, Bergstrom CT et al. 2004). However these attempts to control 

antibiotic resistance have included ad hoc selections of antibiotics, usually with no 

underlying theoretical or experimental framework. 

It is unfortunate that the development of the necessary theoretical and 

experimental underpinnings of successful antibiotic cycling lagged behind the efforts of 

the medical community. However, theoretical and experimental work directed at this 
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problem is starting to catch up. Recommendations about how to derive the optimal orders 

of antibiotics and the duration over which they should be applied have been introduced 

and are being refined (Brown EM et al. 2005, Perron GG et al.2012, Beardmore RE et al. 

2010, Beardmore RE et al 2010). It is fairly clear at this point that although clinical 

cycling may not be reliable yet, more informed and sophisticated models have the 

potential to make management of resistance by antibiotic cycling a robust approach to the 

resistance problem. 

We asked whether alternating the use of structurally similar antibiotics (all β-

lactams) might restore their usefulness. We reasoned that when the selective pressure 

resulting from consumption of an antibiotic is removed from a population, either through 

cycling or decreased consumption, pleiotropic fitness costs associated with expression of 

the resistance mechanism will be the major selective pressure removing resistance 

determinants from bacterial populations. If those fitness costs are extremely low, or if 

compensatory mutations have ameliorated their effects, such that there are essentially no 

fitness costs associated with expression of the resistance mechanism, then drift may be 

the major mechanism for removing those resistance determinants (Beardmore RE et al. 

2010, Kimura M et al. 1971, Kimura M et al. 1969, Kimura M et al. 1983, Kimura M et al. 

1983, Kimura M et al. 1962). The enormity of bacterial populations and the impossibility 

of complete discontinuance of an antibiotic make removal of resistance by drift too slow 

a process to have any practical outcome. Instead, we reasoned that if the selective 

pressure for the evolution of a specific resistance determinant could be in constant flux, 

then evolution would occur much more rapidly, and always have a moving target. We 
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wondered whether it might be possible to direct the evolution of resistance in a cyclical 

fashion. 

The experimental model we used to test this approach was the TEM family of β-

lactamases. They are often the most frequently encountered resistance genes in clinical 

bacterial populations. Collectively they confer resistance to the majority of β-lactam 

antibiotics (Medeiros AA et al 1997). Over 200 unique variants of TEM that differ in 

amino acid sequence have evolved since the gene encoding the TEM-1 β-lactamase 

(blaTEM-1) was first identified in 1963 (http://www.lahey.org/Studies/). The consumption 

of the antibiotics responsible for selecting those substitutions has been recorded (Ferech 

M et al. 2006, Ferech et al. 2006, Ferech et al. 2006, NNIS 2003, Fridkin SK et al. 1999, 

Steward CD et al. 2000, Tenover FC et al. 2003,  Mendes RE et al. 2004, Walsh TR et al. 

2003, Bell JM et al. 2002, Bell JM et al. 2002, Fedler KA et al. 2006, Moet GJ et al. 

2007, Bell JM et al. 2007, Hartl DL et al. 1985, Dykhuizen DE et al.1987). 

 

2.2. Methods 

2.2.1. Mutants and Susceptibility Testing 

We used QuikChange® site-directed mutagenesis (Stratagene) to generate all 

mutant constructs from the blaTEM-1 gene in plasmid pBR322 (Table 2-1). Those mutant 

alleles were expressed in Escherichia coli strain DH5-αE. We performed Kirby Bauer 

Disk Diffusion Susceptibility testing (Institute CaLS 2008) for 10 replicates of each of the 

32 strains under 15 commonly prescribed β-Lactam antibiotics (Table 2-2). 
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2.2.2  Identifying Paths and Cycles 

In order to compute all possible combinations of pathways, we have represented 

the fitness graph of a drug as a possibly cyclic directed graph G = (N, E). The nodes N of 

the graph represent the alleles, and the directed edges E of the graph are determined by 

the statistical analysis of the resistance differences among alleles. Nodes ni ϵ N do not 

have costs associated to them, however costs are associated with each edge ei ϵ E and are 

determined by the resistance difference between the two nodes that are connected by the 

edge. 

Since we consider a biallelic system, the genotypes can be represented by a string 

of 0′s and 1′s, where the zero-string 0000 represents the wild-type. A fitness graph 

compares the fitness ranks of mutational neighbors. Roughly, consider the zero-string as 

the starting point and each non-zero position of a string as an event, i.e., that a mutation 

has occurred. Under these assumptions the fitness graph coincides with the Hasse-

diagram of the power set of events, except that each edge in the Hasse-diagram is 

replaced with an arrow toward the string with greater fitness. 
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Table 2-1:  Constructs containing all possible combinations of the four mutations 

found in blaTEM-50 and blaTEM-85. 
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Table 2-2:  The antibiotics used to characterize adaptive landscapes. 
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For a formal definition, a fitness graph for a biallelic L-loci population is a 

directed graph where each node corresponds to a string (which represents a genotype). 

The fitness graphs has L + 1 levels. Each string such that ∑si = l corresponds to a node on 

level l in the fitness graph. In particular, the node representing the zero-string is at the 

bottom, the nodes representing strings with exactly one non-zero position are one level 

above, the nodes representing strings with exactly two non-zero positions are on the next 

level, and the 1-string is at the top. Moreover, the nodes are ordered from left to right 

according to the lexicographic order where 1>0 of the corresponding strings. A directed 

edge connects each pair of nodes such that the corresponding strings differ in exactly one 

position. The edge is directed toward the node representing the more fit of the two 

genotypes. 

Fitness graphs reflect coarse properties of fitness landscapes, including sign 

epistasis. For a complete analysis of fitness landscapes other methods are necessary. The 

most fine-scaled approach to epistasis is the geometric theory of gene interaction 

(Beerenwinkel N et al.2007) 

Once graph G = (N, E) is built and the edge costs are computed and associated 

with their corresponding edges, path queries in the graph can then be computed. To 

compute all the pathways, from the initial starting node (0000 in our trials), a search 

expansion is performed by adding each connected node as a child to the current node in a 

search tree representation. Since backward edges are possible, a mechanism to detect 

cycles is included by making sure that expanded nodes do not appear twice in a pathway. 

When a cycle is detected, the last node of the cycle is not expanded. The overall 
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expansion continues until all the search tree branches reach the target node 1111. The 

final search tree will represent all possible pathways. 

In addition to the search tree, we use a priority queue Q that maintains ranked all 

the current leaves of the search tree to be expanded. We use a Dijkstra-like cost-to-come 

sorting function in Q, which represents the accumulated costs of the pathways since the 

source node. The priority queue ranks all available leaf nodes to be expanded and the 

node with lowest cost is always expanded first. This guarantees that each node is reached 

in the order of appearance in the shortest path from the source node to it. This guarantees 

that the shortest cycles are always found first. Since cycle determination is important in 

our research, all identified cycles are stored and saved for later analysis. 

Although our experiments involved searches with different graphs (single or 

multiple drugs), searches with either forward or backward edges and searches with 

different starting nodes (1111 for backwards pathways), the described search method was 

the same and handled well all situations. The used notation in our figures shows 

backward edges in red and forward edges in green. 

 

2.2.3  Degree of Additivity 

The degree of additivity, roughly how close a landscape is to being a completely 

additive landscape, can be measured in different ways. We used the qualitative measure 

of additivity which ranges from 0 to 1 for fitness landscapes. For a formal definition: The 
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set Bp consist of all double mutants such that both corresponding single mutations are 

beneficial. 

The set BÍ Bp consists of all double mutants in Bp which are more fit than at least one of 

the corresponding single mutants. 

The qualitative measure of additivity is the ratio 
B

Bp
. 

 
B

Bp
= 1 for an additive landscapes.  For random fitness landscapes, the measure is 

expected to be close to zero in this setting. Indeed, using standard arguments in the Orr-

Gillespie approach, the wild-type has very high fitness also in the new environment, in 

comparison with a randomly generated genotype. By definition, fitness is uncorrelated for 

a random fitness landscape, so that double mutants combining beneficial mutations are 

expected to be no more fit than randomly generated genotypes. It follows that the 

qualitative measure is close to zero, and a more precise estimate is that it should be less 

than 3% for random landscapes in this context. The derivation of this result will be 

published elsewhere.  The conclusion depends on an analysis of TEM data from the 

record of clinically found mutants. 

For the 15 TEM-85 landscapes, the qualitative measure applies for 9 out of the 15 

landscapes.  The result is 0, 0, 0, 1/3, 5/6, 1, 1, 1, 1.  The mean value is 0.57. This result 

deviates considerably from expectations for additive and random landscapes. Indeed, if 

all landscapes were additive, the result should be 1 in each case modulo measurement 
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errors. For random landscapes, non-zero values are expected to be rare.  For TEM-50 the 

qualitative measure applies for 3 landscapes out of 15 and the corresponding data is 0,0,1.  

The mean value is 0.33. From the qualitative measure alone, we have an indication that 

the landscapes are neither all additive, nor all random, also for TEM-50 (even if the data 

set is small).   

  The qualitative measure of additivity is useful for comparing a fitness landscape 

with other empirical landscapes, as well as with additive and random (or uncorrelated) 

landscapes. The measure is robust in the sense that small differences in the environment, 

such as (moderate) changes of the concentration of antibiotics, have no impact. 

Quantitative measures may be more sensitive. However, one should not over interpret the 

qualitative measure. This is a coarse measure, since it depends on fitness ranks only. 

2.2.4  Probabilities 

 By the SSWM assumption we were able to consider fixation of beneficial 

mutations as independent events. Therefore, we computed the probability for a trajectory 

as the product of the probabilities of its steps. The probabilities for single substitutions 

can be determined by the following well-established estimate: 

The probability that a beneficial mutation j will be substituted at the next step in 

adaptation is: 

 

s j

s1 + ...+ sk   
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where sr  is the fitness contribution of mutation r  and where there are k  beneficial 

mutations in total. However, we used the simplified assumption that fitness is equal for 

available beneficial mutations, so that this probability equals 
1

k
. 

 

2.3. Results 

In this study, we have determined the topologies of adaptive landscapes (Hartl DL et al. 

1985, Dykhuizen DE et al.1987, Dykhuizen DE et al. 2004, Dykhuizen DE et al. 1994, 

Dean JL et al.1994, Dean CR et al. 2003, Dean AM et al.1988, Dean AM et al.1986, 

Dean AM et al.1995, Dean AM et al.1989, Crona K et al. 2012, Beerenwinkel N et al. 

2007, Carneiro M et al. 2010, Franke J et al. 2011, de Visser JA et al. 2009), that were 

traversed as two blaTEM alleles evolved naturally. The genes blaTEM-50 (Sirot D et 

al.1997), and blaTEM-85 (Baraniak A et al.2005) differ from their ancestor blaTEM-1 by four 

mutations that result in amino acid substitutions. Those mutations have arisen 

independently multiple times during the course of blaTEM evolution [50] and confer 

adaptive benefits. Although those mutations have adaptive roles in certain genetic 

backgrounds and selective environments, they are not always beneficial in every genetic 

background. This phenomenon is called sign epistasis. To characterize those landscapes, 

we created all possible combinations of the mutations found in blaTEM-50 and blaTEM-85 

(Table 2-1), and determined the resulting resistance phenotypes by disk diffusion testing 

with 15 β-lactam antibiotics (Table 2-2) that have been used heavily during the period in 

which TEM variants have arisen. 
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We assumed the strong selection weak mutation (SSWM) model (Gillespie JH et 

al 1978) as both alleles evolved; we also assumed that increased resistance indicates 

increased fitness (Weinreich DM et al.2006). We organized our results using fitness 

graphs (Figures 2-1, 2-2, 2-3, 2-4, 2-5, 2-6, 2-7, 2-8, 2-9, 2-10, 2-11, 2-12, 2-13, 2-14, 2-

15, 2-16, 2-17, 2-18, 2-19, 2-20, 2-21, 2-22, 2-23, 2-24, 2-25, 2-26, 2-27, 2-28, 2-29, 2-

30) where 16 nodes correspond to the 16 alleles. In principle, a fitness graph coincides 

with the Hasse-diagram of the power set of events wherein addition fitness differences 

between adjacent genotypes, ie genotypes that differ by one mutation, are indicated (see 

materials and methods). Specifically, the wild-type allele (blaTEM-1) is at the bottom, 

alleles with single mutations are one level above, alleles with two mutations are at the 

next level, followed by those with three and then four mutations (i.e. blaTEM-50 and 

blaTEM-85). Line segments drawn between adjacent nodes complete the graph. Green lines 

indicate selection for mutation, red lines indicate selection for reversion; absence of a line 

indicates that the adjacent nodes are phenotypically equivalent. We used one-way 

ANOVA testing to determine 95% confidence intervals around the mean resistance 

phenotypes and to assign direction. The fitness graphs reflect coarse properties of the 

fitness landscapes, including accessible trajectories, the number of peaks and sign 

epistasis. Such properties are important for our approach to drug cycling programs. 

However, since fitness graphs depend on fitness ranks of genotypes only, they will not 

reflect quantitative aspects which may be relevant for recombination. Fitness graphs 

reveal the adaptive potential under the assumption that no recombination, double 

mutations or other extreme genetic events take place. 
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Figure 2-1: TEM 50 Landscape for Ampicillin.  Ovals represent alleles. The names 

are given in binary code (See table 1). The absence of lines indicates no significant 

difference in resistance phenotypes. Green lines indicate an increase in resistance 

resulting from addition of a mutation. Red lines indicate an increase in resistance 

resulting from reversion. 
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Figure 2-2: TEM 50 Landscape for Ceftazidime.  Ovals represent alleles. The names 

are given in binary code (See table 1). The absence of lines indicates no significant 

difference in resistance phenotypes. Green lines indicate an increase in resistance 

resulting from addition of a mutation. Red lines indicate an increase in resistance 

resulting from reversion. 
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Figure 2-3: TEM 50 Landscape for Cefaclor.  Ovals represent alleles. The names are 

given in binary code (See table 1). The absence of lines indicates no significant 

difference in resistance phenotypes. Green lines indicate an increase in resistance 

resulting from addition of a mutation. Red lines indicate an increase in resistance 

resulting from reversion. 
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Figure 2-4: TEM 50 Landscape for Cefpodoxime.  Ovals represent alleles. The names 

are given in binary code (See table 1). The absence of lines indicates no significant 

difference in resistance phenotypes. Green lines indicate an increase in resistance 

resulting from addition of a mutation. Red lines indicate an increase in resistance 

resulting from reversion. 
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Figure 2-5: TEM 50 Landscape for Ceftriaxone.  Ovals represent alleles. The names 

are given in binary code (See table 1). The absence of lines indicates no significant 

difference in resistance phenotypes. Green lines indicate an increase in resistance 

resulting from addition of a mutation. Red lines indicate an increase in resistance 

resulting from reversion. 
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Figure 2-6: TEM 50 Landscape for Cefprozil.  Ovals represent alleles. The names are 

given in binary code (See table 1). The absence of lines indicates no significant 

difference in resistance phenotypes. Green lines indicate an increase in resistance 

resulting from addition of a mutation. Red lines indicate an increase in resistance 

resulting from reversion. 
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Figure 2-7: TEM 50 Landscape for Cefotetan.  Ovals represent alleles. The names are 

given in binary code (See table 1). The absence of lines indicates no significant 

difference in resistance phenotypes. Green lines indicate an increase in resistance 

resulting from addition of a mutation. Red lines indicate an increase in resistance 

resulting from reversion. 
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Figure 2-8: TEM 50 Landscape for Cefotaxime.  Ovals represent alleles. The names 

are given in binary code (See table 1). The absence of lines indicates no significant 

difference in resistance phenotypes. Green lines indicate an increase in resistance 

resulting from addition of a mutation. Red lines indicate an increase in resistance 

resulting from reversion. 
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Figure 2-9: TEM 50 Landscape for Cefuroxime.  Ovals represent alleles. The names 

are given in binary code (See table 1). The absence of lines indicates no significant 

difference in resistance phenotypes. Green lines indicate an increase in resistance 

resulting from addition of a mutation. Red lines indicate an increase in resistance 

resulting from reversion. 
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Figure 2-10: TEM 50 Landscape for Cefepime.  Ovals represent alleles. The names 

are given in binary code (See table 1). The absence of lines indicates no significant 

difference in resistance phenotypes. Green lines indicate an increase in resistance 

resulting from addition of a mutation. Red lines indicate an increase in resistance 

resulting from reversion. 
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Figure 2-11: TEM 50 Landscape for Cefoxitin.  Ovals represent alleles. The names 

are given in binary code (See table 1). The absence of lines indicates no significant 

difference in resistance phenotypes. Green lines indicate an increase in resistance 

resulting from addition of a mutation. Red lines indicate an increase in resistance 

resulting from reversion. 
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Figure 2-12: TEM 50 Landscape for Ceftizoxime.  Ovals represent alleles. The names 

are given in binary code (See table 1). The absence of lines indicates no significant 

difference in resistance phenotypes. Green lines indicate an increase in resistance 

resulting from addition of a mutation. Red lines indicate an increase in resistance 

resulting from reversion. 
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Figure 2-13: TEM 50 Landscape for Ampicillin + Sulbactam.  Ovals represent alleles. 

The names are given in binary code (See table 1). The absence of lines indicates no 

significant difference in resistance phenotypes. Green lines indicate an increase in 

resistance resulting from addition of a mutation. Red lines indicate an increase in 

resistance resulting from reversion. 
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Figure 2-14: TEM 50 Landscape for Pipercillin + Tazobactam.  Ovals represent 

alleles. The names are given in binary code (See table 1). The absence of lines 

indicates no significant difference in resistance phenotypes. Green lines indicate an 

increase in resistance resulting from addition of a mutation. Red lines indicate an 

increase in resistance resulting from reversion. 
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Figure 2-15: TEM 50 Landscape for Amoxicillin + Clavulanate.  Ovals represent 

alleles. The names are given in binary code (See table 1). The absence of lines 

indicates no significant difference in resistance phenotypes. Green lines indicate an 

increase in resistance resulting from addition of a mutation. Red lines indicate an 

increase in resistance resulting from reversion. 
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Figure 2-16: TEM 85 Landscape for Ampicillin.  Ovals represent alleles. The names 

are given in binary code (See table 1). The absence of lines indicates no significant 

difference in resistance phenotypes. Green lines indicate an increase in resistance 

resulting from addition of a mutation. Red lines indicate an increase in resistance 

resulting from reversion. 
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Figure 2-17: TEM 85 Landscape for Ceftazidime.  Ovals represent alleles. The names 

are given in binary code (See table 1). The absence of lines indicates no significant 

difference in resistance phenotypes. Green lines indicate an increase in resistance 

resulting from addition of a mutation. Red lines indicate an increase in resistance 

resulting from reversion. 
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Figure 2-18: TEM 85 Landscape for Cefaclor.  Ovals represent alleles. The names are 

given in binary code (See table 1). The absence of lines indicates no significant 

difference in resistance phenotypes. Green lines indicate an increase in resistance 

resulting from addition of a mutation. Red lines indicate an increase in resistance 

resulting from reversion. 



 

42 
 

 

Figure 2-19: TEM 85 Landscape for Cefpodoxime.  Ovals represent alleles. The 

names are given in binary code (See table 1). The absence of lines indicates no 

significant difference in resistance phenotypes. Green lines indicate an increase in 

resistance resulting from addition of a mutation. Red lines indicate an increase in 

resistance resulting from reversion. 
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Figure 2-20: TEM 85 Landscape for Ceftriaxone.  Ovals represent alleles. The names 

are given in binary code (See table 1). The absence of lines indicates no significant 

difference in resistance phenotypes. Green lines indicate an increase in resistance 

resulting from addition of a mutation. Red lines indicate an increase in resistance 

resulting from reversion. 
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Figure 2-21: TEM 85 Landscape for Cefprozil.  Ovals represent alleles. The names 

are given in binary code (See table 1). The absence of lines indicates no significant 

difference in resistance phenotypes. Green lines indicate an increase in resistance 

resulting from addition of a mutation. Red lines indicate an increase in resistance 

resulting from reversion. 
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Figure 2-22: TEM 85 Landscape for Cefotetan.  Ovals represent alleles. The names 

are given in binary code (See table 1). The absence of lines indicates no significant 

difference in resistance phenotypes. Green lines indicate an increase in resistance 

resulting from addition of a mutation. Red lines indicate an increase in resistance 

resulting from reversion. 
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Figure 2-23: TEM 85 Landscape for Cefotaxime.  Ovals represent alleles. The names 

are given in binary code (See table 1). The absence of lines indicates no significant 

difference in resistance phenotypes. Green lines indicate an increase in resistance 

resulting from addition of a mutation. Red lines indicate an increase in resistance 

resulting from reversion. 
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Figure 2-24: TEM 85 Landscape for Cefuroxime.  Ovals represent alleles. The names 

are given in binary code (See table 1). The absence of lines indicates no significant 

difference in resistance phenotypes. Green lines indicate an increase in resistance 

resulting from addition of a mutation. Red lines indicate an increase in resistance 

resulting from reversion. 
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Figure 2-25: TEM 85 Landscape for Cefepime.  Ovals represent alleles. The names 

are given in binary code (See table 1). The absence of lines indicates no significant 

difference in resistance phenotypes. Green lines indicate an increase in resistance 

resulting from addition of a mutation. Red lines indicate an increase in resistance 

resulting from reversion. 
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Figure 2-26: TEM 85 Landscape for Cefoxitin.  Ovals represent alleles. The names 

are given in binary code (See table 1). The absence of lines indicates no significant 

difference in resistance phenotypes. Green lines indicate an increase in resistance 

resulting from addition of a mutation. Red lines indicate an increase in resistance 

resulting from reversion. 
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Figure 2-27: TEM 85 Landscape for Ceftizoxime.  Ovals represent alleles. The names 

are given in binary code (See table 1). The absence of lines indicates no significant 

difference in resistance phenotypes. Green lines indicate an increase in resistance 

resulting from addition of a mutation. Red lines indicate an increase in resistance 

resulting from reversion. 
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Figure 2-28: TEM 85 Landscape for Ampicillin + Sulbactam.  Ovals represent alleles. 

The names are given in binary code (See table 1). The absence of lines indicates no 

significant difference in resistance phenotypes. Green lines indicate an increase in 

resistance resulting from addition of a mutation. Red lines indicate an increase in 

resistance resulting from reversion. 
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Figure 2-29: TEM 85 Landscape for Pipercillin + Tazobactam.  Ovals represent 

alleles. The names are given in binary code (See table 1). The absence of lines 

indicates no significant difference in resistance phenotypes. Green lines indicate an 

increase in resistance resulting from addition of a mutation. Red lines indicate an 

increase in resistance resulting from reversion. 
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Figure 2-30: TEM 85 Landscape for Amoxicillin + Clavulanate.  Ovals represent 

alleles. The names are given in binary code (See table 1). The absence of lines 

indicates no significant difference in resistance phenotypes. Green lines indicate an 

increase in resistance resulting from addition of a mutation. Red lines indicate an 

increase in resistance resulting from reversion. 
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2.3.1. The Complexity of Fitness Landscapes 

Additive fitness landscapes have a single peak. In contrast, random (uncorrelated 

or rugged) fitness landscapes have no correlation between the fitness of adjacent alleles. 

Random fitness and additivity can be considered as two extremes with regard to the 

amount of structure in the fitness landscapes. The degree of additivity, roughly how close 

the landscape is to an additive landscape, is of interest for comparing landscapes in 

different settings. Since we work with qualitative information we use the qualitative 

measure of additivity, a value ranging from 0 to 1 for fitness landscapes, where the value 

is 1 for additive landscapes and close to 0 for a random fitness landscape (Crona K et al. 

2013). The mean values were 0.33 for TEM-50 and 0.57 for TEM-85, using the 

landscapes where the measure applies. The complete statistics show that the TEM-85 

landscapes have considerably less additivity than for additive landscapes and 

considerably more additivity than expected for random fitness landscapes. The results for 

TEM-50 point in the same direction (see materials and methods). 

In an additive landscape where TEM-85 confers the greatest fitness advantage, 

fitness should always increase with the addition of more mutations. However, in the 

cefotaxime and ceftazidime landscapes where TEM-85 does confer the greatest fitness 

advantage, there are seven instances in each where fitness increases via reversion of a 

previously existing mutation. Overall, there are several occurrences of sign epistasis in 14 

out of 15 landscapes. The cefoxitin landscape (Figure 2-26) has nearly no sign epistasis 

because it is almost flat, in the sense that there are no significant fitness differences for 
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most alleles. For TEM-50 sign epistasis also occurred in 14 out of 15 landscapes and the 

ampicillin landscape was flat (Figure 2-1).  

2.3.2  Adaptive Trajectories in Single-antibiotic and Fluctuating Environments 

2.3.2.1  TEM-50 landscapes. 

In the 15 adaptive landscapes that include blaTEM-50 related alleles, there were no 

pathways containing consecutive increases of resistance between blaTEM-1 and blaTEM-50 

(See Figures 2-1, 2-2, 2-3, 2-4, 2-5, 2-6, 2-7, 2-8, 2-9, 2-10, 2-11, 2-12, 2-13, 2-14, 2-15). 

Based on this result, it is possible that recombination occurred during the evolution of 

blaTEM-50. However, an alternate explanation for the evolution of blaTEM-50 is fluctuation 

of environments as different antibiotic have been administered. When the results from the 

15 different landscapes were simultaneously considered, we identified 5589 trajectories 

between blaTEM-1 and blaTEM-50. 

2.3.2.2  TEM-85 landscapes. 

In contrast, two of the 15 adaptive landscapes that include blaTEM-85 related alleles 

contain pathways of consecutively increasing resistance between blaTEM-1 and blaTEM-85 

(Figures 2-16, 2-17, 2-18, 2-19, 2-20, 2-21, 2-22, 2-23, 2-24, 2-25, 2-26, 2-27, 2-28, 2-29, 

2-30). Cefotaxime (Figure 2-31) and ceftazidime (Figure 2-32) can individually select for 

the evolution of blaTEM-85 with either two or three pathways, respectively. TEM-85 is the 

allele of greatest fitness for both cefotaxime and ceftazidime. The cefotaxime landscape 

has 2 peaks and the ceftazidime landscape has 4 peaks. We computed the probabilities for 

a population going to fixation at TEM-85, rather than at suboptimal peaks, using a basic 
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model which assumes that available beneficial mutations are equally likely to occur and 

go to fixation. For cefotaxime the probability for fixation at TEM 85 was 75%, and for 

ceftazidime 12.5%. When all landscapes were simultaneously considered, which is 

appropriate under circumstances of fluctuating selection, we found 15,716 pathways 

between blaTEM-1 and blaTEM-85. 

These results are consistent with Weinreich et al. (Weinreich DM et al.2006) in 

that when a single environment is considered, there are few pathways through which 

evolution can proceed. These results are also consistent with the study by Bergstrom et 

al. (Brown EM et al. 2005) in which they found that random fluctuations of antibiotics 

can accelerate the evolution of resistance. 

2.3.2.3  Antibiotic Cycles 

The complexity of the adaptive landscapes makes it possible to identify cycles of 

antibiotics that are likely to effectively manage resistance.  The somewhat frequent 

increases in resistance that result from reversions of mutations indicate that the evolution 

of resistance is sometimes reversible.  Based on this observation we investigated 

approaches for cycling antibiotics as a method for managing resistance. We determined 

whether it was possible to cyclically restore susceptibility to a sequence of antibiotics by 

alternating exposure to those antibiotics as follows:  We first identified the alleles that 

were local optima in the presence of at least one antibiotic, and that were also adaptive 

valleys in the presence of at least one other antibiotic. Next we identified the antibiotic 

environments where those local optima and valleys exist.  We then identified pathways 

that formed closed loops within those adaptive landscapes; the pathways returned to the  
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Figure 2-31: Adaptive landscapes of TEM-85. 

This diagram show the pathways through which the blaTEM-85 can evolve in a single 

antibiotic. The TEM-85 adaptive landscape in cefotaxime with pathways to TEM-85 

indicated.  
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Figure 2-32: Adaptive landscapes of TEM-85. 

This diagram show the pathways through which the blaTEM-85 can evolve in a single 

antibiotic. The TEM-85 adaptive landscape in ceftazidime with pathways to TEM-85 

indicated. 
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allele where they had begun. For blaTEM-50 landscapes the antibiotics we identified were 

cefepime, cefprozil, and ceftazidime (Figure 2-33).  We found that 41,961 different 

cycles exist in those landscapes. For the blaTEM-85 landscapes, we identified the antibiotics 

cefprozil, ceftazidime, cefotaxime, and ampicillin as the most appropriate choices for 

antibiotic cycling and with those, we identified 1770 cycles (Figure 2-34). These results 

indicate that there are numerous routes for resistance to be reversed when those three 

antibiotics are cycled, which is an indication that this approach is robust.  If the order of 

antibiotics is perturbed, the effects of cycling those antibiotics should be consistent.  One 

caveat is that in the case of TEM-85, there are very few reversions that increase fitness 

when the allele blaTEM-85 has been reached (Figure 2-34), allowing the potential for 

“escape” from the cycling regimen.  Generating adaptive landscapes for more antibiotics 

may ameliorate this situation. 
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Figure 2-33: Example of one possible outcome from antibiotic cycling. 

These diagrams show that by alternating the antibiotics cefepime, ceftazidime, and 

cefprozil susceptibility to those antibiotics can be restored in bacterial populations 

expressing variant alleles present in TEM-50 adaptive landscapes. 2a. (Top left) The 

TEM-50 adaptive landscape in cefepime. Yellow peaks indicate the adjacent alleles 

that are important during cefepime selection. 2b. (Top right) The TEM-50 adaptive 

landscape in ceftazidime. Orange peaks indicate the adjacent alleles that are important 

during ceftazidime selection. 2c. (Bottom left) The TEM-50 adaptive landscape in 

cefprozil. Red peaks indicate the adjacent alleles that are important during cefprozil 

selection. 2d. (Bottom right) Composite cycle: The yellow arrow indicates the 

direction of selection in the presence of cefepime. The red arrows indicate the 

direction of selection in the presence of cefprozil. The orange arrow indicates the 

direction of selection in the presence of ceftazidime. Rotation of these antibiotics 

results in cyclical renewal of antibiotic susceptibility. 
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Figure 2-34: Example of one possible outcome from antibiotic cycling. a. (Top left) 

Composite cycle: The red arrow indicates an allele (T265M) that will be selected by 

cefotaxime. The green arrows indicate alleles that will be selected by ceftazidime. The 

yellow arrow indicates alleles that will be selected by cefprozil. b. (Top right) The 

TEM-85 adaptive landscape in cefotaxime. Red peaks indicate the adjacent alleles that 

are important during cefotaxime selection. c. (Bottom left) The TEM-85 adaptive 

landscape in ceftazidime. Green peaks indicate the adjacent alleles that are important 

during Ceftazidime selection. d. (Bottom right) The TEM-85 adaptive landscape in 

cefprozil. Yellow peaks indicate the adjacent alleles that are important during 

cefprozil selection. 
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2.4. Discussion 

Our results indicate that the occurrence of sign epistasis may provide a means for 

sustainably renewing the usefulness of antibiotics once resistance to them has evolved.  

Historic failures of ad hoc cycling programs for antibiotics in hospitals have no bearing 

on our approach. The scheme for drug cycling we suggest relies on current laboratory 

techniques, as well as established theory of adaptation, and it remains to evaluate our 

approach in a clinical setting.  Our results indicate that abundant sign epistasis exists for 

the TEM resistance determinants and that it provides a means for sustainably renewing 

the usefulness of β-lactam antibiotics once resistance to them has evolved.  An obvious 

limitation in our approach is that we have considered only a few mutations associated 

with antibiotic resistance. For practical solutions, a more complete picture is required.  

Other antibiotic cycling studies have added significantly towards our understanding of 

what factors will improve cycling.  A knowledge of pleiotropic fitness costs associated 

with resistance mechanisms can help to inhibit the evolution of multi-drug resistant 

strains and possibly eliminate those that already exist.  The order and timing in which 

antibiotics are applied also have a significant effect on the occurrence of resistance. 

Additionally, a recent study that demonstrated the effectiveness of a program in which a 

hospital cycled among β-lactam antibiotics to reduce resistance over a period of several 

years (Sarraf-Yazdi et al., 2012b). This success is consistent with our results and may 

have benefitted in its design from the apparent absence of pleiotropic fitness costs 

associated with expression of most serine β-lactamases (Mroczkowska and Barlow, 

2008b) 
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Chapter 3: Relative effects of antibiotics on selection for evolved blaTEM alleles 

indicates that TEMs are changing from penicillinases to specialized 

cephalosporinases 

3.1. Introduction 

β-lactams have been one of the most heavily used antibiotics in the past seventy 

years to treat bacterial infections (Livermore, 1996; Shahid et al., 2009b).  The 

consumption of the antibiotics responsible for selecting those substitutions has been 

recorded since then (Ferech M et al. 2006, Ferech et al. 2006, Ferech et al. 2006, NNIS 

2003, Fridkin SK et al. 1999, Steward CD et al. 2000, Tenover FC et al. 2003,  Mendes 

RE et al. 2004, Walsh TR et al. 2003, Bell JM et al. 2002). They have been the favored 

treatment for most bacterial infections because of their efficiency, specificity, and low 

toxicity (Livermore DM et al. 2005, Matagne A et al.1998). In the 1940s and beyond, 

penicillin and penicillin derivatives were the most heavily used β-lactams (Mroczkowska 

JE et al. 1998).  However, in the 1980s specificity of penicillin for gram positive bacteria 

and increasing frequencies of β-lactamases in resistant bacteria spurred the development 

of extended spectrum β-lactams including cephalosporins, monobactams, and 

carbapenems (Shahid M et al. 2009) within a few years, resistance to those antibiotics 

also evolved and the frequencies of those resistance determinants have continued to rise 

(Shahid M et al. 2009, Medeiros AA et al.1997).  

Currently, we are unable to explain the relationship between antibiotic usage and 

the evolution of antibiotic resistance.  Although many resistance genes have clearly 

evolved in response to clinical consumption of antibiotics, we do not know which 
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specific antibiotics have selected for the emergence of specific mutations. We also do not 

know in spite of some studies whether resistance genes are evolving from being 

specialized for one function towards another specialty, or whether they are evolving to 

become generalists (Weinreich et al 2006, Stemmer et al. 1994, Hall et al. 2002). 

Specialization has been observed throughout the evolution of many genes and 

organisms. The adaptive costs involved with specialization also have been investigated in 

order to determine the cause of specialization in different organisms and genes. 

Specialization on a gene might be due to environmental pressures selecting for an 

accumulation of mutations or simply an antagonist pleiotropic effect of the variant genes 

under investigation. In this manner the gene would change from a generalist, loosing 

environmental plasticity, and become more specialized, increasing genetic variation. 

Through similar mechanisms it may also be possible to change specialties, or to change 

from a specialist to a generalist (Nam et al 2012). 

We use the blaTEM resistance gene as a model to investigate the evolution of 

resistance because the TEM β-lactamases is the most prevalent antibiotic resistance 

determinant in many clinical populations of bacteria.  Over 200 unique variants of TEM 

(blaTEM-1) were first identified in 1963 (http://www.lahey.org/Studies/). Collectively they 

confer resistance to the majority of β-lactam antibiotics (Medeiros AA et al.1997). We 

specifically investigated the evolution of the allele blaTEM-85 and blaTEM-50, which differ 

from its ancestor blaTEM1 by four mutations.   

In a previous study we determined the 15 different adaptive landscapes created by 

testing two sets of mutations where the variant alleles have evolved from the wild type 

http://www.lahey.org/Studies/
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gene blaTEM-1  to the alleles blaTEM-50 and blaTEM-85 in the presence of 15 different 

antibiotics. From that study, we determined the evolutionary pathways as various blaTEM 

alleles evolve.  By determining the adaptive landscapes of these two mutations sets we 

were able to determine possible evolutionary trajectories among a limited set of alleles 

when structurally similar antibiotics where alternated. These trajectories were cyclical 

and resistance increased with each step within the cycle providing the theoretical 

framework to keep evolution of resistance gene in a cycle.  

In this study, we questioned how the overall nature of those alleles changed as 

they progressed along the evolutionary trajectories we identified.  In particular, we were 

interested in whether the mutations increased or decreased the specificities of the β-

lactamases encoded by the alleles as additional mutations were added to them.  We also 

questioned how the impact of antibiotics changed as mutations were combined.  In this 

study we investigate the impact of 15 different β-lactams on the evolution of variant 

blaTEM alleles, their trajectory as they evolve, and the specificities of phenotypic 

responses as mutations are sequentially added.   

 

3.3. Methods 

Mutants and Susceptibility Testing 

We used QuikChange® site-directed mutagenesis (Stratagene) to generate all 

mutant constructs from the blaTEM-1 gene in plasmid pBR322. (Table 3-10).  Those 

mutant alleles were expressed in Escherichia coli strain DH5-α E.  We performed Kirby 
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Bauer Disk Diffusion Susceptibility testing (Institute CaLS 2008) for 10 replicates of 

each of the 32 strains under 15 commonly prescribed β-Lactam antibiotics (Table 3-11).  

 

Computing the Impact of β-Lactam antibiotics 

We organized our results using fitness graphs where 16 nodes correspond to the 

16 alleles.  The wild-type allele is at the bottom, alleles with one, two, three or four 

mutation are on the subsequent levels. We used ANOVA testing to determine 95% 

confidence intervals around the mean resistance phenotypes and to assign direction. We 

computed the differences in phenotype between adjacent alleles, and represented those 

differences using vectors, where the magnitude of each vector was the difference between 

the diameters of adjacent alleles. The vectors were directed towards the allele that 

conferred the greatest resistance phenotype. We have also counted the number of 

significant vectors pointing towards or away from each allele. We performed T-Tests 

between the vectors pointing away and towards each allele to determine if any of the 

classes of antibiotics we employed in this study, penicillin, cephalosporin, or penicillin 

and inhibitors selected for these mutations in particular. We also performed the T-Tests 

between the vectors pointing toward and away to determine which antibiotics in 

particular were selecting each allele. We also performed the T-Tests between the vectors 

pointing toward natural occurring alleles and vectors pointing toward not yet identified 

alleles to determine which antibiotics in particular were selecting each allele. We then 

calculated the correlation value between the number of antibiotics selecting for alleles 

containing single, double, triple and quadruple nutation and the number of mutations. We 
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used this process to investigate the impact of the 15 antibiotics on the selection of the 16 

variant alleles derived from the mutations present in blaTEM-85 and blaTEM-50. This 

approach indicates the pleiotropic fitness costs of mutations in the presence of different 

antibiotics because the magnitude of selection for each allele varies across antibiotic 

environments. 

 

3.4. Results 

We initiated this study with the hypothesis that cefotaxime and ceftazidime were 

the primary selective agents responsible for the blaTEM-85 variants evolution according to 

our last investigation.  To test this hypothesis, we defined the relationships between all 

adjacent alleles as vectors.  The vector indicates the direction of evolution (i.e. whether a 

mutation has occurred). Positive vectors indicate that the allele under consideration is 

selected, whereas a negative vector indicates that the corresponding adjacent allele is 

selected over the allele under consideration, (i.e. a reversion has occurred). We used T-

tests to compare the distributions of vectors using various biologically based models of 

evolution.   

The first test we conducted was to ask whether a significant difference exists 

between the distribution of vectors pointing towards the alleles that are located within the 

pathways between blaTEM-1 and blaTEM-85 when cefotaxime is used as the selective agent 

and those outside the pathways (Table 3-1). We performed this test for all 15 antibiotics 

that were used in our previous study. We also performed the same analysis for the 



 

68 
 

distribution of positive vectors inside and outside the pathways between blaTEM-1 and 

blaTEM-85 when ceftazidime is used as the selective agent (Table 3-2). We considered the 

found a significant difference existed for the vectors associated with the alleles in the 

pathways that we identified in the presence of cefotaxime for the antibiotics 

cefpodoxime, cefotetan, cefotaxime, and cefepime.  The alleles located within the 

pathways when ceftazidime is used as the selective agent, we found significant difference 

existed for the vectors associated with the alleles in the pathways that we identified in the 

presence of amoxillin and clavulanic acid, Ceftazidime, cefaclor.  Based on these results 

we were not persuaded that cefotaxime and ceftazidime were acting alone in the selection 

of blaTEM-85. Therefore, we performed further analyses.   

We categorized different antibiotics by structural class as either penicillins, 

penicillins combined with β-Lactamase inhibitors, or cephalosporins.  We reasoned that if 

one class of antibiotics was selecting for the evolution of blaTEM-85 then a significant 

difference should exist between the selection for new mutations and selection for 

reversions.  We used t-tests between additions of mutations and reversions for each 

structural class and found a significant difference for cephalosporins but no other classes 

of antibiotics.  The difference between selection for addition of mutations and selection 

for reversions across all cephalosporins was significantly different with a p-value of 

0.019800031 (Table 3-4).  

We also used t-tests between additions of mutations and reversions for each 

structural class of antibiotics that was selecting for the evolution of blaTEM-1 to blaTEM-50. 

We found that some alleles were selected significantly different by penicillins combined 
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with β-Lactamase inhibitors compared to the selection by cephalosporins. We then 

calculated the ratio between mutations on each allele to the total number of possible 

mutations when selected by penicillins combined with β-Lactamase inhibitors. We 

calculated the same ratio of number of mutation on each allele by the number of possible 

mutations when selected by cephalosporins. Next, we calculated a ratio between 

mutations selected by cephalosporins to the ratio of mutations selected by penicillins 

combined with β-Lactamase inhibitors using the ratios calculated above. We found that 

the naturally occurring allele blaTEM-19 (0010) and blaTEM-50 (1111) are selected by 

cephalosporins with a significant p-value of 0.00088684 and 0.05462507 respectively. 

We also found that the not yet identified substitutions  M69L/E104K/N276D (1110)  is 

selected by cephalosporins with a significant p-value of 0.00212618, while  the not yet 

identified substitutions M69L/E104K/G238S (1101) is selected by penicillins combined 

with β-Lactamase inhibitors with a p-value of 0.00081072.(Table 3-5)  

We then performed a similar analysis for each antibiotic and asked for which 

antibiotics there was a significant difference between selection for the addition of 

mutations and selection for reversion of mutations for blaTEM-50 and blaTEM-85.  We found 

that significant differences exist for the antibiotics amoxicillin combined with clavulanic 

acid, ceftazidime, cefpodoxime, cefotetan, cefotaxime and ceftizoxime, all of which are 

cephalosporins selecting for blaTEM-85 variants. We also found that significant differences 

exist for the antibiotics cefprozil, cefoxin, and sulbactam selecting for blaTEM-50 variants 

(Table 3-6).  
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We also investigated if any of the antibiotics used in this study was selecting for 

natural occurring mutation in a different manner that they would select not yet identified 

mutation in the blaTEM-85 variant alleles (Table 3-10). We found that cefepime selected 

naturally occurring mutations significantly different with a p-value of 0.0484 (Table 3-7).   

At this point, we wondered whether selection was acting to create a generalist 

enzyme over one specialized for hydrolyzing any particular β-Lactam. We asked whether 

there was a relationship between the number of mutations located in variant blaTEM allele 

and the number of antibiotics to which the allele conferred resistance. We found no 

correlation between the number of antibiotics selecting blaTEM-85 variant alleles and the 

number of mutations.  We found a correlation value of 0.942664 and a R square value of 

0.888615 between the increase in the number of mutations and the increase in the number 

of β-lactams selecting for naturally occurring alleles in blaTEM-50 variants (Table 3-8). 

When we added all possible combinations of mutations including those that had not been 

identified in clinical isolates, the correlation value became 0.752819 and a R square value 

of 0.566737as the numbers of mutations in not yet identified blaTEM-50 variants increase 

and the number of β-lactams selecting these mutations also increase (Table 3-9). 

This result supports our ultimate hypothesis that the actual selective pressure that 

led to the evolution of blaTEM-50 was that of becoming a generalist.  
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Table 3-1: Relation using weighted vectors between Alleles within the identified 

pathways under the selection of Cefotaxime and number of antibiotics for which those 

mutations confer a selective advantage.  

Vectors  IN the Cefotaxime Pathways Vectors OUT of Cefotaxime Pathways 

0010-0000 0001-0000 

0100-0000 0011-0001 

1000-0000 0101-0001 

0110-0010 1001-0001 

0110-0100 0011-0010 

0111-0110 1010-0010 

1111-0111 0111-0011 

1100-1000 1011-0011 

1101-1100 0101-0100 

1111-1101 1100-0100 

 0111-0101 

 1101-0101 

 1110-0110 

 1001-1000 

 1010-1000 

 1011-1001 

 1101-1001 

 1011-1010 

 1110-1010 

 1111-1011 

 1110-1100 

 1111-1110 
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Table 3-2: Relation using vectors between Alleles within the identified pathways under 

the selection of Ceftazidime and number of antibiotics for which those mutations confer a 

selective advantage.  

Vectors  IN the Ceftazidime Pathways Vectors OUT of Ceftazidime Pathways 

0001-0000 0010-0000 

0101-0001 0100-0000 

1001-0001 1000-0000 

1101-0101 0011-0001 

1101-1001 0011-0010 

1111-1101 0110-0010 

0001-0000 1010-0010 

0101-0001 0111-0011 

1001-0001 1011-0011 

1101-0101 0101-0100 

 0010-0000 

 0100-0000 

 1000-0000 

 0011-0001 

 0011-0010 

 0110-0010 

 1010-0010 

 0111-0011 

 1011-0011 

 0101-0100 

 0110-0100 

 1100-0100 

 0111-0101 

 0111-0110 

 1110-0110 
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Table 3-3: Relation using vectors between Alleles within the identified pathways under 

the selection of Cefotaxime and Ceftazidime and the number of antibiotics for which 

those mutations confer a selective advantage.  

 CTX CAZ 

Drugs p-values p-values 

AMC 0.38705079 0.02150718 

AMP 0.26894241 0.47284878 

CAZ 0.15020783 6.6332E-06 

CEC 0.17861767 0.00560372 

CPD 0.01651512 0.24843934 

CRO 0.33806939 0.47865329 

CRP 0.42683117 0.41562869 

CTT 0.04321899 0.43976287 

CTX 2.5677E-06 0.29932885 

CXM 0.2360558 0.39137847 

FEP 0.02630327 0.38104 

FOX 0.1717182 0.16344596 

SAM 0.25638627 0.18757731 

TZP 0.36768132 0.22672527 

Zox 0.41100873 0.43976287 
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Table 3-4: In this table we compare the impact of the different classes of antibiotics we 

employed on this study on the selection of the alleles on the evolutionary pathway from 

TEM-1 to TEM-85 denoted by the positive and negative vectors. Cephalosporin class of 

antibiotics is the only class that presents significant impact on the alleles in consideration.   

 

Drugs Sum of 

Antibiotics 

Penicillins Penicillin/Inhibito

rs 

Cephalosporins 

Vectors negative positive negative positive negative positive negative Positive 

0001-

0000 
1 5 0 1 0 1 1 3 

0010-

0000 
3 4 0 0 0 0 3 4 

0100-

0000 
5 5 0 0 3 0 2 5 

1000-

0000 
2 6 0 1 0 1 2 4 

0011-

0001 
3 1 0 0 0 0 3 1 

0101-

0001 
7 5 1 0 3 0 3 5 

1001-

0001 
2 2 0 0 0 1 2 1 

0011-

0010 
4 4 0 0 0 1 4 3 

0110-

0010 
3 7 0 0 2 0 1 7 

1010-

0010 
11 0 1 0 3 0 7 0 

0111-

0011 
5 7 0 0 3 0 2 7 

1011-

0011 
8 1 1 0 3 0 4 1 

0101-

0100 
0 6 0 0 0 2 0 4 
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0110-

0100 
1 9 0 0 0 2 1 7 

1100-

0100 
2 4 0 0 0 3 2 1 

0111-

0101 
0 8 0 0 0 1 0 7 

1101-

0101 
0 5 0 0 0 0 0 5 

0111-

0110 
0 5 0 0 0 1 0 4 

1110-

0110 
13 0 1 0 3 0 9 0 

1111-

0111 
0 9 0 0 0 2 0 7 

1001-

1000 
1 4 0 0 0 1 1 3 

1010-

1000 
11 1 1 0 3 0 7 1 

1100-

1000 
5 3 1 0 1 0 3 3 

1011-

1001 
10 0 1 0 3 0 6 0 

1101-

1001 
3 6 0 0 3 0 0 6 

1011-

1010 
0 3 0 1 0 0 0 2 

1110-

1010 
1 5 1 0 0 1 0 4 

1111-

1011 
0 14 0 1 0 3 0 10 

1101-

1100 
3 7 0 0 3 0 0 7 

1110-

1100 
9 1 1 0 3 0 5 1 

1111-

1101 
0 10 0 0 0 2 0 8 

1111-

1110 
0 14 0 1 0 3 0 10 

Total 

vectors 
113 161 9 5 36 25 68 131 

p-values 
0.05623504 

 

0.11663017 

 

0.13567523 

 
0.00235197 
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Table 3-5: In this table we compare additions of mutations and reversions selected by 

penicillins combined with β-Lactamase inhibitors and by cephalosporins. 

Alleles Penicillin inhibitors mutation ratio/ 

cephalosporins mutation ratio 

Selected by 

penicillin 

inhibitors 

Selected by 

cephalosporin 

p-values 

0000 0.58666667 0 1 0.05462507 

0001 3.14285714 1 0 0.06074901 

0010 0 0 1 0.00088684 

0100 1.01851852 1 0 0.48013079 

1000 4.4 1 0 0.04724857 

0110 2.85185185 1 0 0.16693965 

1001 0.61111111 0 1 0.09377666 

1111 0.58666667 0 1 0.05462507 

0011 2.33333333 1 0 0.08444878 

0101 0.6875 0 1 0.35327396 

1010 1.17333333 1 0 0.28210387 

1100 0.91666667 0 1 0.45195612 

0111 3.66666667 1 0 0.16697433 

1011 0 0 1 0.0834448 

1101 8.06666667 1 0 0.00081072 

1110 0.14102564 0 1 0.00212618 
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Table 3-6: In this table we compare selection of blaTEM-50 and blaTEM-85 variants by 

individual antibiotics for the addition of mutations and selection for reversion.  

 

 

 

Drugs blaTEM-85 Variant Alleles blaTEM-50 Variant Alleles 

 
reversions mutations p-value reversions mutations p-value 

AMC 11 4 0.01994896 10 6 0.5000 

AMP 9 5 0.11663017 0 0 0 

CAZ 7 18 0.00217539 6 3 0.384024 

CEC 9 6 0.19205145 9 3 0.12972 

CPD 7 17 0.00468334 6 7 0.067088 

CRO 9 11 0.29829027 8 7 0.16776 

CRP 11 12 0.39918831 14 3 0.006473 

CTT 5 15 0.00330953 9 5 0.430189 

CTX 7 18 0.00217539 4 6 0.052679 

CXM 3 4 0.34722436 9 5 0.430189 

FEP 8 14 0.05902722 5 6 0.09055 

FOX 0 1 0.16252637 4 0 0.021043 

SAM 12 10 0.30273779 10 2 0.023574 

TZP 13 11 0.30616648 6 3 0.384024 

ZOX 2 15 9.1772E-05 8 5 0.464757 
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Table 3-7: In this table we compare the selection of blaTEM-50 naturally occurring alleles 

and not yet identified alleles by individual antibiotics. 

Drugs p-values 

AMC 0.43033465 

AMP 0.37564925 

CAZ 0.24297808 

CEC 0.21917626 

CPD 0.27679163 

CRO 0.5 

CRP 0.41404656 

CTT 0.5 

CTX 0.43538746 

CXM 0.11883324 

FEP 0.04841008 

FOX 0.16714097 

SAM 0.42128642 

TZP 0.08215895 

ZOX 0.28938406 
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Table 3-8: In this table we compare between the number of mutations located in 

naturally occurring blaTEM-50 allele and the number of antibiotics to which the allele 

conferred resistance. 

Naturally Occurring Alleles Number drugs Number mutations 

1000 2 1 

0100 2 1 

0010 3 1 

0001 2 1 

1001 9 2 

0110 6 2 

1111 12 4 

Correlation coefficient 0.942663622 

R square 0.888614704 
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Table 3-9: In this table we compare between the number of mutations including not yet 

identified blaTEM-50 allele and the number of antibiotics to which the allele conferred 

resistance. 

Alleles Number drugs Number mutations 

1000 2 1 

0100 2 1 

0010 3 1 

0001 2 1 

1001 9 2 

0110 6 2 

0111 5 3 

1011 3 3 

1101 7 3 

1110 10 3 

1111 12 4 

Correlation coefficient 0.752819306 

R square 0.566736908 
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Table 3-10: Constructs containing all possible combinations of the four mutations found 

in blaTEM-50 and blaTEM-85. 
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0 0000 
No Mutations 

(TEM-1) 
1963 

Datta et 

al. 1965 

No mutations 

(TEM-1) 
1963 

Datta et 

al. 1965 

1 1000 
M69L 

(TEM-33) 
1999 

Goussard 

et al. 

1999 

L21F 

(TEM-117) 
1996 

Morris et 

al. 2003 

1 0100 
E104K 

(TEM-17) 
1996 

Rosenau 

et al. 

2000 

R164S 

(TEM-12) 
1990 

Gutmann 

et al. 

1988 

1 0010 
G238S 

(TEM-19) 
1990 

Mabilat 

et al. 

1999 

E240K 

(Not identified) 
  

1 0001 
N276D 

(TEM-84) 
  

T265M 

(Not identified) 
  

2 1100 

M69L 

E104K 

(Not 

identified) 

  

L21F 

R164S 

(TEM-53) 

1998 

Goussard 

et al. 

1999 

2 1010 

M69L 

G238S 

(Not 

identified) 

  

L21F 

E240K 

(Not identified) 

  

2 1001 

M69L 

N276D 

(TEM-35) 

1993 
Zhou et 

al. 1994 

L21F 

T265M 

(TEM-110) 

2007 

Aragon 

et al. 

2008 

2 0110 

E104K 

G238S 

(TEM-15) 

1990 

Mabilat 

et al. 

1999 

R164S 

E240K 

(TEM-10) 

1988 
Quinn et 

al. 1989 

2 0101 

E104K 

N276D 

(Not 

identified) 

  

R164S 

T265M 

(Not identified) 
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2 0011 

G238S 

N276D 

(Not 

identified) 

  

E240K 

T265M 

(Not identified) 

  

3 1110 

M69L 

E104K 

G238S 

(Not 

identified) 

  

L21F 

R164S 

E240K 

(TEM-102) 

1996 
Morris et 

al. 2003 

3 1101 

M69L 

E104K 

N276D 

(Not 

Identified) 

  

L21F 

R164S 

T265M 

(Not identified) 

  

3 1011 

M69L 

G238S 

N276D 

(Not 

identified) 

  

L21F 

E240K 

T265M 

(Not identified) 

  

3 0111 

E104K 

G238S 

N276D 

(Not 

identified) 

  

R164S 

E240K 

T265M 

(Not identified) 

  

4 1111 

M69L 

E104K 

G238S 

N276D 

(TEM-50) 

1997 
Sirot et 

al.1997 

L21F 

R164S 

E240K 

T265M 

(TEM-85) 

1998  
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Table 3-11: The antibiotics used to characterize adaptive landscapes.  While not a 

comprehensive listing of all β-lactam antibiotics, this set contains many heavily used 

antibiotics and provides good general coverage of β-lactams. 

Antibiotic FDA 

approval 

Antibiotic Group 

Ampicillin (AM) 1963 Penicillin 

Cefoxin (FOX) 1978 Cephalosporin 

Cefaclor (CEC) 1979 Cephalosporin 

Cefotaxime (CTX) 1981 Cephalosporin 

Ceftizoxime (ZOX) 1983 Cephalosporin 

Cefuroxime (CXM) 1983 Cephalosporin 

Ceftriaxone(CRO) 1984 Cephalosporin 

Amoxicillin +Clavulanic acid (AMC) 1984 Penicillin derivative + 

β-Lactamase inhibitor 

Ceftazidime (CAZ) 1985 Cephalosporin 

Cefotetan (CTT) 1985 Cephalosporin 

Ampicillin + Sulbactam (SAM) 1986 Penicillin derivative + 

β-Lactamase inhibitor 

Cefprozil (CPR) 1991 Cephalosporin 

Cefpodoxime (CPD) 1992 Cephalosporin 

Pipercillin + Tazobactam (TZP) 1993 Penicillin derivative + 

β-Lactamase inhibitor 

Cefepime(FEP) 1996 Cephalosporin 
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3.5 Discussion  

Our results suggest that as the number of mutations has increased throughout the 

course of evolution of TEM β-lactamases β-lactams have imposed a direct impact on the 

pleiotropic fitness costs of variant alleles of blaTEM-1 gene. Due to the fact that our initial 

hypothesis was that cefotaxime and ceftazidime were the primary selective agents 

responsible for the blaTEM-85 variants we observed on our results that the alleles that 

compose the pathways under these antibiotics are not only selected differently from the 

alleles outside these pathways but they are selected by other antibiotics besides 

Cefotaxime and Ceftazidime. We infer then such pathways are formed not only under the 

selection of the antibiotics where complete pathways were identified but rather under the 

selection of different antibiotics in the course of evolution of blaTEM-1 gene.   

Next we observed on our results that cephalosporins significantly selects for the 

mutations on the evolution of blaTEM-1 to  blaTEM-85 in comparison with the other two 

classes of antibiotics we employed in this study and as β-lactams in general. Therefore, 

we suggest that β-lactamases have evolved from penicillinases to cephalosporinases.  We 

also observed that even though there were no significant differences between the 

selections of blaTEM-50 variants by different categories of antibiotics we used, there was a 

significant difference between the selection of some alleles by penicillins combined with 

β-Lactamase inhibitors compared to the selection by cephalosporins. Our results 

demonstrated that of among these alleles three alleles out four were selected by 

cephalosporins and two were naturally occurring mutations.  This observation led us to 

ask the question of which individual antibiotics, if any was selecting for mutations rather 
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than reversions on the evolution of blaTEM-1 gene. Our results led us to conclude that 

cephalosporins not only as a category of antibiotic but also individually are selecting for 

the mutations on blaTEM-85  and blaTEM-50 variants evolution.  

We also observed that cefepime, a cephalosporins, is significantly selecting 

naturally occurring mutations in comparison to not yet identified mutation. Cefepime was 

first worldwide used in 1995 and FDA approved in 1996 (Table 3-11) while the majority 

of naturally occurring alleles were identified worldwide and in the US before this date 

(Table 3-10). We infer from these results that while many antibiotics, and our results led 

us to infer many cephalosporins, have contributed to the selection alleles that provided 

steps in the evolutionary trajectories from blaTEM-1 to blaTEM-85, cefepime might had been 

the antibiotic that selected for the missing links,  the naturally occurring alleles, in the 

evolutionary trajectories from blaTEM-1 to blaTEM-85.  

Finally, we asked whether selection was acting to create a generalist enzyme over 

one specialized for hydrolyzing any particular β-Lactam. We observed from our results 

that as number natural mutations accumulated in blaTEM-50 variant alleles the number of 

antibiotics selecting for these mutations also increased. However, when we consider all of 

blaTEM-50 variants, and not naturally occurring alleles, the correlation between the 

increasing in the number of mutations and the number of antibiotics selected by these 

mutations is lowered. We infer that this is due to the fact that the not yet identified 

alleles, in this case containing triple mutations were selected by a smaller number of 

antibiotics than their adjacent alleles containing double mutations. Even though the allele 

1110, not yet identified (containing the substitutions M69L/E104K/G238S), is selected 
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by more antibiotics than its adjacent naturally occurring allele 0110, blaTEM-15 (containing 

the substitutions E104K/G238S), the allele 1110 is not selected by two penicillin 

combined with inhibitors antibiotics, amoxillin with clavulanic acid and ampicillin with 

sulbactam as its predecessor and naturally occurring adjacent allele was, rather the allele 

1110 is selected by only one penicillin combined with inhibitors antibiotic pipercillin 

with tazobactam and this does not make  1110 a specialist in essence. Therefore, in 

general we observed that the decrease in the blaTEM-50 variant alleles’ fitness costs is 

accompanied by the increase in the number of mutations in the evolution of blaTEM-1 to 

blaTEM-50. Our results indicate that this decrease in fitness costs is due to the impact of β-

lactams on the selection of each variant allele. We infer that evolution of blaTEM-1 to 

blaTEM-50 is resulting in the increased complexity in resistance mechanisms where the 

fitness costs are lower when compared to the ancestor natural occurring adjacent alleles 

as mutations accumulate leading to the β-lactamases coded by variant alleles with a larger 

number of mutation than its adjacent allele to increase their ability to hydrolyze a larger 

range of β-lactams, evolving in this way from specialist enzymes to generalists. We also 

observed that even though blaTEM-50 is coding for enzymes that generalist rather than 

specialist there are more reversions than mutations decreasing the chance for complete 

evolutionary pathways under single drugs to form. 

Many treatments including restrictions on prescribing and antibiotic cycling \that 

have attempted to restore antibiotic susceptibility have failed. These approaches either 

removed antibiotics from use, or rotated the order in which antibiotics were prescribed.  
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These approaches assumed that resistance genes are accompanied by pleiotropic fitness 

costs when the strains expressing them are no longer exposed to antibiotics.   

However, not all resistance mechanisms are accompanied by pleiotropic fitness 

costs. For those that aren’t, there is an unintentional reliance on drift, the random 

fluctuation of gene frequencies, to remove resistance genes from bacterial populations. 

However, the bacterial population is too large to drift to take place in a sensible period of 

time.  Therefore, the frequency of resistance to commonly prescribed antibiotics such as 

β-lactams usually continues to increase even when the consumption of β-lactams 

decreases. Finally, we suggest that if it is of whether the knowledge of which category β-

lactam antibiotics, or which cephalosporin specifically such as cefepime have selected for 

different evolutionary trajectories or the knowledge that blaTEM-1 evolved from a 

specialist gene coding for β-lactamases capable of hydrolyzing only penicillins to blaTEM-

50 to a generalist gene coding for β-lactamases capable of hydrolyzing a large range of 

cephalosporins,  the knowledge of how β-lactams impact each blaTEM variant allele, can 

aid on the choice of which antibiotic to be applied in order to keep evolution in a cyclic 

fashion. 
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Chapter 4: Antibiotic Resistance Landscapes: A Quantification of Theory-Data 

Incompatibility for Fitness Landscapes 

4.1. Background 

The fitness landscape was introduced as a metaphor for adaptation. Informally, 

the surface of the landscape consists of genotypes, where similar genotypes are close to 

each other, and the fitness of a genotype is represented as a height coordinate. Adaptation 

can then be pictured as an uphill walk in the fitness landscape Wright (1931). It is 

frequently claimed that we know virtually nothing about fitness landscapes in nature. 

Scarcity of fitness measurements along with the difficulty in measuring fitness, are cited 

as reasons. The purpose of this work is to demonstrate that available records of drug 

resistance mutations can reveal interesting properties of the underlying fitness landscapes. 

We suggest qualitative tools that are easy to apply and interpret in order to learn 

properties of fitness landscapes from data. The setting we have in mind is a record of 

clinically found antimicrobial drug resistance mutations, where there is a well defined 

wild-type and several mutant variants with some degree of drug resistance. Other cases of 

adaptation could work as well. 

There are several advantages with mutation records as a source of information. 

The records are already available. The quantity of data is substantial and growing, and the 

quality tends to be high since the data is of medical importance. Moreover, the data 

reflects nature, whereas laboratory data sometimes disagree with clinical observations, 

see our discussion about the TEM-family below. However, the most important reason is 

that this data reflects adaptation. In contrast, many times empirical studies where fitness 
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is measured consider combinations of deleterious mutations. The majority of such 

combinations are probably exceedingly rare in nature. If one is interested in adaptation, 

one needs knowledge about beneficial mutations as well. For an overview of recent 

empirical work where fitness is measured, see e.g. Szendro et al. (2012); Weinreich et al. 

(2005); Carneiro and Hartl (2010) and references. Most existing studies concern few loci 

(4 or 5) and a specific selective environment. For studies with many loci, see e.g. Kouyos 

et al (2012); Schenk et al. (2012), and for a case where fitness ranks for the same 

genotypes are determined in several different selective environments, see Goulart et al. 

(2013). 

We apply our results to the TEM family of beta-lactamases associated with 

antibiotic resistance. TEM stands for Temoneira, the name of the patient from whom the 

enzyme was first isolated. TEM beta-lactamases have been found in Escherichia coli, 

Klebsiella pneumoniae and other gram-negative bacteria. TEM-1 is considered the wild-

type. The length of TEM-1 is 287, i.e., TEM-1 can be represented as a sequence of 287 

letters in the 20-letter alphabet corresponding to the amino acids. Over 170 TEM variants 

have been found clinically, where 41 are single mutants, i.e., they have exactly one amino 

acid substitution, and the majority (90 %) has at most 4 amino acid substitutions. We use 

the record of the TEM family from the Lahey Clinic 

http://www.lahey.org/Studies/temtable.asp. 

The quality of the TEM record (from now on we will simply refer to ”the TEM 

record”), is assumed to be high The TEM record represent a case of multiple 

environments, but probably not an excessive amount of completely different 
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environments. Several antibiotics have similar effects. We have good reason to believe 

that the TEM record is fairly complete, and that there is not an abundance of neutral 

mutations. 

As a complement, we use laboratory results (Goulart et al., 2013). Our study 

determines if TEM data is compatible with classical models of fitness landscapes. More 

precisely, we compare with additive, uncorrelated and block models of fitness landscapes. 

The NK model is also discussed. 

Throughout our article, our focus is to what extent beneficial mutations combine 

well. We start with a brief description of our approach in the context of the TEM family. 

Using standard notation, TEM-2 is a single mutant with the mutation Q39K, which 

means that the amino acid denoted ”Q” (glutamine) at position 39 of the wild-type is 

substituted by the amino acid denoted ”K” (lysine). TEM-174 is the single mutant 

A213V. One can ask if the double mutant with substitutions Q39K and A213V confer 

antibiotic resistance, since the double mutant combines two resistance mutations. 

However, the double mutant does not occur in the record. 

Roughly, we compare the candidates for double mutants, such as the one 

described, with double mutants that do occur in the record, and consider the patterns for 

how candidates occur of are absent in the record. This approach is motivated by an 

evolutionary perspective. Provided that the quality of a record of resistance mutations is 

good, most single mutants are more fit, i.e., confer more drug resistance than the wild-

type in same environment. Likewise, if a double mutant occur in a mutation record, it is 
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plausible that the double mutant is more fit than at least one of the corresponding single 

mutants in some environment. 

Put briefly, we consider if “good + good = better” for mutations. The goal is to 

capture the relation between fitness landscapes and mutation records. One reason for 

being interested in mutation records is that laboratory results do not always reflect 

clinical facts. A striking example is that the triple mutant of the TEM family with 

substitutions A42G, E104K, and G238S, confer a high degree of cefotaxime resistance 

according to laboratory results Weinreich et al. (2006), but this mutant has never been 

observed clinically. Examples where single mutants not found outside of the laboratory 

confer a high degree of cefotaxime resistance are given in Schenk et al. (2012). 

It may seem surprising qualitative information can be useful for analyzing fitness 

landscapes. However, we will show that predictions from some classical models relate 

well to qualitative information. Our approach could be useful for comparisons of 

empirical landscapes, and there is a potential for relating the information derived directly 

to recombination strategies.  

We define fitness as the expected reproductive success, and use the convention 

that the wild-type has fitness 1. Fitness is called additive if the fitness effects of mutations 

sum. Consider a biallelic two-loci system. Suppose that the genotype ab has fitness 1, the 

genotype Ab has fitness 1.03 and the genotype aB has fitness 1.01. If fitness is additive, 

then the genotype AB has fitness 1:04 = 1 + 0:01 + 0:03 (In the literature nonepistatic 

fitness is sometimes defined as multiplicative, so that the double mutant would have 

fitness 1.0403. If the fitness effects and the number of beneficial mutations are small, 
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there is not much difference between the definitions.) Values greater than 1.04 imply 

positive epistasis. Values smaller than 1.04 imply negative epistasis. 

Sign epistasis means that a particular mutation is beneficial or deleterious 

depending on genetic background. For example, if ab, Ab, aB and have fitness values as 

above (1, 1.03, 1.01), but AB has fitness 1.02, then there is sign epistasis. Indeed, in this 

case the mutation B is beneficial for the ab-genotype, and deleterious for the Ab-

genotype. 

The concept of a fitness landscapes has been formalized in different ways. A 

genotype may be represented as a string in the 20, 4 or 2 letter alphabet, depending on if 

one considers the amino acids, the base pairs or biallelic systems. Throughout the paper, 

we will consider amino acids. 

Let ∑ denote the 20 letter alphabet. The genotype space ∑
L
 consists of all 20

L
 

strings of length L. A fitness landscape ω: ∑
L
 7→ R assigns a fitness value to each 

genotype. The fitness of a genotype g is denoted wg. If two genotypes differ by a single 

mutation, they are mutational neighbors. 

 

Remark 1.1. 

Following the  Orr-Gillespie approach we assume that  the  wild-type has very  

high fitness also  in the  new  environment  as compared to a randomly generated 

genotype. Consequently, only a small number of mutations of the wild-type are 

beneficial. 
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The paper is structured as follows.  In Section 1.1 we briefly review classical 

models of fitness landscapes. Section 2 provides basic observations of the TEM record.  

Section 3 concerns additive and uncorrelated fitness and Section 4 block models. For all 

models, we compare with the TEM record, and in Section 5 a laboratory study of TEM 

alleles is used as a complement to the record. 

1.1. Classical models of fitness landscapes. Additive fitness landscapes, uncorrelated 

fitness landscapes, the block model and Kauffman’s NK model have had a broad 

influence in evolutionary biology.  We will give a brief overview of the four classical 

models. 

Additive fitness landscapes, or non-epistatic landscape, have been defined. An 

additive fitness landscape is single peaked. 

In contrast, for an uncorrelated (also called random, rugged or House of Cards 

[HOC]) fitness landscape, there is no correlation between the fitness of a genotype and 

the fit- ness of its mutational neighbors, i.e., alleles that differ by one substitution only. 

Consider an uncorrelated landscape where say 2% of the single mutants are more 

fit than the wild-type. It follows that for double mutants corresponding to two beneficial 

single mutations; approximately 2% are more fit than the wild-type as well.  In other 

words, beneficial mutations do usually not combine well for an uncorrelated fitness 

landscape by Remark 1.1. 

Uncorrelated fitness and additivity can be considered as two extremes with regard 

to the amount of structure in the fitness landscape, and most fitness landscape fall 
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between the extremes. Uncorrelated fitness has been studied extensively in the literature 

(see e.g. Kingman, 1978; Kauffman and Levin, 1987; Flyvberg and Lautrup, 1992; 

Rokyta et al., 2006; Park and Krug, 2008). 

For the  block  model  (see (Macken  and  Perelson,  1989; Orr,  2006, e.g.))   the  

string  representing a genotype can be subdivided into blocks, where  each block makes  

an in- dependent contribution to the fitness of the string.  Each block has uncorrelated 

fitness, and the fitness of the string is the sum of contributions from each block.  In 

particular, a block model consisting of only one block only is an uncorrelated fitness 

landscape. The rationale behind this model is that if two blocks have completely different 

functions, then the effect of two changes in different blocks should be independent. 

Kaufmann’s NK model (see e. g. Kauffman and Weinberger (1989)) is defined so 

that the epistatic effects are random, whereas the fitness of a genotype is the average of 

the “contributions” from each locus. 

More precisely, for the NK model the genotypes have length N (in our notation L 

= N), and the parameter K, where 0 ≤ K ≤ N − 1, reflects interactions between loci. The 

fitness contribution φi from the locus i is determined by its state gi and the states at K 

other loci i1, . . . , iK. The key assumption is that this contribution is assigned at random 

from some probability distribution. The fitness of a genotype g is the average of the 

contributions φi, so that 
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where i1, . . . , ik   ⊂ {1, . . . , i − 1, i + 1, . . . , N }. Several important properties of NK 

landscapes depend mainly on N and K, rather than  the exact structure of the epistatic 

interactions.  The fact that the fitness of the genotype is the average of these N 

contributions, means that fitness effects of non-interacting mutations sum.  Notice that 

the fitness landscapes is additive for K = 0 and uncorrelated for K = N − 1. The 

popularity of the NK model  rests on the model  is ”tunably rugged”. This expression 

means  that the ruggedness is expected to increase by K from the single peaked additive 

landscape for K = 0 to the uncorrelated landscape with  a maximal number of peaks  for 

K = N − 1. Published results on the NK model  of (potential) relevance to evolutionary 

biology concerns the number of peaks,  the length  of mutational trajectories, fitness 

distributions of genotypes and fitness trajectories. 

Notice that also the block model  includes additive landscapes and uncorrelated 

landscapes  as special cases.  More importantly, NK models and  block models are 

similar  in that  there is a sharp division between effects which  are completely random 

and  effects which are additive. One should keep in mind  that the block models and 

Kaufman’s NK model  are equipped with very special structures. In order to provide 

some intuition for how empirical landscapes relate to the models, we will consider 

examples.  

 

Example 1.2. 

 w000 =1,w001 = w010 = w001 =1.01,w011 =1.02,w101 = w11 =1.02,w111 =1.03
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For every loci, replacing 0 by 1 increases fitness by 0.01.  Fitness is additive and the 

genotype 111 is at a peak. 

 

Example 1.3. 

   

 

For every loci, replacing 0 by 1 increases fitness.  For the first locus the increase 

is 0.02, regardless of background. For the other loci, the magnitude of the difference 

depends on the background. For instance, the magnitude is 0.02 for the change from 0000 

to 0001, 0.01 for the change from 0001 to 0011, and 0.005 for the change from 0011 to 

0111. 

Fitness is obviously not additive in the second example, since the fitness of the 

double and triple mutants are below linear expectations based on the wild-type and  the 

single mutants.  The landscape deviates from expectations for an uncorrelated landscape 

as well, since replacing 0 by 1 always gives higher fitness.  It remains to consider the 

more general models. As for the block model, the first locus is independent. The 

remaining three loci interact with each other in a symmetric way.  Consequently, the 

natural candidates for blocks would be one block consisting of the first locus, and another 

w0000 = 1,w0001 = w0010 = w0100 = w0001 = 1.02,

w0011 = w0101 = w0110 = 1.03,w0111 = 1.035,

w1000 = 1.02,w1001 = w1010 = w1100 = 1.04,

w1011 = w1101 = w1110 = 1.05,w1111 = 1.55.
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block consisting of the remaining three loci. However, the second block deviates 

considerably from random expectations. Consequently, the block model is not a good fit. 

For the NK model, the independent fitness contribution for the first loci suggest 

that K = 0. However, the second locus depends on the third and the fourth loci, 

suggesting that K = 2. (Similar arguments for the third and the fourth loci, suggests that 

K = 2 as well.) Since the observations suggest different K -values, the NK model  does  

not seem ideal. 

 

Remark 1.4.  

The NK model allows different interactive patterns.  However, it is not expected 

that some loci are more or less independent, whereas other loci have considerable 

interactions. Some degree of symmetry is expected, reflecting the K value. 

Several other models for fitness landscapes have been suggested, including 

neutral models, see Szendro et al. (2012) for an empirical perspective.  For some 

approaches to fitness landscapes not related to the models mentioned, see the geometric 

theory of gene interactions Beerenwinkel et al. (2007b); Crona (2013), and the Orr-

Gillespie theory Orr (2002). Notice also that fitness landscapes have been used in 

chemistry, physics and computer science, in addition to evolutionary biology.   In 

combinatorial optimization the fitness function is referred to as the cost function.  For a 

survey on combinatorial landscapes in general see Reidys and Stadler (2002). 
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4.2. The Qualitative Measure of Additivity and the TEM Record 

Throughout the paper, we focus on single and double mutants in a record. The 

motivation is trivial. If a single mutant has high fitness, it is likely to be found in nature. 

However, if a k-tuple mutant is very fit for some large k, the mutant may never be found 

because of the time span necessary before the substitutions have accumulated. Single and 

double mutants are likely to appear relatively early in the process of adaptation. Roughly, 

we are interested in the proportion of beneficial mutations among all possible single 

mutations, as well as to what extent beneficial mutations combine well.  The information 

we consider is coarse, and a record of mutation will rarely be perfect. 

As indicated, we  will  work  with  words  in the  20 letter  alphabet where  there  

is a well-defined wild-type. A single mutant is a genotype resulting from one amino acid 

substitution. However, the amino acid substitutions are not comparable to substitutions of 

letters in a string.   Not every amino acid substitution can occur as the result of a single 

point mutation. For instance, suppose that the amino acid is Valine at a particular locus,  

and  that  the codon  is GTT. Then one can obtain exactly 6 single mutants at the locus 

corresponding to A, D, F, G, I, L (or Alanine, Aspartic acid, Phenylalanine, Glycine 

Isoleucine, Leucine).  On the other hand, one can obtain exactly 8 single mutants (A, D, 

E, F, G, I, L, M) starting from Valine (the codons for Valine are GTT, GTC, GTA, GTG). 

In general, the number of single mutants one can obtain varies depending on 

amino acid. Moreover, in some cases, such as for Valine, the number depends on if one 

considers a particular codon for the amino acid or all possible codons. 
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To make matters more complicated, the wild-type allele under consideration may 

be unique in terms of amino acids, but not in terms of codons.  For a precise analysis, one 

may want to consider codon variations in the wild-type allele.  However, for our purposes 

it is sufficient to consider amino acids. 

We assume that there are approximately 7 possible single point mutations for a 

given locus, so that if the wild-type has length N, there are 6N mutational neighbors. For 

the reader’s convenience, we included a table of possible single mutants (see Section 7). 

 

Remark 2.1. Throughout the paper, we assume a genotype of length N has 6N mutational 

neighbors. 

We are interested in the proportion of beneficial mutations among all possible 

mutations.  By Remark 1.1, the proportion of beneficial mutations is expected to be 

small.  For the TEM record N = 287 and there are 47 single mutants in the record.  

Consequently, 

   

Another interesting property of a fitness landscape is how beneficial mutations 

combine. More precisely, consider a double mutant which combines two beneficial single 

mutations. If the double mutant is less fit than both single mutants, then the double 

mutant would most likely not appear in the record. The qualitative measure of additivity 

is motivated by this observation. More precisely, we will use the following definition. 

sR

6N
=

6

6 ×287
= 2.67%
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Definition 2.2. Let Bp be the set consisting of all double mutants such that both 

corresponding single mutations are beneficial. The set B ⊂ Bp consists of all double 

mutants in Bp which are more fit than at least one of the corresponding single mutants. 

The qualitative measure of additivity for a fitness landscape is the ratio  
   

    
. 

Consider the single mutations in a record and the corresponding double mutants. 

Whenever two single mutants at different sites occur in the record, the corresponding 

double mutant is considered a candidate for a double mutant of high fitness. Let Bp be 

the set of candidates for double mutants. Let B ⊂ Bp be the set of double mutants in the 

record among the candidates. Loosely speaking, one can consider  the observed 

qualitative measure of additivity. Under ideal circumstances, the ratios and  are 

approximately the same, at least in for antimicrobial resistance mutations in the context 

we consider. We assume that the adaptation, or the resistance development, will take 

place repeatedly at different geographic locations. If a double mutant is more fit than at 

least one of the single mutants, the double mutant should occur sooner or later. 

If fitness is additive, then  
   

    
  , and for uncorrelated fitness one expects the 

value be close to 0 by Remark 1.1. Of course the measure is coarse. However, it is 

valuable to have a simple method for comparing fitness landscapes in different contexts. 

B̂

B̂P

B̂

B̂P

B

BP
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Whenever fitness is measured, one can determine 
   

    
 , and for any record one can 

determine . Notice that one expects the qualitative measure to decrease by increasing 

block size for the block model, as well as by increasing K for the NK model. 

For some background, a measure of additivity which reflects quantitative fitness 

differences is called “roughness” (Carneiro and Hartl, 2010; Aita et al., 2001). Roughness 

0 implies that the landscape is additive. A problem with roughness is a possible size bias, 

i.e., all else equal, the roughness may be greater for a large number of loci. The 

qualitative measure of additivity does not have any size bias. 

Analyzing epistasis is closely related to analyzing additivity. For a thorough 

discussion about different measures of epistasis and empirical fitness landscapes, see 

Szendro et al. (2012). The most fine-scaled approach to epistasis is the geometric theory 

of gene interactions, which uses triangulations of polytopes (Beerenwinkel et al., 

2007b,c; Crona, 2013). 

We will consider the 
   

    
 value for the TEM record. The record has 46 single 

mutants. The substitutions are at position 69 for 3 single mutants, at position 164 for 3 

single mutants, at position 244 for 5 single mutants and at position 275 for 2 single 

mutants. Each remaining single mutant has its mutation at a unique position. 

 

 

B̂

B̂P
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It follows that the number of candidates are 

 

46

2

æ
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ø÷
-

3

2
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-

3

2

æ

èç
ö

ø÷
-

5

2

æ

èç
ö

ø÷
-

2

2

æ

èç
ö

ø÷
= 1018

  

 

The record has 35 double mutants in the set B (see Table 1 for a list of the double 

mutants in the set B). Consequently, 

B̂

B̂P
=

35

1018
= 3.43% 

We summarize the results for the TEM record in the following observation. 

 

Observation 1. For the TEM record, 

(1) the proportion of beneficial single mutations is 2.67%, 

(2) The ratio 
B̂

B̂P
=

35

1018
= 3.43%. Consequently, 3:43% is an estimate of the qualitative 

measure of additivity
   

    
. 
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4.3. Records of Mutations, Additive Fitness and Uncorrelated Fitness 

Consider a record of drug resistance mutations. We first consider conditions ideal 

for our purposes. Then we discuss the consequences of relaxing some of the conditions. 

3.1. The perfect record conditions. Assume that we have a well-defined wild-type and 

several mutant variants associated with drug resistance. Assume that the records of drug 

resistance mutations satisfy the following conditions. 

(1) The organism adapts to a single environment. [single environment condition] 

(2) The record is complete with respect to single and double mutants in the sense that 

(a) All single mutants which are fit than the wild-type occur in the record,  

(b) All double mutants which are fit than both corresponding single mutants occur 

in the record. [completeness condition] 

(3) Every single and double mutant in the record is a result of adaption. In particular, the 

single mutants are the result of beneficial mutations. [Absence of neutral mutations 

condition] 

 

Remark 3.1. Assume that a record satisfies the perfect record conditions, as described. 

(i) If
B̂

B̂P
<1, then the fitness landscape is not additive 
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 (ii) Suppose that there are SR single mutants in the record. If the fitness landscape is 

uncorrelated, then one expects  to equal
sR

9L
  under the (simplified) assumption that a 

genotype has 6N mutational neighbors. 

The first claim is obvious. Fitness being uncorrelated, approximately sR of double 

mutants are more fit than the wild-type. If one restricts to the category of double mutants 

where both corresponding single mutants are more fit than the wild-type, the proportion 

is  as well. Fitness being uncorrelated, one third of the double mutants in this 

category are expected to be less fit than both single mutants. Indeed, there are three 

possible fitness ranks, and the double mutant is as likely to have the lowest fitness as any 

other rank. The resulting proportion is 

 
2

3
×
sR

6L
=
sR

9L
  

which explains the second claim in the remark. 

 

3.2. Relaxing the perfect record assumptions. The TEM family has adapted to different 

selective environments, since antibiotics have different effects, so that the single 

environment condition is not satisfied. First we relax the single environment condition for 

a record. 

B̂

B̂P

sR

9L
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Multiple environments and additive landscapes. In contrast to the single environment 

case, even if the fitness landscape associated with each drug is additive the  -value 

may be lower than 1. The reason is that if two different single mutants are adapted to 

different environment, then a combination of the two corresponding mutations may not 

be fit in any environment. As an illustration, consider the following examples with 

additive landscapes. 

 

Example 3.2. Consider two different environments and 50 single resistance mutations, 

where 25 mutants are adapted to each one of two environments. Assume that the fitness 

landscapes associated with both environments are additive. Moreover, assume that two 

mutations that constitute adaptations to different environments never combine well, so 

that the corresponding double mutants do not occur in the record. Then 

 

 

B

Bp
=

25

2

æ

èç
ö

ø÷
+

25

2

æ

èç
ö

ø÷

50

2

æ

èç
ö

ø÷

= 0.49.

  

Consider exactly the same situation with 50 single mutants but instead 10 

different environments, where 5 single mutants are adapted to each different 

environment.  Then  

   

B̂

B̂P
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B

Bp
=

10 ×
5

2

æ

èç
ö

ø÷

50

2

æ

èç
ö

ø÷

= 0.082.   We conclude that in the case of multiple environments 

the - value may be low even if each fitness landscape is additive. 

The case described, where mutations that are beneficial in different environments 

never combine well is probably not realistic.  However, it is clear that multiple 

environments may lead to a lower -value. 

Multiple environments and uncorrelated landscapes. Consider a situation with multiple 

environments where the fitness landscape associated with each environment is 

uncorrelated.   For simplicity, we assume that there are not an excessive amount of 

different environments. By assumption, very few single and double mutants should be 

more fit than the wild-type in any particular single environment. Multiple environments 

imply more chance for a mutant to be fit in at least one environment. However, fitness 

being uncorrelated, that effect is exactly the same for single and double mutants. 

Double mutants will be more fit than the wild-type in any of the different 

environments, so that the  -value will be very low also in the case of multiple 

environments. In other words, unless the  -value is very small, we can rule out that all 

landscapes are uncorrelated fitness landscapes.  (Multiple environments may lead to more 

B

Bp

B

Bp

B

Bp

B

Bp
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beneficial mutations. However, there is no difference between single and double mutants 

in that respect, so that the  -value should not be influenced.) 

Incomplete records. Missing single mutants in the record will normally have little effect, 

since  concerns only single mutants in the record and associated double mutants, by 

definition.  However, missing double mutants will make the 
B̂

B̂p
 -value smaller as 

compared to the result for a more. Consequently, incompleteness may lead to and 

underestimate of . 

Neutral mutations. An abundance of neutral mutations will make the  -value difficult 

to interpret. 

 

Remark 3.3. An abundance of neutral mutations make the record difficult to interpret. In 

the case of multiple environments or incomplete records, Observation 2 (i) holds, but not 

2 (ii). 

The TEM record represents a case of multiple environments, but probably not an 

excessive amount of completely different environments. We have good reason to believe 

B

Bp

B̂

B̂P

B

Bp

B̂

B̂P
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that the record is fairly complete, and that there is not an abundance of neutral mutations 

in the record. 

For the TEM-record 
B̂

B̂P
=

35

1018
= 3.43%, from Observation 1, and 

 

sR

9L
=

46

9 ×287
= 1.78%

  

 

Observation 2. 

(i) Under the perfect record assumptions, the TEM landscape is not compatible with 

additive or uncorrelated fitness landscapes. 

(ii) The TEM record is not compatible with uncorrelated fitness landscapes under realistic 

assumptions for the TEM record. 

(iii) The TEM record combined with knowledge of the context, suggest that fitness is not 

additive for the TEM family. 

Part (iii) rests on the fact that there does not exist an excessive amount of completely 

different environments for the TEM family. It would be remarkable with 
B̂

B̂P
= 3% if all 

the fitness landscapes associated with individual drugs were additive. 

The TEM record has in total 46 double mutants, where 35 are included in the set 

B̂ .  We conclude the section with some remarks about the remaining double mutants (see 
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Section 7 for a list of them, and Table 2 of the same section for a list of the double 

mutants in B̂ ). For the double mutant TEM-164, none of the single substitutions 

correspond to single mutants in the record.   For the other 9 double mutants, exactly one 

of the substitutions corresponds to a single mutant.  The most likely reason for a double 

mutant in Bp  not to be included in B  is sign epistasis. Specifically, the single mutation 

not in the record is selected for only if the other single mutation has already occurred. In 

such a case, the sign of the effect (positive or negative) of the second mutation depends 

on background (the effect is negative for the wild-type and positive if the first mutation 

has occurred).  Constraints for orders in which mutations accumulate are known from 

different contexts  (see e.g. Desper et al., 1999; Beerenwinkel et al., 2007a), including 

HIV drug resistance. 

 

4.4. Records of Mutations, Block Models and Position Graphs 

If fitness is neither additive nor uncorrelated, then one may consider more general 

models. We will discuss block model with focus on how single beneficial mutations 

combine. However, in this context one has to consider the structure for how beneficial 

mutations combine, not only the proportion of good combinations. For simplicity, we will 

discuss loci rather than amino acid substitutions. The position graph is intended to display 

the structure of the combinations. 
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Definition 4.1. For a record of mutations, each node of the position graph corresponds to 

a locus associated with a single mutant in the record. An edge between two nodes 

indicates that a double mutant occurs in the record, such that the two mutations 

correspond to the nodes. 

Notice that the position graph reflects the sites but ignores the actual amino acid 

substitutions (such as if the substitution is glutamine or lysine, or if both of them occurs 

at the site). Single mutants with substitutions at the same site may of course differ in how 

well they combine with other mutation. One may want to look at more-fine scaled 

information and distinguish between different substitutions at the same site. However, for 

simplicity, we ignore this complication. 

Figure 4-1 shows the position graph for the TEM family, except that nodes of 

degree zero are omitted. 

 

Remark 4.2. The position graphs consider loci, but not the amino acid substitution. One 

may want to look at more-fine scaled information and distinguish between different 

substitutions at the same site. 
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Figure 4-1: The position graph for the TEM-family, where we have omitted the 21 

nodes of degree 0. 
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Recall that the degree of a node is the number of edges to other nodes. The 

complement G of a graph G is a graph on the same nodes, where a pair of nodes are 

connected by an edge exactly if the pair is not connected by an edge for G. For a 

complete bipartite graph, the nodes can be partitioned into two subsets, such that every 

pair of nodes from different subsets is connected by an edge, and there are no other 

edges. 

The following observation is elementary by Remark 1.1. 

 

Recall that the degree of a node is the number of edges to other nodes.  The 

complement G  of a graph G  is a graph on the same nodes, where a pair of nodes is 

connected by an edge exactly if the pair is not connected by an edge for G .  For a 

complete bipartite graph, the nodes can be partitioned into two subsets, such that every 

pair of nodes from different subsets is connected by an edge, and there are no other 

edges. 

The following observation is elementary by Remark 1.1. 

 

Remark 4.3. Assume the block model  (with at least two blocks).  Let G denote the 

position graph. Consider G  and the complement G . Under the perfect record 

assumptions, the nodes of G  have degree one or more.  Moreover, by Remark 1.1, the 

following statements hold modulo a few errors: 
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(1) For the case of two blocks, G is a complete bipartite graph. It follows that G  is a 

disconnected graph with two components, both of which are complete. 

(2) In general, for l  blocks, G  is a disconnected graph with l  components, all of which 

are complete. 

For the TEM record, the single mutants correspond to substitutions at exactly 37 

positions. Exactly 21 nodes out of the 37 have degree zero. The position graph has 37 

nodes and 25 edges. 

Consider the block model  (for at least two blocks).   The following observations 

are potentially problematic for a block model. 

(1) There is an abundance of nodes of degree zero (21 out of 37), (2) the total number of 

edges is (only) 25 and there are 37 nodes.  (3) The maximal degree for nodes is 8, 

(4) G  has several triangles, in particular a triangle consisting of the three nodes of 

highest degree out of all nodes of G . 

Under the perfect record assumptions, the block model implies that the degree of 

each node is at least one (provided that the nodes are distributed over at least two blocks). 

For the case of two blocks, the number of edges is between 36 and 18 × 19 = 342, 

where the minimum corresponds to the distribution 1 and 36 nodes per block, and the 

maximum corresponds to the distribution of 18 and 19 nodes per block. In the first case, 

one node should have degree 36. However, the maximal degree of nodes in the position 
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graph (Figure 4-1) is 8. It is clear that the position graph has too few edges for similar 

block lengths, and too low maximal degree for unequal block length. 

For more than two blocks, even more edges are expected leading to similar 

problems. Clearly the block model is not compatible with the data under the perfect 

record conditions. 

Consider the case of exactly two blocks in a more realistic situation. Then the 

position graphs should have essentially no triangles by Remark 1.1. This is because at 

least two of the nodes in a triangle are on the same block. (Moreover, for two blocks a 

reasonable guess would be that the three nodes of highest degree (39, 69, 164) are on the 

same block [the shorter one]. If so, it is unexpected with a triangle consisting of the three 

nodes.) 

It remains to consider the single record condition and consider more than two 

blocks. In that case, let us analyze the fact that there are relatively few edges.  21 out of 

37 nodes have degree zero, and in fact one can find a set of 31 nodes  (including the 21 

nodes) in the position graph, such that no pairs in the set are neighbors. That implies that 

among 31 nodes one cannot find a single pair of nodes on different blocks, such that both 

of them have high fitness in the same environment. 

This is of course possible, especially taken into account that the record may be 

incomplete.  However, from knowledge of the context, it does not seem plausible. The 

number of completely different environments is limited. 
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Observation 3. From the TEM record and some knowledge of the context, the block 

model is probably not a good fit for the TEM family. 

 

4.5. A Laboratory Study of TEM Alleles 

 We will compare the results from the TEM record with a laboratory study.  The 

ad- vantage with the laboratory study is that one can use drug specific information, which 

takes care of the difficulties resulting from multiple environments. 

The study Goulart et al. (2013) considered the  antibiotics Ampicillin (AMP),  

Ceftazidime  (CAZ)  Cefpodoxime (CPD),  Cefprozil (CRP), Cefotetan (CTT), 

Cefotaxime (CTX), Cefepime (FEP) and Pipercillin/tazobactam penicillin/inhibitor 

(TZP). Fitness ranks  were determined for the 4 single mutants L21F, R164S, T265M, 

and E240K. as well as the 6 double mutants than  can be obtained from them, for each of 

the 8 antibiotics. 

  In particular, for the drug Ceftazidime (CAZ), 4 single mutants were more fit than 

the wild-type, so that one can obtain  6 double mutants from the single mutants. Out of 

the 6 double mutants for Ceftazidime, 5 double mutants were more fit than  at least one of 

the single mutants, and one double mutant (the combination of R164S and E240K) was 

more fit than  both corresponding single mutants. 

For the 9 antibiotics, we list the number of single mutants with higher fitness than 

the wild-type. and below the  -value. 
B

Bp
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4, 4, 2, 2, 2, 2, 2, 2, 2 

5/6, 1/3, 1, 1, 1, 1, 0, 0, 0 

The mean value is 0.57. Obviously the data deviates considerably from additive fitness as 

well as uncorrelated fitness. 

For a comparison, combinations of 5 beneficial mutations from an experimental 

Escherichia coli population were considered in Khan (2011). Negative epistasis 

dominated, but  sign  epistasis was  rare.  Consider the 10 double mutants combining 

pairs  of the 5 beneficial  mutations.  Every  double mutant had  higher fitness  than  at 

least  one  of its corresponding single mutant, so that 
B

Bp
=

10

10
= 1 . 

As for the block model, with  very  few exceptions, the double mutants in B 

should be more fit than  both single mutants, or less fit than  both corresponding single 

mutants, by Remark  1.1. For the 9 drugs,  one can form in total 19 double mutants. 5 of 

them  are more fit than  both corresponding single mutants, 6 of them  are more fit than  

exactly one corresponding single mutants, and 8 of them  are less fit than  both 

corresponding single mutants. This observation indicates that  the block model  does not 

apply. Notice  also that  the most  plausible block distribution of nodes  differ from drug  

to drug  (for some drugs  node  21 and 265 should be on the same block, and for other 

drugs  not). 
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Observation 4. Neither additive fitness, uncorrelated fitness,  nor  the block model  is 

compatible with data  from the laboratory study Goulart et al. (2013). 

 

4.6. Discussion 

We have compared expectations from additive, uncorrelated, and block models of 

fitness landscapes with empirical data.  We argue that the TEM family of β-lactamases is 

not compatible with the three models. Under the simplified assumptions of a complete 

record  and a single environment, we found that the TEM data  was not compatible with 

anyone of the three models. Under more realistic assumptions for the TEM family,  the 

data was not compatible with uncorrelated fitness.  Similarly, using the record and some 

knowledge of the biological context, it seems plausible that neither the additive nor the 

block model is a good fit.  Our conclusions for the three models were  confirmed by a 

laboratory study of TEM alleles.  We did not compared the TEM family  and  the  NK 

model.  However, the symmetry aspect (see Remark 1.4) could be problematic. 

The literature on additive, uncorrelated block and NK models literature is 

extensive. Some approaches in the field have  been  motivated by theoretical 

considerations, such as relating epistasis to the number of peaks  of a fitness  landscape. 

The purpose of our study was not to debate the value of the classical models. We 

appreciate that toy models can be used  for generating fruitful hypotheses, which  can be 

tested empirically. As for additive and uncorrelated fitness, the extremes will always be 

of interest as a theoretical starting point. 
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However, the classical models have  been  used  for interpretations of empirical 

data  as well.  A standard assumption for several topics  in evolutionary biology  and  

breeding is additive (or multiplicative) fitness, in particular for studies of fitness 

inheritance and  sexual  selection  (e.g. Kokko  et al, 2003). Statistical methods that  are 

suitable for uncorrelated fitness  landscapes have  been  used  in empirical studies (see 

e.g. Crona  et al., 2013b, for a discussion), and the NK model  is frequently used  in 

empirical contexts.  From this perspective, it is reasonable to discuss to what  extent  the 

classical models are realistic. 

We have suggested elementary tools, including the qualitative measure of 

additivity and  the position graph, for comparing models and  data.   Our approach 

demonstrates that one can determine properties of fitness landscapes from a record  of 

mutations. The ideal setting  is a single  environment.  It would be of interest to compare 

the  qualitative measure of additivity with  observed behavior for microbes,  such as 

recombination strategies. The position graph can be used  as a test of modularity. 

We consider it an advantage that our approach does  not  depend on any  

structural assumptions of the  underlying fitness  landscapes.  Any case of adaptation 

where  one has a well-defined wild-type and some direct or indirect method for 

determining fitness ranks  of genotypes works. 

Qualitative information has its limitations.  The ideal information for determining 

properties of fitness landscapes is of course  direct  fitness  measurements.  For obvious 

reasons such information is sometimes difficult, if even possible, to derive. Moreover, 

laboratory results do not always agree with clinical findings. Consequently, direct 
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methods for interpretations of nature are of interest  as a complement to experimental 

results. 

 

4.7. Statistics and Tables 

We use information from the record of the TEM family from the Lahey Clinic 

http://www.lahey.org/Studies/temtable.asp as of April  2012 for this study.  All mutants 

have been found clinically.  The record  is continuously updated with  new mutants. 

The following loci, in total 37, correspond to single mutations: 

21, 28, 34, 39, 68, 69, 84, 92, 104, 115, 

120, 124, 130, 145, 155, 157, 158, 163, 164, 176, 

182, 184, 189, 204, 213, 218, 224, 230, 238, 240, 

244, 265, 271, 275, 276, 280, 283 

Exactly 4 loci, out of the 37 listed above, correspond to more than one 

substitution (see Table 4-1). 
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Table 4-1: Loci with more than one substitution. 

Locus # of substitutions Alleles 

69: 3 TEM–33, TEM-34, TEM-40 

164: 3 TEM–12, TEM-29, TEM-143 

244: 5 TEM-30, TEM-31, TEM-51, TEM-54, TEM-79 

275: 2 TEM-103, TEM-122 
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4.7.1. Double mutants and the position graph. 

The total number of double mutants in the record is 45, where 35 combine single 

mutations from the record (see the table). The remaining 10 mutants are as follows: 

TEM-58, TEM-81, TEM-112, TEM-126, TEM-137, TEM-145, TEM-146, TEM-163, 

TEM-164, and TEM-169. 

Information about double mutants in the record are expressed in the position 

graph (see Fig. 1). Recall that for the position graph a node corresponds to a locus with a 

single mutation. An edge denotes that there exists at least one double mutant which 

combines the substitutions at the two loci. The position graph has 37 nodes and 24 edges. 

The following (21) nodes of the position graph have degree zero. 

28, 34, 68, 92, 115, 120, 124, 145, 155, 157, 158, 163, 176, 189, 204, 213, 218, 

230, 271, 280, 283 

The degree of the remaining (16) nodes are listed by locus (locus: degree). 

21 : 3,  39 : 6, 69 : 7, 84 : 1, 104 : 3, 130 : 1,  164 : 8, 182 : 3, 184 : 1, 238 : 4,  

224 : 1, 240 : 3, 244 : 2, 265 : 3, 275 : 1, 276 : 1 
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Table 4-2: Single mutants of the record. 

1 TEM-2 Q39K 

2 TEM-12 R164S 

3 TEM-17 E104K 

4 TEM-19 G238S 

5 TEM-29 R164H 

6 TEM-30 R244S 

7 TEM-31 R244C 

8 TEM-33 M69L 

9 TEM-34 M69V 

10 TEM-40 M69I 

11 TEM-51 R244H 

12 TEM-54 R244L 

13 TEM-55 G218E 

14 TEM-57 G92D 

15 TEM-70 R204Q 

16 TEM-76 S130G 

17 TEM-79 R244G 

18 TEM-84 N276D 

19 TEM-90 D115G 

20 TEM-95 P145A 

21 TEM-96 D163G 

22 TEM-103 R275L 

23 TEM-104 A280V 

24 TEM-105 S124N 

25 TEM-117 L21F 

26 TEM-122 R275Q 

27 TEM-127 H158N 
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28 TEM-128 D157E 

29 TEM-135 M182T 

30 TEM-141 K34E 

31 TEM-143 R164C 

32 TEM-148 T189K 

33 TEM-150 E28D 

34 TEM-156 M155I 

35 TEM-166 R120G 

36 TEM-168 T265M 

37 TEM-170 G283C 

38 TEM-171 V84I 

39 TEM-174 A213V 

40 TEM-176 A224V 

41 TEM-181 A184V 

42 TEM-183 F230L 

43 TEM-186 D176N 

44 TEM-191 E240K 

45 TEM-192 M68I 

46 TEM-198 T271I 
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Table 4-3: The double mutants of the record which combine single mutations of the 

record. 

1 TEM-6: E104K R164H 

2 TEM-7: Q39K R164S 

3 TEM-10: R164S E240K 

4 TEM-11: Q39K R164H 

5 TEM-13: Q39K 265M 

6 TEM-15: E104K G238S 

7 TEM-18: Q39K E104K 

8 TEM-20: M182T G238S 

9 TEM-26: E104K R164S 

10 TEM-28: R164H E240K 

11 TEM-32: M69I M182T 

12 TEM-35: M69L N276D 

13 TEM-36: M69V N276D 

14 TEM-37: M69I N276D 

15 TEM-38: M69V R275L 

16 TEM-44: Q39K R244S 

17 TEM-45: M69L R275Q 

18 TEM-53: L21F R164S 

19 TEM-59: Q39K S130G 

20 TEM-65: Q39K R244C 

21 TEM-71: G238S E240K 

22 TEM-77: M69L R244S 

23 TEM-82: M69V R275Q 

24 TEM-106: E104K M182T 

25 TEM-110: L21F T265M 

26 TEM-115: L21F R164H 

27 TEM-116: V84I A184V 

28 TEM-118: R164H T265M 

29 TEM-120: L21F G238S 

30 TEM-144: R164C E240K 

31 TEM-147: R164H A224V 

32 TEM-154: M69L R164S 

33 TEM-160: Q39K M69V 

34 TEM-165: R164S M182T 

35 TEM-189: M69L E240K 
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Ceftazidime 

w(L21F ), w(R164S), w(E240K ), w(T 265M ) > w(TEM-1) 

w({R164S, E240K }) > w(R164S), w(E240K ) 

w({L21F, R164S}) > w(L21F ) 

w({L21F, T 265M }) > w(T 265M ) 

w({R164S, T 265M }) > w(T 265M ) 

w({E240K, T 265M }) > w(T 265M ) 

Cefotaxime 

w(L21F ), w(R164S), w(E240K ), w(T 265M ) > w(TEM-1) 

w({R164S, E240K }) > w(R164S), w(E240K ) 

w({L21F, R164S}) > w(L21F ) 

Pipercillin/tazobactam penicillin/inhibitor: 

w(L21F ), w(T 265L) > w(TEM-1) 

w({L21F, T 265M }) > w(L21F ), w(T 265M ) 

Cefpodoxime: 

w(R164S), w(E240K ) > w(TEM-1) 

w({R164S, E240K }) > w(E240K ), w(R164S) 
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Cefotetan: 

w(R164S), w(E240) > w(TEM-1) 

w({R164S, E240K }) > w(R164S), w(E240) 

Cefprozil: 

w(L21F ), w(T 265M ) > w(TEM-1) 

w({L21F, T 265M }) > w(L21F ) 

Ampicillin: 

w(L21F ), w(T 265M ) > w(TEM-1)  

No double mutants to list.  

Cefepime: 

w(L21F ), w(R164S) > w(TEM-1) 

No double mutants to list.  

Amoxillin + Clavulanate: 

w(L21F ), w(T 265M ) > w(TEM-1) 

No double mutants to list. 
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Amino acids and possible substitutions 

R: C, G, H, I, K, L, M, P, Q, S, T, W  

S: A, C, F, G, I, L, N, P, T, Y, W 

L: F, H, I, M, P, Q, R, S, V, W 

I: F, K, L, M, N, R, S, T, V 

G: A, C, D, E, R, S, V, W  

T: A, I, K, M, N, P, R, S  

Q: D, E, H, K, L, N, P, R  

V: A, D, E, F, G, I, L, M  

A: D, E, G, P, S, T, V 

P: A, H, L, Q, R, S, T  

D: A, E, G, H, N, V, Y  

H: D, L, N, P, Q, R, Y  

K: E, I, M, N, Q, R, T  

N: D, H, I, K, S, T, Y  

E: A, D, G, K, Q, V 

F: C, L, I, S, V, Y  

M: I, K, L, R, T, V  

Y: C, D, F, H, N, S  

C: F, G, R, S, W, Y  

W: C, G, L, R, S 
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Discussion 

In this study we have developed a predictive and clinically applicable model 

which explains the mechanism of the rise and spread of resistance. We tested the 

hypothesis that the analysis and modeling of evolving clinical relevant mutations will 

allow us to understand and predict the evolution of bacterial resistance. We used disc 

diffusion susceptibility tests to analyze the phenotype of naturally found resistance genes 

and alternative mutations. We propose an empirical therapy model to reverse the β-

lactamase-mediated resistance in bacterial population. We formulated a model in which 

we explained the rise and spread of the evolutionary pattern of resistance in blaTEM 

variant alleles.  

In order to define the adaptive pathways we assumed a model of strong selection, 

weak mutation (SSWM) as previously described in the literature (Arjan et al., 1999). A 

mutation is kept in a population if it is beneficial to increase the organism evolutionary 

fitness; the chance for the bacteria to increase the number of surviving offspring. In this 

case, the mutation is depicted as a fitness peak in the adaptive pathway where the height 

of these peaks depends upon the impact that these mutations have on the fitness of the 

organism. We verified evolutionary pathways from blaTEM -1 to blaTEM-85 using the 

evolutionary pathways identified in the 15 antibiotics landscapes. When the results from 

the 15 different landscapes were simultaneously considered, we identified 5589 

trajectories between blaTEM-1 and blaTEM-50. When all landscapes were simultaneously 

considered, which is appropriate under circumstances of fluctuating selection, we found 

15,716 pathways between blaTEM-1 and blaTEM-85. Our results also indicate that abundant 
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sign epistasis exists for the TEM resistance determinants and that it provides a means for 

sustainably renewing the usefulness of β-lactam antibiotics once resistance to them has 

evolved. The evolution of antibiotic resistance takes places due to the interaction of two 

mechanisms: recombination and fluctuation of environment to achieve maximum 

selection of advantageous amino acid substitutions. We can conclude from this the fact 

that the availability of pathways due to fluctuation of environment can lead blaTEM 

variants to evolve into TEM-50 or TEM-85, or to any more complex resistance 

determinate mechanisms increasing greatly the frequency of these alleles in the bacterial 

population. We can also conclude that the availability of open pathways also increase the 

probability of new compound mutations to rise in the population. In another hand, this 

consideration and the fact that not only possible mutations can occur but also reversions 

makes it possible to identify cycles of antibiotics that are likely to effectively manage 

resistance. One caveat is that in the case of TEM-85, there are very few reversions that 

increase fitness when the allele blaTEM-85 has been reached (Figure 2-34), allowing the 

potential for “escape” from the cycling regimen. Generating adaptive landscapes for more 

antibiotics and increase the understanding on how drugs select for this evolutionary 

pathways may ameliorate this situation. The analyses of fitness landscapes as a central 

concept in analyzing evolution, in particular for drug resistance mutations for bacteria 

and virus show that fitness landscapes analysis might provide the necessary tools for 

finding relations between recombination strategies. We suggest that the knowledge of 

which category of β-lactam antibiotics, or any category of antibiotic under investigation, 

and the knowledge that blaTEM-1 coding for β-lactamases that have evolved from 

penicillinases to blaTEM-50 coding for β-lactamases that have evolved to 
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cephalosporinases, the knowledge of how β-lactams, or any antibiotic for instance, 

impact each blaTEM variant alleles or any resistance-mediated-alleles , can aid on the 

choice of which antibiotic to be applied in order to keep evolution in a cyclic fashion.  

It is likely that effective cycling programs will be specific to local environments 

and the specific resistance alleles in that environment. The identification of an effective 

antibiotic cycling program will require identifying the resistance alleles currently 

circulating in the local environment, determining the fitness of each of those alleles with 

respect to the set of antibiotics being considered, then identifying those drugs that will 

result in a repeating cyclic path through the local adaptive landscape. Additionally, 

optimizing the order in which antibiotics are applied and the duration for which the 

antibiotics are administered are key.  

The required experiments are neither difficult nor time consuming. The analyses 

will be facilitated by user-friendly programs that are under development. Although the 

introduction of unexpected novel alleles, either by mutation or from sources external to 

the local environment, may disrupt an effective cycling program, identification of those 

alleles and their addition to the analysis is likely permit effective modification of the 

cycling program if the selection of these new alleles by common prescribed drugs is well 

understood. Applying the suggested antibiotic cycling scheme will be made even more 

practical as it builds upon thorough analyses of many adaptive landscapes that can fit as a 

predictive model for new resistance mechanisms that might arise. Moreover, in pathogens 

such as malaria and HIV where fewer and more predictable resistance mechanisms exist, 

this method may be more easily implemented. 
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