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 Mutagenesis is commonly employed for strain engineering using contrasting 

site-specific and untargeted approaches.  Site-specific approaches require a high level 

of knowledge at both the DNA and protein levels to implement highly specified 

genetic changes, while untargeted approaches require more extensive characterization 

after a desired mutant phenotype is screened or selected from a pool of randomly 

generated mutants.  Localized mutagenesis techniques, such as error-prone PCR, have 

been developed to confine mutation to a specific region of DNA and offer an attractive 

compromise between untargeted and site-specific methods.  However, inefficiencies in 

cloning, transformation, and library construction can make such approaches time 

consuming. 

 We have developed a system for tunable mutagenesis localized to plasmid 

vectors based on the controlled overexpression of error-prone DNA polymerase IV 

(Pol IV) in growing Escherichia coli cells.  We showed that mutation is elevated and 

confined to a target vector in our system due to co-expression of a DNA nickase and 

placement of its recognition site on target vectors.  We provide evidence that this 

system’s mechanism involves error-prone replication by Pol IV during the 

homologous recombination repair process, a mechanism previously proposed for 



stationary phase Pol IV-dependent mutation. 

 In addition to providing mechanistic understanding, experiments with our 

system in diverse strain backgrounds helped to identify polB and mutS deletion 

backgrounds in which mutation was elevated, and confirmed the requirement for a 

toxin-antitoxin system encoded by the yafNOP genes, located downstream of 

chromosomal dinB, encoding Pol IV.  We also examined the effects of different 

numbers of nickase recognition sites and the addition of chi sites to our target vectors, 

leading to increased mutation rates.  Finally, we employed another localized 

mutagenesis technique to optimize our Pol IV and nickase overexpression system, 

showing that optimal mutation rates are achieved at lower copy numbers when the 

expression system is plasmid-borne. 

 In the course of designing and improving our system, we developed new 

techniques to support mutation research.  These include a method for placing 

confidence intervals on ratios of mutation rate estimates using a bootstrapping 

approach and a high-throughput microplate fluctuation test inspired by fluorescence 

Miller assays and the Ames II microplate mutagenicity test. 
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CHAPTER ONE 

 

Introduction  

 Mutagenesis has long been used for genotype/phenotype engineering and strain 

improvement.  Many untargeted, site-specific, and localized mutagenesis techniques 

exist with a broad spectrum in the types of mutations generated.  It is very important, 

when designing mutagenesis experiments, to choose the proper technique and an 

appropriate screen or selection to produce a desired mutant genotype/phenotype. 

 Untargeted mutagenesis produces mutations throughout a strain’s DNA.  This 

can be accomplished with mutator strains, often deficient in DNA polymerase 

proofreading activity or repair pathways, or with mutagenic chemicals.  Untargeted 

mutagenesis is useful for evolving strains with desirable phenotypes, such as 

resistance to a certain process or chemical, when the genetic background required for 

this phenotype is not well understood.  A downside to untargeted mutagenesis is that 

while mutants with improved phenotype may arise, characterization of the genetic 

changes responsible is often difficult.  Despite substantial improvements in the cost 

and time requirements for whole genome sequencing, the effects of untargeted 

mutagenesis remain difficult to characterize because multiple mutations often arise 

within the same strain and it is not always clear which is/are responsible for 

phenotypic changes. 

 In the other direction from untargeted mutagenesis lies site specific 

mutagenesis techniques where highly specified mutations can be made to a strain’s 

DNA.  These techniques require an extant knowledge of DNA and protein function 
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and structure, as changes are highly specified to produce desired effects.  Examples of 

site specific mutagenesis in bacteria include oligo mediated mutagenesis and 

recombineering using the λ-Red system, and most recently, targeted deletion and 

insertion mutations using CRISPR/Cas systems, which has also been engineered as a 

nickase (Court, Sawitzke et al. 2002; Jiang, Bikard et al. 2013; Ran, Hsu et al. 2013).  

These systems can be used across a range of organisms to produce chromosomal gene 

knockouts or make edits to the genome and study their effects. 

A technique known as Multiplex Automated Genome Engineering (MAGE) 

exists on the line between site-specific and localized mutagenesis.  Using this 

technique one can target site-specific changes to multiple locations within cells, 

incorporating randomness into the changed regions.  This technique was previously 

used to optimize ribosomal binding site (RBS) activities across a network of genes 

(Wang, Isaacs et al. 2009).  While attractive for its potential, MAGE could quickly 

become cost-prohibitive as the targeted regions increase in size. 

Localized mutagenesis is a term coined in a method for mutating transducing 

phage DNA (Hong and Ames 1971).  This technique involves confining mutation to a 

relatively small region of DNA within a strain, such as a particular region of the 

chromosome or a plasmid vector, in order to avoid characterization of mutations to 

background DNA or the necessity of transferring suspected mutant regions to other 

strains for further characterization.  Other methods of localized mutagenesis include a 

system for targeting mutation to a plasmid with a DNA polymerase I-dependent origin 

of replication while expressing an engineered error-prone DNA polymerase I, error 

prone PCR, and a method for mutating plasmid DNA with hydroxylamine before 
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transformation, which we employed in the current work (Rose, Winston et al. 1990; 

Vartanian, Henry et al. 1996; Camps, Naukkarinen et al. 2003). 

It is important to be aware of the mutation spectrum for different mutagenesis 

techniques when designing mutation experiments for strain improvement.  When loss 

of function mutations are desired, insertion and deletion mutations may be more 

desirable, but when change of function mutations are desired, base substitutions are 

preferable, ideally including a wide range of types.  Libraries of reversion alleles have 

been developed to characterize different mutation types and direct sequencing of 

mutants has also been employed (Cupples and Miller 1989; Cupples, Cabrera et al. 

1990; Wagner and Nohmi 2000; Kobayashi, Valentine et al. 2002).  Techniques like 

plasmid mutagenesis with hydroxylamine are limited in the types of mutations 

produced – hydroxylamine causes primarily C:G�T:A transitions – while techniques 

like error prone PCR have been optimized to produce a broader and more balanced 

spectrum of base substitutions (Rose, Winston et al. 1990; Vartanian, Henry et al. 

1996; Rasila, Pajunen et al. 2009). 

Other factors can also affect the applicability of mutation techniques.  For 

instance, error prone PCR requires additional cloning, transformation, and library 

construction steps that can be difficult, especially when transformation efficiency is 

reduced, such as in hosts with restriction of unmethylated DNA enabled.  Tunability of 

mutation rate is also an important consideration.  Lower frequency of mutation, seen 

in mutator strains and hydroxylamine treatment, may suffice for protein modification 

applications where single amino acid changes in proteins encoded by longer DNA 

segments are desired, but when several amino acid changes are required, more tunable 
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techniques like error prone PCR or multiple rounds of mutagenesis may become 

necessary (Rasila, Pajunen et al. 2009).  An appropriate screen or selection technique 

must also be employed to isolate mutants.  Whether mutations arise in the gene or 

genes of interest for a given mutagenesis experiment can depend on the extent of 

targeting for the mutagenesis technique used. 

Early investigation into the phenomenon known as adaptive mutation, and 

more appropriately termed stationary phase mutagenesis, was described in FC40 

(Cairns and Foster 1991; Foster 2004).  Stationary phase mutagenesis has been 

extensively studied in Escherichia coli and has been shown to result from error-prone 

replication on homologous recombination repair intermediates involving DNA 

polymerase IV (Pol IV).  This mutation is dependent on RecA, RecBCD, RuvABC, 

DinB, and RpoS (He, Rohatgi et al. 2006; Frisch, Su et al. 2010).  Pol IV-dependent 

mutation also occurs in growing cells near double strand breaks and is elevated when 

this polymerase is overexpressed.  Recent work has described recruitment of Pol IV at 

recombination intermediates in vitro and in vivo (Pomerantz, Kurth et al. 2013; Mallik, 

Popodi et al. 2015).  Though mainly studied in E. coli, stationary phase mutation has 

also been observed in other bacterial spp. and yeast, although adaptive mutation may 

not function by the same mechanisms in other organisms (Rosenberg 2001; Yang, Lu 

et al. 2001; Yang, Lu et al. 2006; Robleto, Yasbin et al. 2007; Debora, Vidales et al. 

2011).  Error-prone repair, targeted to lesions, has been proposed as a method for 

targeted mutagenesis in yeast in parallel to our work in bacteria (Finney-Manchester 

and Maheshri 2013). 

The potential for Pol IV-dependent mutation to produce targeted mutagenesis 
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near double strand breaks inspired us to try to design a localized mutagenesis system 

involving overexpression of Pol IV and a nickase, promoting replication fork collapse 

followed by error-prone recombination directed replication on a target vector with 

nickase sites.  In this work we showed that our system did produce targeted mutation.  

Furthermore, we explored different strain backgrounds, mutation target vector 

configurations, and optimized our overexpression system to improve our system for 

applications in directed evolution. 

In the course of designing and implementing our system, we encountered 

shortcomings in the existing tools for mutation research.  Mutation rate estimation in 

growing cells is complicated by the need to differentiate first-generation mutants from 

their daughter cells.  This is typically accomplished using fluctuation tests, involving 

growing and plating a large number of parallel cultures for a particular strain and 

condition, determining the number of mutants that arise in each by selective plating 

and colony counting, and using the distribution to approximate the likely number of 

mutational events.  This led us to develop a microplate fluctuation test method with 

improved throughput, large dynamic range, and potential for automation.  We also 

examined a bootstrapping method for reporting confidence intervals on mutation rate 

estimates.  These tools accelerated the development and characterization of our 

system, and hopefully will contribute to mutation research. 

  



 

6 

REFERENCES 

Cairns, J. and P. L. Foster (1991). "Adaptive reversion of a frameshift mutation in 

Escherichia coli." Genetics 128(4): 695-701. 

Camps, M., J. Naukkarinen, B. P. Johnson and L. A. Loeb (2003). "Targeted gene 

evolution in Escherichia coli using a highly error-prone DNA polymerase I." 

Proceedings of the National Academy of Sciences of the United States of 

America 100(17): 9727-9732. 

Court, D. L., J. A. Sawitzke and L. C. Thomason (2002). "Genetic engineering using 

homologous recombination." Annu Rev Genet 36: 361-388. 

Cupples, C. G., M. Cabrera, C. Cruz and J. H. Miller (1990). "A set of lacZ mutations 

in Escherichia coli that allow rapid detection of specific frameshift mutations." 

Genetics 125(2): 275-280. 

Cupples, C. G. and J. H. Miller (1989). "A set of lacZ mutations in Escherichia coli 

that allow rapid detection of each of the six base substitutions." Proc Natl Acad 

Sci U S A 86(14): 5345-5349. 

Debora, B. N., L. E. Vidales, R. Ramirez, M. Ramirez, E. A. Robleto, R. E. Yasbin 

and M. Pedraza-Reyes (2011). "Mismatch repair modulation of MutY activity 

drives Bacillus subtilis stationary-phase mutagenesis." Journal of Bacteriology 

193(1): 236-245. 

Finney-Manchester, S. P. and N. Maheshri (2013). "Harnessing mutagenic 

homologous recombination for targeted mutagenesis in vivo by TaGTEAM." 

Nucleic Acids Res 41(9): e99. 

Foster, P. L. (2004). "Adaptive mutation in Escherichia coli." Journal of Bacteriology 



 

7 

186(15): 4846-4852. 

Frisch, R. L., Y. Su, P. C. Thornton, J. L. Gibson, S. M. Rosenberg and P. J. Hastings 

(2010). "Separate DNA Pol II- and Pol IV-Dependent Pathways of Stress-

Induced Mutation during Double-Strand-Break Repair in Escherichia coli Are 

Controlled by RpoS." Journal of Bacteriology 192(18): 4694-4700. 

He, A. S., P. R. Rohatgi, M. N. Hersh and S. M. Rosenberg (2006). "Roles of E-coli 

double-strand-break-repair proteins in stress-induced mutation." DNA Repair 

5(2): 258-273. 

Hong, J. S. and B. N. Ames (1971). "Localized mutagenesis of any specific small 

region of the bacterial chromosome." Proc Natl Acad Sci U S A 68(12): 3158-

3162. 

Jiang, W., D. Bikard, D. Cox, F. Zhang and L. A. Marraffini (2013). "RNA-guided 

editing of bacterial genomes using CRISPR-Cas systems." Nat Biotechnol 

31(3): 233-239. 

Kobayashi, S., M. R. Valentine, P. Pham, M. O'Donnell and M. F. Goodman (2002). 

"Fidelity of Escherichia coli DNA polymerase IV. Preferential generation of 

small deletion mutations by dNTP-stabilized misalignment." J Biol Chem 

277(37): 34198-34207. 

Mallik, S., E. M. Popodi, A. J. Hanson and P. L. Foster (2015). "Interactions and 

Localization of Escherichia coli Error-Prone DNA Polymerase IV after DNA 

Damage." Journal of Bacteriology 197(17): 2792-2809. 

Pomerantz, R. T., I. Kurth, M. F. Goodman and M. E. O'Donnell (2013). "Preferential 

D-loop extension by a translesion DNA polymerase underlies error-prone 



 

8 

recombination." Nat Struct Mol Biol 20(6): 748-755. 

Ran, F. A., P. D. Hsu, C. Y. Lin, J. S. Gootenberg, S. Konermann, A. E. Trevino, D. 

A. Scott, A. Inoue, S. Matoba, Y. Zhang and F. Zhang (2013). "Double nicking 

by RNA-guided CRISPR Cas9 for enhanced genome editing specificity." Cell 

154(6): 1380-1389. 

Rasila, T. S., M. I. Pajunen and H. Savilahti (2009). "Critical evaluation of random 

mutagenesis by error-prone polymerase chain reaction protocols, Escherichia 

coli mutator strain, and hydroxylamine treatment." Anal Biochem 388(1): 71-

80. 

Robleto, E. A., R. Yasbin, C. Ross and M. Pedraza-Reyes (2007). "Stationary phase 

mutagenesis in B. subtilis: a paradigm to study genetic diversity programs in 

cells under stress." Crit Rev Biochem Mol Biol 42(5): 327-339. 

Rose, M. D., F. M. Winston, P. Hieter and Cold Spring Harbor Laboratory. (1990). 

Methods in yeast genetics : a laboratory course manual. Cold Spring Harbor, 

N.Y., Cold Spring Harbor Laboratory Press. 

Rosenberg, S. M. (2001). "Evolving responsively: adaptive mutation." Nat Rev Genet 

2(7): 504-515. 

Vartanian, J. P., M. Henry and S. Wain-Hobson (1996). "Hypermutagenic PCR 

involving all four transitions and a sizeable proportion of transversions." 

Nucleic Acids Res 24(14): 2627-2631. 

Wagner, J. and T. Nohmi (2000). "Escherichia coli DNA polymerase IV mutator 

activity: genetic requirements and mutational specificity." J Bacteriol 182(16): 

4587-4595. 



 

9 

Wang, H. H., F. J. Isaacs, P. A. Carr, Z. Z. Sun, G. Xu, C. R. Forest and G. M. Church 

(2009). "Programming cells by multiplex genome engineering and accelerated 

evolution." Nature 460(7257): 894-898. 

Yang, Z., Z. Lu and A. Wang (2001). "Study of adaptive mutations in Salmonella 

typhimurium by using a super-repressing mutant of a trans regulatory gene 

purR." Mutat Res 484(1-2): 95-102. 

Yang, Z., Z. Lu and A. Wang (2006). "Adaptive mutations in Salmonella typhimurium 

phenotypic of purR super-repression." Mutat Res 595(1-2): 107-116. 

 

 

 

  



 

10 

CHAPTER TWO 

 

Bootstrap estimation of confidence intervals on mutation rate ratios
*
   

*
Russell, M. S. and J. C. March 

Published in Environmental and Molecular Mutagenesis 2011. 52(5): 385-396  

ABSTRACT 

The fluctuation test is a useful tool for estimating the mutation rate of cells.  

However, statistical methods for comparing mutation rate estimates between different 

strains or conditions have not yet been fully developed.  Methods exist for placing 

confidence intervals on estimates of the number of mutational events in cultures for a 

given strain and set of conditions, but placing confidence intervals on mutation rate is 

complicated by differences in the final number of cells in culture between parallel 

cultures.  Additionally, confidence intervals on individual mutation rate estimates are 

not always the most useful statistical tool when comparing two or more different 

strains or conditions.  We present a bootstrap method for estimating confidence 

intervals on the quotient of two mutation rates determined from two fluctuation test 

experiments using experimental and control strains or conditions.  We use Monte 

Carlo simulations to validate this method over a wide range of mutation rates and for 

empirically measured variation in the estimates of final number of cells in culture.  

Furthermore, we provide the computational tools to implement the bootstrap method 

described here on experimental fluctuation test data and to evaluate this method for 

experimental parameters other than those considered herein. 

Keywords: Monte Carlo simulation, statistical analysis, fluctuation test 
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INTRODUCTION 

Since Luria and Delbrück (1943) first described fluctuations in mutant clone 

size, the fluctuation test has been developed as a method for determining mutation 

rates and is an important tool for those involved in mutation research.  Though 

generally used with bacteria, fluctuation tests have also been implemented for 

estimation of mutation rates in yeast (Lang and Murray 2008) and have even been 

used with mammalian cells (Holliday and Ho 1998).  A fluctuation test experiment 

consists of growing several parallel cultures of cells, selecting for a mutant phenotype, 

and then using one of several methods, often called estimators, to define a likely 

number of mutational events, �∗, that took place in each culture, resulting in data for 

observed mutants, �, post selection.  This paper mostly adheres to the notation of 

Foster (2006) regarding fluctuation tests as given in Table 2.1.  Design of fluctuation 

test experiments and methods for estimating mutations per culture, �, and mutation 

rate, �, from fluctuation test data have been described elsewhere in detail (Rosche and 

Foster 2000; Foster 2006). 

  



 

12 

Table 2.1.  Terms Used 

Term
a 

Definition
a 

� Mutations per culture 

�∗
 Estimate of mutations per culture 

� Mutation rate; probability of mutation per cell per generation 

�∗
 Estimate of mutation rate 

�� Final number of cells in culture 

��∗ Estimate of final number of cells in culture from serial dilution and plating 

� Number of parallel cultures in a fluctuation test experiment 

� Volume of a culture 

� Number of observed mutants in a culture 

�̃ Median observed mutants in parallel cultures 


 Vector containing r  values for several parallel cultures 

�� Proportion of cultures with zero observed mutants 

� Proportion of culture with r  observed mutants 

� Fraction of culture plated and/or plating efficiency 

� Probability of type I error; level of statistical significance 

� Dilution factor 

� Fraction of final dilution plated 

� Number of simulated fluctuation test pairs in a Monte Carlo Simulation 

� Number of bootstrap samples 

a
 Adapted from Foster (2006) 
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While some methods for statistical analysis of fluctuation test results have been 

described, there is a need for further statistical characterization of mutation rate data, 

especially when comparing mutation rates between cultures with different final 

numbers of total cells, �� 
(Rosche and Foster 2000; Foster 2006).  Statistical methods 

that exist for fluctuation test data largely place confidence limits on the proportion of 

colonies with zero mutants, ��, median number of observed mutants, �̃, or �∗, but not 

on mutation rate estimates, �∗.  Non-parametric methods, such as the Mann-Whitney 

U test are useful in comparing the data for � obtained from multiple fluctuation tests.  

However this comparison will only elucidate whether � differs significantly between 

two or more fluctuation test experiments.  Furthermore, since the Mann-Whitney U 

test returns the probability of obtaining the given data for two fluctuation tests if the 

expected median r  values are equal, this test is considerably less useful if different z  

values are used in the two tests.  It is our view that the result of this test is less 

informative than a confidence interval.  An accurate knowledge of �� for the two 

strains or conditions is required to draw any statistical inference about � from methods 

that compare R  or m .  Since estimates of the final number of cells per culture, ��∗ 

will vary from the true ��, it is difficult to say whether values of � for different strains 

or conditions are significantly different, even if values of � are.  Estimates of 

confidence intervals, CIs, for �∗ may be derived by simply multiplying the upper and 

lower limits of CIs for �∗ by 1 ��∗� , or 1 �2 × ��∗��  or 
ln �2� N�∗�  (Foster 2006).  

However, this approach ignores the variance in ��∗.  Other authors provide some 

recommendations for minimizing the variance in �� between parallel cultures by 



 

14 

choosing appropriate numbers of cells to inoculate (Rosche and Foster 2000; Pope, 

O'Sullivan et al. 2008).  These measures should also decrease the variance in 

��∗.  Computer programs have also been developed to estimate �∗ from fluctuation test 

data and to estimate confidence limits on individual �∗ values (Zheng 2002; Lang and 

Murray 2008; Hall, Ma et al. 2009).  A median estimator for � has also been proposed 

which accounts for variation in �� among parallel fluctuation test cultures (Wu, 

Strome et al. 2009). 

Often, one wishes to compare mutation rates and not just number of mutations 

per culture between two or more different strains or conditions.  This becomes 

complicated when ��∗ differs between them.  Nonparametric methods could compare 

several values of �∗ from multiple replicates of the same fluctuation tests, but the 

quantity of experimental data required for this approach would quickly become 

prohibitive and Wu, Strome et al. (2009) have questioned the reproducibility of 

experimental conditions.  What is needed is a statistical method for comparing two 

mutation rate estimates from experimental, �!∗ , and control, �"∗, strains or conditions, 

derived from two sets of fluctuation test data, 
! and 
", and estimates of final cells 

per culture, ��,!∗  and ��,"∗ . 

Crane Thomas et al. (1996) used Monte Carlo simulations to show that their 

modified fluctuation test protocol was better able to discriminate between sets of 

fluctuation test data with different values for �.  However, they do not extend the 

application of this Monte Carlo method to experimental data.  They also acknowledge 

that their Monte Carlo simulations represent ideal conditions and that the simulated 

sensitivity of their protocol is unlikely to be met in the laboratory (Crane, Thomas et 
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al. 1996).  Through their simulations, they showed that growing larger cultures for 

fluctuation test experiments and plating a fraction of these resulted in more precise 

estimates for � obtained from the Jones Median Estimator (Crane, Thomas et al. 

1996). 

The principal behind bootstrapping is that when the distribution of a population 

is unknown, the best approximation of that distribution is the distribution of values in 

a sample from that population.  “Resampling with replacement” is defined as 

randomly creating a new sample from the original sample data in such a way that any 

value of sample data can be picked more than once.  This method can then be used to 

simulate taking another sample from the original population (Manly 2007).    

Previously bootstrapping has been used to place confidence intervals on appearance 

rates of mutants and on the ratios of these appearance rates in yeast (Lancaster, Bardill 

et al. 2010).  However, further examination and justification of the applications of 

bootstrap methods for statistical analysis of fluctuation test data have not been 

demonstrated.  In the case of fluctuation test data, 
 approximates the Luria-Delbrück 

distribution for a value of �, which can be guessed by one of several estimators 

(Foster 2006).  Because estimators are used to approximate �, the distribution of �∗ 

is unknown as is the distribution of �∗ found from �∗ and ��∗.  Bootstrap resampling 

with replacement from 
, followed by application of estimators for � and 

multiplication by 1 ��∗�  to find �∗ could be used to approximate the distribution of �∗.  

This technique could be applied for experimental �!∗  and control �"∗, then the 

distribution of 
�!∗ �"∗�  could be approximated.  CIs with a defined probability of type I 
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error, �, could then be derived for 
�!∗ �"∗�  by sorting bootstrap values for 

�!∗ �"∗�  and 

taking the � 2�  and $1 − � 2� & percentile values (Manly 2007).  This bootstrap method 

is called the percentile method and is one of the simplest non-parametric bootstrap 

approaches, though other bootstrap methods exist (Manly 2007).  Monte Carlo 

simulation could be used to validate this approach to generating CIs for 
�!∗ �"∗�  within 

an acceptable range of variation in ��∗. 

We take a non-parametric bootstrap approach to placing CIs with a defined �, 

on the ratio of two mutation rate estimates, 
�!∗ �"∗� , obtained from two fluctuation test 

experiments.  We chose a bootstrap approach because it is well suited for starting from 

experimental data.  With bootstrapping it is possible to perform randomized 

resampling with replacement on experimental fluctuation test data, then estimate � 

and � for each bootstrap sample.  The Jones Median Estimator (Equation 2.1) and P0 

Estimator (Equation 2.2) for � were used in this bootstrap approach with appropriate 

corrections for sampling or less than optimal plating efficiency (Luria and Delbrück 

1943; Jones, Thomas et al. 1994; Foster 2006). 

Equation 2.1 

� = (�̃
�) − ln �2�

ln (�
�
*) − ln +ln �2�,
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Equation 2.2 

� = −ln ���� 

The Jones Median Estimator was chosen because it accommodates sampling 

and can even be more precise when sampling is used (Jones, Thomas et al. 1994; 

Crane, Thomas et al. 1996).  The P0 estimator was included for those cases in which a 

bootstrap sample had �̃ = 0 and the Jones Median Estimator could not be used.  The 

P0 estimator can also be corrected for a fraction of cultures being plated or plating 

efficiency less than 100% (Equation 2.3) (Stewart, Gordon et al. 1990; Foster 2006). 

Equation 2.3 

�."�/.0 = �123!4!5 × � − 1
� × ln ��� 

In general, we recommend that when using the bootstrap method discussed 

here, fluctuation tests be designed following the protocol of Crane, Thomas et al. 

(1996) with sampling to give data with �̃ ≈ 18, which lies in the middle of the useful 

range for the Jones Median Estimator (3 ≤ �̃ ≤ 40) (Jones, Thomas et al. 1994; Foster 

2006). This helps avoid bootstrap samples which lie outside the useful range of the 

Jones Median Estimator and minimizes the use of the P0 estimator.  Both the Jones 

Median Estimator and P0 estimator are computationally simple, which was an 

important consideration for their inclusion in a computationally rigorous bootstrapping 

method.  Bias in these estimators is reasoned to be a non-issue as long as said bias is 

uniform for a broad range of � estimates, because the CIs being calculated are for a 

quotient of mutation rates.  The results of Crane, Thomas et al. (1996) show that bias 

in the Jones median estimator is roughly uniform over a broad range of � for 
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simulated data with sampling .  The approach for bootstrapping CIs is validated using 

a Monte Carlo method similar to that of Crane, Thomas et al. (1996). 

The utility of our method lies in its allowing for improved presentation of 

mutation rate data.  A mutation researcher may want to compare mutation rates from 

fluctuation tests between two bacterial strains, one exposed to a mutagen such as 4-

nitroquinoline 1-oxide and an unexposed control for example.  By dividing the 

mutation rate of the mutated strain by that of the non-mutated strain he could report 

that mutagen exposure increases mutation rate by several fold.  With our method, he 

could also report a confidence interval on this fold-increase.  He could then compare 

the effects of several mutagen concentrations or different mutagens in a similar 

fashion.  It is often advantageous to report an increased mutation rate as a fold-

increase over a control mutation rate.  With our method one can not only obtain CIs 

for this quotient at a desired α , but quickly tell whether two mutation rates are 

statistically different by seeing if the CI contains the value one, indicating that 
�!∗ �"∗�  

could equal one and �!∗  and �"∗ could be equal at confidence level ( ) %1001 ×− α . 

MATERIALS AND METHODS 

General computation: 

All computation, including bootstrapping and Monte Carlo simulations, was 

performed in Matlab version 7.4.0 (MathWorks, Natick, MA).  Luria-Delbrück 

probability distribution functions for � at a given � were computed using the 

recurrence relation of Ma, Sandri et al. (1992) (Equation 2.4) as implemented in 

Matlab by Lang and Murray (2008) in their function titled generateLD (File S.1) 
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Equation 2.4 

�� = ;<=;      � = �
� ? �@

�� − A + 1�
<C

@D�
 

Random sampling from these distributions was performed using a modified 

version of another Matlab function (File S2.2) by Lang and Murray (2008).  Bootstrap 

CIs on 
�!∗ �"∗�  from simulated fluctuation test data were taken.  This bootstrap approach 

was also intended for use with experimental fluctuation test data.  A function was 

designed to calculate an appropriate sample of culture plated, �, to get a desired value 

for �̃ from fluctuation test cultures with known � (File S2.3).  This function is useful 

for obtaining �̃ ≈ 18, which lies in the middle of the useful range of �̃ for the Jones 

Median Estimator (Foster 2006).  This function also assumes a plating efficiency, the 

percentage of cells plated that grow into colonies, of 100%.  If plating efficiency is 

known to be less than 100%, appropriate � values must be entered as parameters of 

Monte Carlo simulations.  Most of the functions used are available as supporting 

information.  Figure S2.1 shows a flowchart outlining function names, purposes, and 

interactions. 

Bootstrap protocol: 

Our bootstrapping function (File S2.4) implements a simple percentile method, 

non-parametric bootstrap (Efron 1979; Manly 2007).  Input arguments for this 

function are 
! and 
", two sets of fluctuation test data for different strains or 

conditions, �! and �", the fraction of sample plated or plating efficiency for the two 

strains or conditions, ��,!∗  and ��,"∗ , estimates of the final number of cells in cultures 
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from the two strains or conditions, �, the number of bootstrap samples to be taken, and 

�, the desired probability of type I error for the CIs generated.  Using these inputs our 

code generates � bootstrap samples from 
! and � bootstrap samples from 
" by 

resampling with replacement and calculates �̃ and �� for each bootstrap sample (File 

S2.5).  Here, resampling with replacement means creating new 
 vectors from the 

input 
 vector by randomly picking � values from the input 
 in such a way that any � 

value may be picked more than once.  These new bootstrap 
 vectors have the same 

length, �, as the input 
.  Our code then estimates � for each bootstrap sample using 

either the Jones Median Estimator or P0 Estimator.  The estimator used is determined 

by �̃ and �� of the original fluctuation test data.  The alternate method is substituted in 

cases when the preferred method will not work for a particular bootstrap sample.  Our 

code constructs two vectors containing the bootstrap �∗
 estimates derived from 
! 

and 
".  Equation 2.5 converts the �∗ values in these vectors into �∗ values. 

Equation 2.5 

�∗ = �∗
��∗�  

Finally, vector division is performed between the two vectors containing 

bootstrap �∗ values, the resulting vector is sorted, and the � 2�  and $1 − � 2� & 

percentile values are taken as bootstrap percentile confidence limits for 
�!∗ �"∗�

 
with 

probability of type I error �. 

Monte Carlo simulations: 

Monte Carlo simulations were used to validate our bootstrap method (File 
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S2.6).  Monte Carlo simulations of fluctuation test experiments were performed for 

two strains or conditions with separately defined �! and �".  Other defined 

parameters were �, the number of simulated fluctuation test pairs performed, �, the 

number of parallel cultures in each simulated fluctuation test, �, the number of 

bootstrap samples, �, the probability of type I error for CIs, ��,! and ��,", the final 

number of cells in cultures, the standard deviations for ��,!∗  and ��,"∗ , the desired value 

for �̃ after sampling, and �! and �", the portion of cultures plated.  The desired value 

for �̃ was 18 for all simulations and �! and �" were chosen accordingly.  Each 

simulated pair of fluctuation test data, 
! and 
", obtained by randomly sampling 

from distributions generated by Equation 2.4, was corrected for the effects of 

fractional plating by randomly sampling from an inverse binomial cumulative 

probability mass function with � trials and probability of success �.  This is equivalent 

to saying that each cell in the original culture can end up in the plated sample with 

probability �, independent of the other cells.  Our bootstrap method was used on each 

pair of corrected simulated fluctuation test data.   Values of ��,!∗  and ��,"∗  used for 

bootstrapping were taken at random from inverse normal cumulative probability 

distribution functions with means ��,! and ��," respectively and standard deviations 

previously defined as simulation parameters.  This assumes that ��∗ values are 

normally distributed with mean �� (Rosche and Foster 2000).  CIs were returned and 

recorded and the proportion of CIs that contained the expected value for 
�! �"�  as 

determined from the input parameters �!, �", ��,!, and ��," was found (Equation 

2.6), as well as the proportion of CIs where the upper confidence limit was too low 
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and the proportion of CIs where the lower confidence limit was too high. 

Equation 2.6 

�! �"� =
�! ��,!�
�" ��,"�  

For the first round of Monte Carlo simulations values for �! and �" ranged 

from 5-500, � was set to 1,000, � was set to 25, � was set to 10,000, and ��,! and ��," 

were both set at 1.00E+9.  CIs were generated at significance levels 95, 90, 85, and 

75% for each set of parameters.  Different values were tried for the standard deviations 

of ��,!∗  and ��,"∗  in an attempt to establish how our bootstrap method would perform 

with variation in ��∗.  These standard deviations were both set to zero, meaning that 

the ��∗ was equal to ��, for the first round of simulations to establish a baseline for the 

bootstrap method.  Then, ��,!, ��,", and the standard deviations of ��,!∗  and ��,"∗  were 

set to experimentally determined values for a second round of simulations to observe 

the effect of inputting realistic experimentally determined ��∗ on the bootstrap CIs 

produced.  In another round of simulations, we increased and decreased one or both of 

the variances in ��,!∗  and ��,"∗  by a factor of two to test our methods sensitivity to these 

changes.  We also examined the effect the transition between the Jones Median 

Estimator and P0 Estimator in our method.  We found and plotted the median *m  

values obtained using Jones Median Estimator and P0 Estimator on 1,000 sets of 

fluctuation test data simulated at the m  values around where the transition between 

estimators occurs ( 5.1≈m ) (Foster 2006).  We also performed simulations where one 

or both of em  and cm were set equal to 1.5. 
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Biological methods: 

Five parallel cultures of the Escherichia coli strain NR17041 were grown 12 

hours in 1 ml Luria-Bertani broth (LB) at 37° with shaking at 250 rpm with 25 μg/ml 

kanamycin (Sigma, St Louis, MO) (Gawel, Hamilton et al. 2008).  LB broth (BD, 

Sparks, MD) was prepared by dissolving in distilled water (dH2O) and autoclaving 20 

minutes to sterilize.  Each culture was serially diluted to a final dilution of 1:2E+6 

with 66 mM pH 7.2 potassium phosphate buffer as a diluent.  66 mM pH 7.2 

potassium phosphate buffer was prepared from dH2O, monobasic potassium phosphate 

(BDH, Poole, Dorset, UK) and dibasic potassium phosphate (EMD, Gibbstown, NJ).  

100 μl of each final dilution was plated on M9 glucose agar plates.  For preparation of 

M9 agar plates, 11.3 g of Difco™ M9 Minimal Salts, 5x (BD, Sparks, MD) was 

dissolved in dH2O and brought to a final volume of 200 ml.  Next, 100 ml was poured 

into each of two 500 ml bottles and autoclaved 20 minutes to sterilize.  Then 7.5 g of 

Bacto™ Agar (BD, Sparks, MD) was mixed with 400 ml dH2O in two separate 500 ml 

bottles and also autoclaved 20 minutes to sterilize.  When sterile, a bottle of agar and 

water was added to each M9 salts bottle and the total volume was brought to 500 ml 

with sterile dH2O.  M9 glucose plates were supplemented with 1 ml of sterile 1M 

MgSO4 (Fisher Chemical, Fair Lawn, NJ), 50 μl of sterile 1M CaCl2 (J.T. Baker, 

Phillipsburg, NJ), 125 μl of 0.2 μm filter sterilized 10 mg/ml Thiamine HCl (Research 

Organics, Cleveland, OH), and 10 ml of 0.2 μm filter sterilized 20% L-glucose 

(VWR,West Chester, PA) per 500 ml bottle.  Five serial dilutions were performed per 

culture resulting in 25 final dilutions and 25 plates total.  Plates were incubated 

overnight at 37°C until colonies appeared and then counted.  The variance in the mean 
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values obtained for number of colonies from sets of five plates, one from each culture, 

was used to approximate the variance in ��∗.  Sampling, followed by serial dilution 

and plating, from a few fluctuation test cultures has previously been used to estimate 

��∗ for fluctuation test experiments (Mackwan, Carver et al. 2007). 

RESULTS 

Biological results: 

Table 2.2 shows the results for plating experiments and estimation of the 

variance in ��∗.  Each of five parallel cultures were grown for 12 hours to saturation 

and then serially diluted 1:2E+6 five times and 100 μl of the final dilutions plated.  For 

each set of serial dilutions from the five cultures, an ��∗ was calculated by multiplying 

the average of five colony counts by � × 1 �� × 1 �� .  Then the average value and 

variance of ��∗ was calculated. 
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Table 2.2.  Estimation of Variance in ��∗. 

Serial Dilution and 

Plating Replication 

Parallel Cultures (colonies/plate): 

��∗ 1 2 3 4 5 

i. 186 167 200 189 200 3.77E+09 

ii. 171 143 173 199 168 3.42E+09 

iii. 187 184 175 243 173 3.85E+09 

iv. 202 195 197 196 165 3.82E+09 

v. 190 194 195 171 179 3.72E+09 

 

� � var���∗� Average ��∗ 

5E-07 0.1 3.02E+16 3.71E+09 
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Results of Monte Carlo simulations: 

Table 2.3 shows the results of Monte Carlo simulations of the bootstrap 

method with parameters shown.  The results in Table 2.3 are for simulations where the 

standard deviations of ��∗ were set to zero and thus do not represent the application of 

our bootstrap method on experimental data well.  However, the results in Table 2.3 

give an idea of the theoretical performance of the bootstrap method if values of �� 

were known for fluctuation test experiments.  Figure 2.1, Figure 2.2, and Figure 2.3 

show stem-and-leaf plots of bootstrap distributions of 
�!∗ �"∗�  for rows 3, 7, and 8 of the 

05.0=α  portion of Table 2.3.  In these plots, stem length represents frequency of 

occurrence for each distinct bootstrap estimate and the values of bootstrap estimates 

are depicted along the x-axis 
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Table 2.3.  Results of Monte Carlo Simulations: Baseline 

� � � ��,! ��," St. dev. of ��,!∗  St. dev. of ��,"∗  

1,000 25 10,000 1.00E+09 1.00E+09 0 0 

 

K = L. LM 

 

�! 

 

�" 

 

�! 

 

�" 

 

% Inclusion of 

Expected 

Value 

Outside Limits 

Lower Limit Too 

High 

Upper Limit Too 

Low 

5 5 1 1 97.3% 1.5% 1.2% 

10 10 0.5 0.5 98.1% 0.9% 1.0% 

50 50 0.0684 0.0684 97.2% 1.7% 1.1% 

100 100 0.0303 0.0303 98.2% 0.6% 1.2% 

500 500 0.0048 0.0048 98.2% 0.9% 0.9% 

500 5 0.0048 1 97.0% 1.6% 1.4% 

100 10 0.0303 0.5 96.7% 1.6% 1.7% 

10 100 0.5 0.0303 95.9% 2.1% 2.0% 

5 500 1 0.0048 96.5% 1.9% 1.6% 

   Desired 95.0% 2.5% 2.5% 

   Average 97.2% 1.4% 1.3% 
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K = L. NL 

 

�! 

 

�" 

 

�! 

 

�" 

 

% Inclusion of 

Expected 

Value 

Outside Limits 

Lower Limit Too 

High 

Upper Limit Too 

Low 

5 5 1 1 94.4% 2.7% 2.9% 

10 10 0.5 0.5 93.7% 3.5% 2.8% 

50 50 0.0684 0.0684 95.8% 2.7% 1.5% 

100 100 0.0303 0.0303 95.3% 2.5% 2.2% 

500 500 0.0048 0.0048 95.3% 1.9% 2.8% 

500 5 0.0048 1 92.6% 2.3% 5.1% 

100 10 0.0303 0.5 92.8% 3.5% 3.7% 

10 100 0.5 0.0303 92.6% 3.7% 3.7% 

5 500 1 0.0048 93.1% 4.1% 2.8% 

   Desired 90.0% 5.0% 5.0% 

   Average 94.0% 3.0% 3.1% 
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K = L. NM 

 

�! 

 

�" 

 

�! 

 

�" 

 

% Inclusion of 

Expected 

Value 

Outside Limits 

Lower Limit Too 

High 

Upper Limit Too 

Low 

5 5 1 1 91.6% 4.3% 4.1% 

10 10 0.5 0.5 92.9% 3.7% 3.4% 

50 50 0.0684 0.0684 91.8% 4.5% 3.7% 

100 100 0.0303 0.0303 90.8% 4.5% 4.7% 

500 500 0.0048 0.0048 92.2% 3.8% 4.0% 

500 5 0.0048 1 88.6% 4.9% 6.5% 

100 10 0.0303 0.5 88.1% 6.2% 5.7% 

10 100 0.5 0.0303 87.2% 6.2% 6.6% 

5 500 1 0.0048 88.8% 8.1% 3.1% 

   Desired 85.0% 7.5% 7.5% 

   Average 90.2% 5.1% 4.6% 
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K = L. OM 

 

�! 

 

�" 

 

�! 

 

�" 

 

% Inclusion of 

Expected 

Value 

Outside Limits 

Lower Limit Too 

High 

Upper Limit Too 

Low 

5 5 1 1 81.8% 8.9% 9.3% 

10 10 0.5 0.5 82.6% 9.2% 8.2% 

50 50 0.0684 0.0684 82.0% 10.7% 7.3% 

100 100 0.0303 0.0303 83.6% 7.9% 8.5% 

500 500 0.0048 0.0048 83.8% 8.3% 7.9% 

500 5 0.0048 1 78.1% 10.3% 11.6% 

100 10 0.0303 0.5 80.0% 9.1% 10.9% 

10 100 0.5 0.0303 80.0% 11.4% 8.6% 

5 500 1 0.0048 76.8% 12.3% 10.9% 

   Desired 75.0% 12.5% 12.5% 

   Average 81.0% 9.8% 9.2% 
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Figure 2.1.  Stem-and-leaf plot of bootstrap distribution of 
�!∗ �"∗�  corresponding with row 3 of the 05.0=α  portion of Table 2.3 

with 50=em  and 50=cm . 
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Figure 2.2.  Stem-and-leaf plot of bootstrap distribution of 
�!∗ �"∗�  corresponding with row 7 of the 05.0=α  portion of Table 2.3 

with 100=em  and 10=cm . 
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Figure 2.3.  Stem-and-leaf plot of bootstrap distribution of 
�!∗ �"∗�  corresponding with row 8 of the 05.0=α  portion of Table 2.3 

with 10=em  and 100=cm . 
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Table 2.4 shows the results of Monte Carlo simulations of the bootstrap 

method with parameters taken from Table 2.2.  The standard deviations of ��,!∗  and 

��,"∗  were set to the square root of var���∗� and ��,! and ��," were set to the average 

��∗ from Table 2.2 to more accurately simulate using the bootstrap method discussed 

here on experimental fluctuation test data. 
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Table 2.4.  Results of Monte Carlo Simulations: Experimental Parameters 

� � � ��,! ��," St. dev. of ��,!∗  St. dev. of ��,"∗  

1,000 25 10,000 3.71E+09 3.71E+09 1.74E+08 1.74E+08 

 

K = L. LM 

 

�! 

 

�" 

 

�! 

 

�" 

 

% Inclusion of 

Expected 

Value 

Outside Limits 

Lower Limit Too 

High 

Upper Limit Too 

Low 

5 5 1 1 95.0% 2.5% 2.5% 

10 10 0.5 0.5 96.5% 1.6% 1.9% 

50 50 0.0684 0.0684 96.1% 1.6% 2.3% 

100 100 0.0303 0.0303 94.9% 2.9% 2.2% 

500 500 0.0048 0.0048 96.2% 1.8% 2.0% 

500 5 0.0048 1 95.3% 2.3% 2.4% 

100 10 0.0303 0.5 96.5% 1.6% 1.9% 

10 100 0.5 0.0303 95.5% 2.1% 2.4% 

5 500 1 0.0048 94.7% 3.0% 2.3% 

   Desired 95.0% 2.5% 2.5% 

   Average 95.6% 2.2% 2.2% 
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K = L. NL 

 

�! 

 

�" 

 

�! 

 

�" 

 

% Inclusion of 

Expected 

Value 

Outside Limits 

Lower Limit Too 

High 

Upper Limit Too 

Low 

5 5 1 1 91.0% 4.6% 4.4% 

10 10 0.5 0.5 92.9% 3.7% 3.4% 

50 50 0.0684 0.0684 90.7% 5.0% 4.3% 

100 100 0.0303 0.0303 91.0% 4.5% 4.5% 

500 500 0.0048 0.0048 90.6% 5.1% 4.3% 

500 5 0.0048 1 89.2% 5.2% 5.6% 

100 10 0.0303 0.5 90.8% 3.7% 5.5% 

10 100 0.5 0.0303 91.1% 3.9% 5.0% 

5 500 1 0.0048 90.0% 5.2% 4.8% 

   Desired 90.0% 5.0% 5.0% 

   Average 90.8% 4.5% 4.6% 
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K = L. NM 

 

�! 

 

�" 

 

�! 

 

�" 

 

% Inclusion of 

Expected 

Value 

Outside Limits 

Lower Limit Too 

High 

Upper Limit Too 

Low 

5 5 1 1 86.6% 8.0% 5.4% 

10 10 0.5 0.5 85.2% 7.1% 7.7% 

50 50 0.0684 0.0684 85.6% 7.5% 6.9% 

100 100 0.0303 0.0303 86.5% 7.1% 6.4% 

500 500 0.0048 0.0048 85.8% 6.2% 8.0% 

500 5 0.0048 1 86.0% 6.0% 8.0% 

100 10 0.0303 0.5 86.0% 7.4% 6.6% 

10 100 0.5 0.0303 87.4% 7.3% 5.3% 

5 500 1 0.0048 86.3% 7.3% 6.4% 

   Desired 85.0% 7.5% 7.5% 

   Average 86.2% 7.1% 6.7% 
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K = L. OM 

 

�! 

 

�" 

 

�! 

 

�" 

 

% Inclusion of 

Expected 

Value 

Outside Limits 

Lower Limit Too 

High 

Upper Limit Too 

Low 

5 5 1 1 76.8% 11.3% 11.9% 

10 10 0.5 0.5 77.0% 13.1% 9.9% 

50 50 0.0684 0.0684 77.4% 11.0% 11.6% 

100 100 0.0303 0.0303 73.4% 13.0% 13.6% 

500 500 0.0048 0.0048 77.3% 11.5% 11.2% 

500 5 0.0048 1 75.0% 10.8% 14.2% 

100 10 0.0303 0.5 76.6% 10.5% 12.9% 

10 100 0.5 0.0303 78.1% 13.0% 8.9% 

5 500 1 0.0048 77.5% 11.8% 10.7% 

   Desired 75.0% 12.5% 12.5% 

   Average 76.6% 11.8% 11.7% 
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Table 2.5 shows the results of further Monte Carlo simulations where one or 

both of the variances in ��,!∗  and ��,"∗  were increased or decreased by a factor of two 

and standard deviations of ��,!∗  and ��,"∗  were set accordingly.  This shows the 

sensitivity of our method to changes in the variance of ��∗. 
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Table 2.5.  Results of Monte Carlo Simulations: Sensitivity to Changes in Standard Deviation of 
*

tN  

� � � ��,! ��," St. dev. of ��,!∗  St. dev. of ��,"∗  

1,000 25 10,000 3.71E+09 3.71E+09 1.23E+08 1.74E+08 

 

K = L. LM 

 

�! 

 

�" 

 

�! 

 

�" 

 

% Inclusion of 

Expected 

Value 

Outside Limits 

Lower Limit Too 

High 

Upper Limit Too 

Low 

5 5 1 1 97.1% 1.4% 1.5% 

10 10 0.5 0.5 96.2% 1.1% 2.7% 

50 50 0.0684 0.0684 96.2% 2.4% 1.4% 

100 100 0.0303 0.0303 96.3% 1.6% 2.1% 

500 500 0.0048 0.0048 94.9% 3.0% 2.1% 

500 5 0.0048 1 95.6% 1.7% 2.7% 

100 10 0.0303 0.5 95.5% 2.8% 1.7% 

10 100 0.5 0.0303 96.0% 2.6% 1.4% 

5 500 1 0.0048 96.0% 2.2% 1.8% 

   Desired 95.0% 2.5% 2.5% 

   Average 96.0% 2.1% 1.9% 
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� � � ��,! ��," St. dev. of ��,!∗  St. dev. of ��,"∗  

1,000 25 10,000 3.71E+09 3.71E+09 1.74E+08 1.23E+08 

 

K = L. LM 

 

�! 

 

�" 

 

�! 

 

�" 

 

% Inclusion of 

Expected 

Value 

Outside Limits 

Lower Limit Too 

High 

Upper Limit Too 

Low 

5 5 1 1 95.8% 2.4% 1.8% 

10 10 0.5 0.5 95.9% 1.9% 2.2% 

50 50 0.0684 0.0684 96.3% 1.5% 2.2% 

100 100 0.0303 0.0303 95.7% 3.0% 1.3% 

500 500 0.0048 0.0048 95.2% 2.0% 2.8% 

500 5 0.0048 1 94.9% 2.7% 2.4% 

100 10 0.0303 0.5 96.7% 1.7% 1.6% 

10 100 0.5 0.0303 95.8% 2.5% 1.7% 

5 500 1 0.0048 95.6% 2.6% 1.8% 

   Desired 95.0% 2.5% 2.5% 

   Average 95.8% 2.3% 2.0% 
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2
 

� � � ��,! ��," St. dev. of ��,!∗  St. dev. of ��,"∗  

1,000 25 10,000 3.71E+09 3.71E+09 1.23E+08 1.23E+08 

 

K = L. LM 

 

�! 

 

�" 

 

�! 

 

�" 

 

% Inclusion of 

Expected 

Value 

Outside Limits 

Lower Limit Too 

High 

Upper Limit Too 

Low 

5 5 1 1 97.2% 1.5% 1.3% 

10 10 0.5 0.5 96.5% 1.4% 2.1% 

50 50 0.0684 0.0684 96.6% 1.9% 1.5% 

100 100 0.0303 0.0303 96.7% 1.1% 2.2% 

500 500 0.0048 0.0048 95.1% 2.0% 2.9% 

500 5 0.0048 1 96.0% 1.8% 2.2% 

100 10 0.0303 0.5 96.8% 1.4% 1.8% 

10 100 0.5 0.0303 97.0% 1.7% 1.3% 

5 500 1 0.0048 96.6% 1.8% 1.6% 

   Desired 95.0% 2.5% 2.5% 

   Average 96.5% 1.6% 1.9% 
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� � � ��,! ��," St. dev. of ��,!∗  St. dev. of ��,"∗  

1,000 25 10,000 3.71E+09 3.71E+09 2.46E+08 1.74E+08 

 

K = L. LM 

 

�! 

 

�" 

 

�! 

 

�" 

 

% Inclusion of 

Expected 

Value 

Outside Limits 

Lower Limit Too 

High 

Upper Limit Too 

Low 

5 5 1 1 95.6% 2.5% 1.9% 

10 10 0.5 0.5 95.4% 1.6% 3.0% 

50 50 0.0684 0.0684 94.9% 2.7% 2.4% 

100 100 0.0303 0.0303 95.2% 2.5% 2.3% 

500 500 0.0048 0.0048 94.1% 2.9% 3.0% 

500 5 0.0048 1 94.5% 2.8% 2.7% 

100 10 0.0303 0.5 95.1% 3.0% 1.9% 

10 100 0.5 0.0303 96.0% 2.0% 2.0% 

5 500 1 0.0048 95.1% 2.4% 2.5% 

   Desired 95.0% 2.5% 2.5% 

   Average 95.1% 2.5% 2.4% 
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� � � ��,! ��," St. dev. of ��,!∗  St. dev. of ��,"∗  

1,000 25 10,000 3.71E+09 3.71E+09 1.74E+08 2.46E+08 

 

K = L. LM 

 

�! 

 

�" 

 

�! 

 

�" 

 

% Inclusion of 

Expected 

Value 

Outside Limits 

Lower Limit Too 

High 

Upper Limit Too 

Low 

5 5 1 1 95.2% 2.2% 2.6% 

10 10 0.5 0.5 96.7% 1.0% 2.3% 

50 50 0.0684 0.0684 93.9% 2.9% 3.2% 

100 100 0.0303 0.0303 94.6% 3.3% 2.1% 

500 500 0.0048 0.0048 93.6% 3.2% 3.2% 

500 5 0.0048 1 93.6% 2.7% 3.7% 

100 10 0.0303 0.5 95.3% 2.3% 2.4% 

10 100 0.5 0.0303 95.5% 2.3% 2.2% 

5 500 1 0.0048 95.4% 2.8% 1.8% 

   Desired 95.0% 2.5% 2.5% 

   Average 94.9% 2.5% 2.6% 
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� � � ��,! ��," St. dev. of ��,!∗  St. dev. of ��,"∗  

1,000 25 10,000 3.71E+09 3.71E+09 2.46E+08 2.46E+08 

 

K = L. LM 

 

�! 

 

�" 

 

�! 

 

�" 

 

% Inclusion of 

Expected 

Value 

Outside Limits 

Lower Limit Too 

High 

Upper Limit Too 

Low 

5 5 1 1 95.4% 2.6% 2.0% 

10 10 0.5 0.5 95.0% 1.5% 3.5% 

50 50 0.0684 0.0684 94.3% 3.0% 2.7% 

100 100 0.0303 0.0303 94.9% 2.4% 2.7% 

500 500 0.0048 0.0048 92.9% 3.7% 3.4% 

500 5 0.0048 1 94.8% 2.7% 2.5% 

100 10 0.0303 0.5 94.4% 2.5% 3.1% 

10 100 0.5 0.0303 93.6% 4.6% 1.8% 

5 500 1 0.0048 94.6% 2.4% 3.0% 

   Desired 95.0% 2.5% 2.5% 

   Average 94.4% 2.8% 2.7% 
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The Monte Carlo simulations used to generate Table 2.3, Table 2.4, and Table 

2.5 were run with appropriate values of m  and z  so that the Jones Median Estimator 

method was used exclusively and the alternate P0 Estimator was not used.  However, 

our bootstrap method is capable of producing CIs even when one or both of em  and 

cm  are at the low end of the Jones Median Estimator’s useful range ( 5.1≈m ) (Foster 

2006).  In these cases, the P0 Estimator is used on bootstrap samples which the Jones 

Median Estimator cannot handle.  Figure 2.4 shows a plot of median *m  values 

obtained with both estimators covering the area of overlap between them (Foster 

2006).  Each data point represents the median *m  from either the Jones Median 

Estimator or P0 Estimator used on 1,000 sets of fluctuation test data simulated at the 

m  values found on the x-axis.  Table 2.6 shows the results of Monte Carlo 

simulations with one or both of em  and cm  equal to 1.5. 
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Figure 2.4.  Median 
*m  values obtained using Jones Median Estimator and P0 Estimator on 1000 sets of fluctuation test data 

simulated at the m  values found on the x-axis. 
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Table 2.6.  Results of Monte Carlo Simulations: Effects of Transition between Estimators 

� � � ��,! ��," St. dev. Of ��,!∗  St. dev. of ��,"∗  

1,000 25 10,000 3.71E+09 3.71E+09 1.74E+08 1.74E+08 
 

K = L. LM 

 

�! 

 

�" 

 

�! 

 

�" 

 

% Inclusion of 

Expected 

Value 

Outside Limits 

Lower Limit Too 

High 

Upper Limit Too 

Low 

1.5 15 1 0.3 95.9% 3.8% 0.3% 

1.5 1.5 1 1 96.9% 2.0% 1.1% 

15 1.5 0.3 1 94.9% 0.7% 4.4% 

   Desired 95.0% 2.5% 2.5% 

   Average 95.9% 2.2% 1.9% 
 

K = L. NL 

 

�! 

 

�" 

 

�! 

 

�" 

 

% Inclusion of 

Expected 

Value 

Outside Limits 

Lower Limit Too 

High 

Upper Limit Too 

Low 

1.5 15 1 0.3 91.5% 7.1% 1.4% 

1.5 1.5 1 1 93.7% 3.1% 3.2% 

15 1.5 0.3 1 90.5% 1.3% 8.2% 

   Desired 90.0% 5.0% 5.0% 

   Average 91.9% 3.8% 4.3% 
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K = L. NM 

 

�! 

 

�" 

 

�! 

 

�" 

 

% Inclusion of 

Expected 

Value 

Outside Limits 

Lower Limit Too 

High 

Upper Limit Too 

Low 

1.5 15 1 0.3 86.9% 10.5% 2.6% 

1.5 1.5 1 1 87.3% 6.5% 6.2% 

15 1.5 0.3 1 86.1% 2.9% 11.0% 

   Desired 85.0% 7.5% 7.5% 

   Average 86.8% 6.6% 6.6% 
 

K = L. OM 

 

�! 

 

�" 

 

�! 

 

�" 

 

% Inclusion of 

Expected 

Value 

Outside Limits 

Lower Limit Too 

High 

Upper Limit Too 

Low 

1.5 15 1 0.3 75.5% 18.7% 5.8% 

1.5 1.5 1 1 83.2% 8.8% 8.0% 

15 1.5 0.3 1 75.3% 5.0% 19.7% 

   Desired 75.0% 12.5% 12.5% 

   Average 78.0% 10.8% 11.2% 
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DISCUSSION 

For the Monte Carlo simulations described in Table 2.3, the values for �� are 

defined.  When these values are passed to the bootstrapping program, conservative CIs 

on the ratio 
�!∗ �"∗�  are produced as shown in Table 2.3.  However, in fluctuation test 

experiments �� is estimated, usually by serial dilution and plating.  ��∗ varies as a 

result of errors in the estimation method and error in �� between cultures.  The data in 

Table 2.3 does not account for this variance in ��∗ because it uses the defined values 

��,! and ��," for all bootstrap samples.  A second set of Monte Carlo simulations was 

performed where ��∗ was assumed normally distributed with mean 3.71E+9 and 

variance 1.74E+8, estimated from experimental data in Table 2.2.  
*

tN  has previously 

been described as being normally distributed (Rosche and Foster 2000).  ��∗ estimates 

were sampled at random from this distribution and passed to the bootstrapping 

program instead of the true �� values.  This simulation was performed to test the 

validity of using our bootstrapping code with experimental data when values for ��∗, 

but not �� are known.  Table 2.4 shows that this approach produces slightly 

conservative and satisfactory CIs for 
�!∗ �"∗�  in almost all cases.  Even in those few 

cases where our method produces CIs with less than expected coverage, we find that 

the results are still satisfactory.  In many cases, the CIs produced by our bootstrap 

method may sufficiently represent the range of possible values for 
�! �"�  when 

implemented with experimental data.  We provide evidence here that this holds true 

for a broad range of � and should work for experimental as well as simulated 
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fluctuation test data.  In further simulations (Table 2.5) we show the effects of altering 

the variance in 
*

tN  for one or both strains.  These results can be generalized by saying 

that increasing the variance for one or both strains results in less satisfactory CIs while 

decreasing it results in more conservative CIs.  In these simulations, our method was 

not very sensitive to an increase or decrease in the variances of one or both of ��,!∗  and 

��,"∗  by a factor of two. 

As previous authors have done, we recommend paying careful attention to 

experimental design when conducting fluctuation test experiments (Rosche and Foster 

2000).  Preliminary experiments designed to obtain rough estimates for � and to 

determine appropriate values for � for different strains or conditions are essential 

before employing the bootstrap method discussed here.  Failure to use appropriate � 

values could easily produce fluctuation test data outside of the useful range of the 

estimators used in our bootstrap method, resulting in inappropriate confidence 

intervals.  In our simulations we found values for � which produce a value for �̃ 

approximately in the middle of the useful range of the Jones Median Estimator (Foster 

2006).  The values of �̃ for bootstrap samples then fell on either side of this, and 

within the estimator’s useful range.  We have also investigated cases where m  was at 

the low end of the Jones Median Estimator’s useful range, where our method 

transitions to using the P0 Estimator to estimate 
*µ  (Figure 2.4 and Table 2.6).  Figure 

2.4 shows that in the region where the two estimators overlap, the P0 Estimator 

produces slightly higher values for 
*µ .  We expected this to affect CIs for 

�!∗ �"∗�  by 

increasing the percentage of times the lower confidence limit was too high and 
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decreasing the percentage of times when the upper confidence limit was too low when 

5.1=em , decreasing the percentage of times the lower confidence limit was too high 

and increasing the percentage of times when the upper confidence limit was too low 

when 5.1=cm , and to have little effect when both 5.1=em  and 5.1=cm .  These 

predictions were confirmed by the results in Table 2.6.  It is noteworthy, that while the 

transition between the two estimators did affect the upper and lower limits of the 

confidence intervals produced, the coverage of these intervals is still slightly 

conservative.   

The Monte Carlo simulations performed here rely on a recursive formulation 

of the Luria-Delbrück distribution (Equation 2.4) (Ma, Sandri et al. 1992).  This 

algorithm is based on the Lea-Coulson generating function for the Luria-Delbrück 

distribution (Lea and Coulson 1949; Ma, Sandri et al. 1992).  The assumptions 

inherent in the Lea-Coulson model have been discussed previously and in order for 

our Monte Carlo simulations to accurately represent experimental data, these 

assumptions must be correct (Lea and Coulson 1949; Rosche and Foster 2000).  These 

assumptions are that the probability of mutation is constant in each cell lifetime and 

throughout the growth of the culture, the proportion of mutants is small, the initial 

number of cells in culture is negligible compared with the final number of cells, 

mutant and non-mutant cell growth rates are the same, reverse mutations are 

negligible, all mutants are detected, and no mutants arise post-selection (Rosche and 

Foster 2000).  Alternatively, some departures from the Lea-Coulson model could be 

addressed by performing further Monte Carlo simulation based on a different model 

for the Luria-Delbrück distribution.  For example, that of Sarkar, Ma et al. (1992), 
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based on the generating function of Bartlett (1978), could be used in place of Equation 

2.4 to account for the fact that only a finite number of cell divisions occur in 

fluctuation test tubes between seeding and harvesting.  This could be useful for 

fluctuation tests where one cannot assume that the number of cells seeded is negligible 

compared with ��.  For most experiments with bacteria, this approach is not necessary 

when an appropriate experimental design is employed (Sarkar, Ma et al. 1992; Rosche 

and Foster 2000; Foster 2006). 

An alternative to using the recursive algorithm of Equation 2.4 for simulating a 

Luria-Delbrück distribution would be using one developed by Jones (1993) and 

implemented by Crane, Thomas et al. (1996) in their Monte Carlo simulations.  When 

10,000 simulated fluctuation test � values for � = 100 and � = 0.01 were generated 

using the algorithm of Equation 2.4, followed by randomly sampling from a binomial 

distribution to simulate plating a fraction of cultures and another 10,000 � values were 

generated using the method of Crane, Thomas et al. (1996), the two samples had the 

same median and mode and were not statistically different at a p-value of 0.05 using a 

Mann-Whitney U test (data not shown).  While the method of Crane, Thomas et al. 

(1996) was not used for the Monte Carlo simulations in this paper, it may be useful for 

simulating fluctuation test data for � ≥ 745 and evaluating the bootstrap method 

discussed here for large �.  The recursive algorithm of Equation 2.4 is not useful in 

Matlab for large � because the �� term becomes too small, is rounded to zero, and 

recursion cannot work.  We developed an additional Matlab function that produces 

simulated fluctuation test data using this alternative method (File S2.7), which is also 

based on the Lea-Coulson formulation of the Luria-Delbrück distribution. 
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With an appropriate equation relating microplate readings to an observed 

number of mutants, it may be possible to apply estimators for mutation rates as well as 

our method to appropriately modified liquid fluctuation tests, or mutagenicity tests, 

such as Ames II (Fluckiger-Isler, Baumeister et al. 2004).  However, for our method to 

be applicable to Ames II data, individual wells would have to be grown separately in 

the presence of a mutagen.  Additionally, the assumptions of the Lea-Coulson model 

would have to be satisfied by the mutagenicity test protocol, which would probably, at 

a minimum, require longer growth of cultures in the presence of a mutagen.  These 

changes represent substantial departures from the standard Ames II test protocol 

(Fluckiger-Isler, Baumeister et al. 2004). 

It can be advantageous to generate CIs on 
�!∗ �"∗�  instead on single �∗ values 

because readers can then quickly infer whether the two mutation rates �!∗  and �"∗ are 

statistically different, and if so, the range over which they differ.  Similar inferences 

about whether two �∗ values are statistically different can be made by using a Mann-

Whitney U test in some cases or by visually comparing CIs on individual �∗ values as 

discussed elsewhere (Cumming 2009).  However, this makes comparing sets of data 

much more complicated.  With our method, ratios of mutation rates can be compared 

between several sets of experimental and control populations simultaneously.  We also 

provide the computational tools to produce bootstrap CIs from fluctuation test data as 

well as to validate this bootstrap method for other fluctuation test parameters using 

Monte Carlo simulation. 
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CHAPTER THREE 

 

A system for targeted error-prone recombination directed replication of plasmid 

vectors in growing cells  

ABSTRACT 

We have developed a system for targeted mutagenesis in growing bacteria 

based on the phenomenon of adaptive mutation in Escherichia coli.  Our system relies 

on overexpression of DNA polymerase IV and a nickase from an inducible promoter, 

promoting localized mutagenesis on a target vector with nickase recognition sites.  We 

have performed early experiments to optimize the target vector for targeting and 

mutation rate using β-galactosidase and β-lactamase reversion assays with non-lethal 

and lethal selection, respectively.  We generated a mutation spectrum by selecting 

forward mutations within the counter-selectable ccdB gene.  Finally, we characterized 

the effects of the yafNOP genes, located downstream of the dinB gene on the 

chromosome.  We discuss considerations relating to the flexibility and portability of 

our system to other strains and compare it with previously reported bacterial localized 

mutagenesis techniques. 

INTRODUCTION 

Early investigation into adaptive mutation in Escherichia coli involved the 

strain FC40, which carries a defective lac allele on its F’128 episome (Cairns and 

Foster 1991; Foster 2004).  This strain cannot normally survive on lactose as a sole 

carbon source, but has a high rate of lac
+
 reversion when subjected to nonlethal 

selection on minimal lactose medium for several days.  Reversion to lac
+
 is dependent 



 

60 

on proteins involved in DNA repair by homologous recombination (HR) RecA, 

RecBCD, RuvABC, as well as the translesion synthesis (TLS) DNA polymerase IV 

(Pol IV), the stress response sigma factor RpoS, and the F plasmid helicase TraI, 

which is responsible for nicking and unwinding OriT (Foster 2004; He, Rohatgi et al. 

2006; Frisch, Su et al. 2010).  The current model for adaptive mutation involves 

double strand break (DSB) formation, either by replication fork collapse at a nick or 

by direct cleavage of dsDNA, followed by repair by HR involving Pol IV.  This repair 

can introduce mutations due to Pol IV being a non-proofreading, error-prone, DNA 

polymerase. 

Further investigation into adaptive mutation revealed that another DNA 

nicking enzyme or a homing endonuclease could substitute for TraI (Rodriguez, 

Tompkin et al. 2002; Ponder, Fonville et al. 2005) and that overexpression of Pol IV 

could also induce mutation on F’ in exponentially growing cells (Kim, Maenhaut-

Michel et al. 1997; Storvik and Foster 2010).  Adaptive mutation is even capable of 

producing clinically relevant mutations to β-lactam resistance by forward mutation 

(Petrosino, Galhardo et al. 2009).  By causing DSBs on the E. coli chromosome and 

monitoring reversion of tet reporters placed at intervals around the break site, it has 

been shown that maximum mutation occurs within ~2 kb of a break and decreases 

logarithmically out to ~60 kb from the break independently of orientation or break 

location (Shee, Gibson et al. 2012).  These observations prompted us to investigate 

whether we could target Pol IV-dependent mutagenesis to plasmid vectors in growing 

cells by recombination directed replication.  Recent in vitro work supports that Pol IV 

competes effectively with other DNA polymerases at recombination intermediates at 
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SOS induced levels (Pomerantz, Kurth et al. 2013). 

Mutagenesis has been employed for engineering recombinant proteins to 

improve their function, production, or even to provide new functions.  Untargeted and 

site-directed mutagenesis are often used and both have disadvantages. Untargeted 

mutagenesis, when applied in vivo, often involves the use of genotoxic compounds or 

mutator strains. This limits its usefulness in some situations, such as in co-culture, and 

means that mutants must be extensively studied to ascertain whether a desired mutant 

phenotype is the result of a change in a gene of interest or in the strain’s background 

genomic DNA. Then the mutant DNA must be moved to a new host strain. Site 

specific mutagenesis is used to change one or more nucleotides in a known DNA 

sequence. This method requires a high level of knowledge about the structure and 

function of a gene product.  A third type of mutagenesis, called localized mutagenesis, 

involves creating mutations at random within a specified region of DNA. This is 

useful because it guarantees that a mutant phenotype is the result of a change in a gene 

of interest and not in a strain’s genetic background.  It also requires less knowledge 

about protein and gene structure than site-directed mutagenesis because mutants with a 

desired phenotype can be screened or selected.  Examples of localized mutagenesis are 

error prone polymerase chain reaction (PCR) and a method for mutating transducing 

phage DNA and recombining it into the chromosome (Hong and Ames 1971).  

However, error prone PCR is complicated because it involves amplifying and 

introducing mutations in vitro followed by transformation, screening or selection, and 

construction of mutant libraries. The method of mutating transducing phage DNA 

requires regions of homology with the chromosome and has limited use with foreign 
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DNA from other strains or species.  Multiplex automated genome engineering 

(MAGE) has been proposed as a method for replacing multiple portions of a strain’s 

genomic DNA with synthetic DNA that can contain random sequence regions (Wang, 

Isaacs et al. 2009).  However, at this time, performing MAGE over a larger region of 

DNA containing multiple genes could be cost prohibitive. Another system for 

localized mutagenesis uses an engineered error-prone DNA polymerase I (Pol I) which 

targets a plasmid with a Pol I dependent origin. The target vector for this system is 

limited by the requirement for Pol I dependence and performance depends largely on 

growth conditions (Camps, Naukkarinen et al. 2003).  

We are developing a technology that will be useful for the directed evolution 

of specific genes within living cells while leaving other genetic material within these 

cells relatively untouched.  Our strains respond to a non-toxic chemical inducer 

molecule, propionate, triggering mutagenesis restricted to target vectors carried within 

them.  The propionate induction system (Lee and Keasling 2005) allows for highly 

tunable induction of mutagenesis.  Packaging our expression system for Pol IV and 

nicking enzyme into a mini-Tn7 cassette allows for portability to other E. coli strains, 

provided that specific genetic requirements are met (Choi and Schweizer 2006).  Since 

mutation target vectors only require nick or cut sites to promote targeted mutation, a 

wide array of targets is potentially available.  So far we have demonstrated that our 

system produces targeted mutagenesis on both medium and low copy number targets.  

We have even succeeded at selecting mutants with homogeneous mutant genes of 

interest on a low copy number pBAC vector without requiring isolation of plasmid 

DNA and retransformation. 
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We examined the mutation spectrum for our system using a forward mutation 

assay involving disabling a counterselectable marker gene on a target vector.  We have 

characterized our system in different strain backgrounds, including cells with and 

without a toxin-antitoxin system previously described to have a role in adaptive and 

growth-dependent mutation (McKenzie, Magner et al. 2003; Singletary, Gibson et al. 

2009), with the goals of improving our system as a tool for directed evolution and 

developing a better understanding of the mechanism involved. 

MATERIALS AND METHODS 

Construction of strains and plasmids: 

A complete list of strains, plasmids, and primers used in this study appears in 

Table 3.1.  Strains ER1793 and ER1821 and plasmids pBR322 and pACYC177 were 

obtained from New England Biolabs. Strain MDS42 was obtained from Scarab 

Genomics. Strain EC100D pir-116 was obtained from Epicentre Biotechnologies.  

pPro18, pBMT-1, pBMT-2, and pBac-LacZ (Addgene plasmids 17806, 22840, 22839, 

and 13422) were purchased (Lee and Keasling 2005; Lynch and Gill 2006; Wright, 

Thibodeau-Beganny et al. 2006).  pBac-LacZ was provided inside Transformax 

EPI300 cells (Epicentre Biotechnologies) which express trfA from an inducible 

promoter.  pCRS4 was provided by Patricia Foster (Rodriguez, Tompkin et al. 2002).  

Strain NR17041 was provided by Roel Schaaper (Gawel, Hamilton et al. 2008).  

pUC18R6K-mini-Tn7T-gm and pTNS2 were provided by Herbert Schweizer (Choi 

and Schweizer 2006).  pKD46, pCP20, and pKD3 were obtained from the Coli 

Genetic Stock Center (Cherepanov and Wackernagel 1995; Datsenko and Wanner 

2000).  Plasmid pLA2800 was provided by Manel Camps (Camps, Naukkarinen et al. 
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2003).  Plasmid pMR0035 was ordered from Integrated DNA Technologies and was 

designed to contain a multiple cloning site flanked by two target sites for the GII 

nickase and flanked by 5 repeated chi sequences on either side in the correct 

orientation to stimulate recombination after breakage at the nickase sites (Sequence 

S3.1) (Rodriguez, Tompkin et al. 2002).  Plasmid p11-LacY-wtx1 was provided by 

Huimin Zhao (Chen and Zhao 2005).  Liquid cultures were grown in a New 

Brunswick Excella E24 Incubator Shaker at 37˚C, 225 rpm and plates were incubated 

in a VWR incubator at 37˚C unless otherwise specified. 

PCR amplifications were performed with a Phusion High-Fidelity PCR Kit 

(New England Biolabs) except for colony PCR used to screen for correct cloning and 

PCR amplification of DNA for sequencing, which were performed using Taq 2X 

Master Mix (New England Biolabs).  PCR reactions were carried out according to the 

manufacturer's recommendations and, when used to produce cloning inserts, were gel 

purified.  Gel purification was performed using a NucleoSpin Gel and PCR Clean-up 

kit (Clontech).  Plasmid DNA was isolated using QIAprep Spin Miniprep Kit 

(Qiagen).  Genomic and episomal DNA was isolated using a NucleoSpin Tissue kit 

(Clontech).  Restriction enzymes were purchased from New England Biolabs and 

digests were performed according to the manufacturer's recommendations.  Cloning of 

inserts into vectors was performed by gel purifying digested vector and insert DNA 

and ligating the insert into the vector using T4 DNA Ligase (New England Biolabs).  

Competent cells were prepared using either the method described by Chung, Niemela 

et al. (1989) or, when higher transformation efficiencies were required, were made 

electrocompetent (Sambrook and Russell 2001).
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Table 3.1.  Strains, plasmids, and primers. 

Strains     

Name Relevant Genotype Source 

ER1793 F
-
 fhuA2 Δ(lacZ)r1 glnV44 e14

-
(McrA

-
) trp-31 his-1 rpsL104 

xyl-7 mtl-2 metB1 Δ(mcrC-mrr)114::IS10 

New England Biolabs 

ER1821 F
-
 glnV44 e14

-
(McrA

-
) rfbD1? relA1? endA1 spoT1? thi-1 

Δ(mcrC-mrr)114::IS10 

New England Biolabs 

MDS42 reduced genome, IS element free Scarab Genomics 

TransforMax EC100D pir-116 F
-
 mcrA Δ(mrr-hsdRMS-mcrBC) φ80dlacZΔM15 ΔlacX74 

recA1 endA1 araD139 Δ(ara, leu)7697 galU galK λ- rpsL 

(Str
R
) nupG pir-116(DHFR) 

Epicentre Biotechnologies 

TransforMax EPI300 F
-
 mcrA Δ(mrr-hsdRMS-mcrBC) Φ80dlacZΔM15 ΔlacX74 

recA1 endA1 araD139 Δ(ara, leu)7697 galU galK λ
-
 rpsL 

(Str
R
) nupG trfA dhfr 

Epicentre Biotechnologies 

NR17041 ara thi Δ(prolac) trpE9777 Δ(dinB-yafN)::kan 

F’CC104/Δ(dinB-yafN)::kan 

(Gawel, Hamilton et al. 2008) 

MR0009 ER1793 ΔdinB::cm This work 

MR0010 MR0009 attTn7:: mini-Tn7T-gm-Ppro This work 

MR0011 MR0009 attTn7:: mini-Tn7T-gm-Ppro-dinB This work 

MR0012 MR0009 attTn7:: mini-Tn7T-gm-Ppro-dinB-gII This work 

MR0017 MR0009 attTn7::mini-Tn7T-gm-Ppro-dinB-gII-lacZ(CC104) This work 

MR0013 MR0009 attTn7:: mini-Tn7T-gm-Ppro F’NR17041 This work 

MR0014 MR0009 attTn7:: mini-Tn7T-gm-Ppro-dinB F’NR17041 This work 

MR0058 ER1793 ΔdinB attTn7:: mini-Tn7T-Ppro-din-gII This work 

MR0089 ER1793 Δ(dinB-yafNOP)::cm attTn7:: mini-Tn7T-Ppro-dinB This work 

MR0098 ER1793 Δ(dinB-yafNOP) attTn7:: mini-Tn7T-Ppro-dinB This work 
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Plasmids  

Name Source 

pBR322 New England Biolabs 

pACYC177 New England Biolabs 

pPro18 Addgene Plasmid 17806; (Lee and Keasling 2005) 

pBMT-1 Addgene Plasmid 22840; (Lynch and Gill 2006) 

pBMT-2 Addgene Plasmid 22839; (Lynch and Gill 2006) 

pBac-LacZ Addgene Plasmid 13422; (Wright, Thibodeau-Beganny et al. 2006) 

pCRS4 (Rodriguez, Tompkin et al. 2002) 

pUC18R6K-mini-Tn7T-gm (Choi and Schweizer 2006) 

pTNS2 (Choi and Schweizer 2006) 

pKD46 CGSC #7631; (Datsenko and Wanner 2000) 

pCP20 CGSC #7629; (Cherepanov and Wackernagel 1995) 

pKD3 CGSC #7669; (Datsenko and Wanner 2000) 

pLA2800 (Camps, Naukkarinen et al. 2003) 

pMR0035 This work (Integrated DNA Technologies) 

p11-LacY-wtx1 (Chen and Zhao 2005) 

pMR0008 This work 

pMR0010 This work 

pMR0013 This work 

pMR0011 This work 

pMR0019 This work 

pMR0018 This work 

pMR0017 This work 

pMR0023 This work 

pMR0020 This work 
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pMR0021 This work 

pMR0029 This work 

pMR0027 This work 

pMR0032 This work 

pMR0034 This work 

pMR0030 This work 

pMR0031 This work 

pMR0039 This work 

pMR0040 This work 

pMR0044 This work 

pMR0055 This work 

pMR0056 This work 

pMR0058 This work 

pMR0062 This work 
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Primers  

Number Sequence 

1 5'-ATGCTGAATCTTTACGCATTTCTCAAACCCTGAAATCACTGTATACTTTAGTGTAGGCTGG

AGCTGCTTC-3' 

2 5'-CAGTGATACCCTCATAATAATGCACACCAGAATATACATAATAGTATACAATGGGAATTA

GCCATGGTCC-3' 

3 5'-ATGCTGAATCTTTACGCATTTCTCA-3' 

4 5'-CAGTGATACCCTCATAATAATGCAC-3' 

5 5'-AAAATTAATTCAGCTTTTCAGCCGCCGCC-3' 

6 5'-GGGGACGTCTGTATTTAGAAAAATAAACAAAAGAGTTTG-3' 

7 5'-ATGATTGACATGCTAGTTTT-3' 

8 5'-TTATGCGATTTTAAGAACTG-3' 

9 5'-AAACCCGGGAGGAGGCAGCTAATGATTGACATGCTAGTTTT-3' 

10 5'-GGGTCTAGATTATGCGATTTTAAGAACTGGCTC-3' 

11 5'-ATGCGTAAAATCATTCATGTGGATA-3' 

12 5'-TCATAATCCCAGCACCAGTTGTCTT-3' 

13 5'-AAAGAGCTCAGGAGGCAGCTAATGCGTAAAATCATT-3' 

14 5'-AAACCCGGGTCATAATCCCAGCACCAG-3' 

15 5'-TTTACTAGTTCAGCTTTTCAGCCGCCGCCAGAAC-3' 

16 5'-AAAGGGCCCGCAAAAAGGCCATCCGTCAGGATG-3' 

17 5'-GGTACCTCGCGAAGGGCGCAACGCAATTAATGTGAG-3' 

18 5'-GGTTGGCCTGCAAGGTTATTTTTGACACCAGACCAACTGG-3' 

19 5'-AAGTAGCGATAACATGCACATCATC-3' 

20 5'-CACAGCATAACTGGACTGATTTC-3' 

21 5'-ATTAGCTTACGACGCTACACCC-3' 

22 5'-AAGAACCGATACCCTGGTAGTTAA-3' 

23 5'-AAATCTAGAGGTACCGAGCTCCTGCAGACTCGTCTCGAGCCCGGGAAGCTTAAA-3' 
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24 5'-TTTAAGCTTCCCGGGCTCGAGACTAGTCTGCAGGAGCTCGGTACCTCTAGATTT-3' 

25 5'-AAAGAGCTCGTCTTTAATAGTGGACTCTTGTTCCAAACTGGAACAACGTCTAGAAAA-3' 

26 5'-TTTTCTAGACGTTGTTCCAGTTTGGAACAAGAGTCCACTATTAAAGACGAGCTCTTT-3' 

27 5'-AAACTGCAGGCGCAACGCAATTAATGTGAG-3' 

28 5'-AAACTCGAGTTATTTTTGACACCAGACCAACTGG-3' 

29 5'-AAAGGCGCCGTCTTTAATAGTGGACTCTTGTTCCAAACTGGAACAACGAAGCTTAAA-3' 

30 5'-TTTAAGCTTCGTTGTTCCAGTTTGGAACAAGAGTCCACTATTAAAGACGGCGCCTTT-3' 

31 5'-AAAGTCGACGCACCCGACATAGATCCCCTATTTG-3' 

32 5'-AAACTGCAGAAACTTGGTCTGACAGTTACCAATGCTTAATC-3' 

33 5'-AAACTGCAGTTATGACAACTTGACGGCTACATCATTC-3' 

34 5'-AAAGACGTCTCAGGTAGGATCCGCTAATCTTATG-3' 

35 5'-AAACTGCAGGCCATTCAGAGAAGAAACCAATTGTC-3' 

36 5'-AAACTCGAGCGCAAAAAGGCCATCCGTCAG-3' 

37 5'-GGAGTGAAACGATGCAGTTTAAGGTTTACACCTATAAAAGA-3' 

38 5'-GCTAGCCCAAAAAAACGGGTATGGAGAAACAG-3' 

39 5'-AAAGCGGCCGCTGATTAAGCATTGGTAATGAGGATC-3' 

40 5'-AAAGGGCCCCAATCCCTGTGGTCAAGCTC-3' 

41 5'-TGGTGCAAAAGCTGGATAAGCAGCAGGTGCTTTCGCAGCGAACGCGTTAAGTGTAGGCTG

GAGCTGCTTC-3' 

42 5'-CAGAAAACGCGCACATACCAGGCGGGCGTTATTTTCATTGCAAGCTGGATATGGGAATTA

GCCATGGTCC-3' 

43 5'-CGATACGCTGTATCAATACTTTGGTCAG-3' 

44 5'-ATCAGGAAATGGCAGACGAATCCAG-3' 

45 5'-TTCGATGATAAGCTGTCAAACATG-3' 

46 5'-GAAAGCATAACTGGCCTGAATATTC-3' 

47 5'-CTGTTTTATCAGACCGCTTCTG-3' 
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Strain ER1793 (New England Biolabs) was chosen as a parent for mutator 

strains because of its utility as a cloning strain and the fact that it contains a deletion in 

the lacZ gene, which does not extend into the rest of the lac operon and leaves the lac 

operator intact, such that it will show alpha-complementation of lacZ if the M15 

deletion is present elsewhere in the cell (personal communication with New England 

Biolabs technical support).  First, the native copy of dinB in this strain was removed 

using the λ-Red mediated recombineering method of Datsenko and Wanner (2000).  

Plasmid pKD46 and DNA amplified with primers 1 and 2 from pKD3 were used for 

this manipulation.  Primers 3 and 4 were used to PCR screen for a successful gene 

knockout.  After a successful ΔdinB::cm deletion mutant of ER1793 had been created, 

this strain was cured of pKD46 by growth at 42°C without ampicillin, followed by 

colony purification and screening individual colonies for amp
S
 and cm

R
 and named 

MR0009.  Antibiotic concentrations of 10 μg/ml chloramphenicol (cm10) and 100 

μg/ml ampicillin (amp100) were used. 

Since pPro18 was constructed using the backbone of the vector pBAD18, 

which contains a sequence nearly identical to the recognition site of the GII nickase, 

the propionate regulated region of pPro18 was cloned into the backbone of pBR322 

(New England Biolabs) (Lee and Keasling 2005).  This was accomplished by 

amplifying the desired region from pPro18 using primers 5 and 6, and cloning this 

insert between the AseI and AatII sites of pBR322, creating pMR0008.  This 

procedure also removed part of the ampicillin resistance gene on pBR322, therefore 

strains harboring this vector were grown on 10 μg/ml tetracycline (tc10) and screened 

for amp
S
. 
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The gene encoding the phage f1 nickase, gII, was amplified from pCRS4 using 

primers 7 and 8, gel purified and amplified again using primers 9 and 10, adding 

restriction enzyme XmaI and XbaI sites, a ribosomal binding site (RBS), and 5' 

untranslated region (5'UTR).  Amplified DNA was cloned between the XmaI and 

XbaI sites in pMR0008 creating pMR0010. 

The gene encoding DNA polymerase IV, dinB, was amplified with primers 11 

and 12 from chromosomal DNA isolated from strain ER1821 (New England Biolabs).  

A further round of amplification with primers 13 and 14 added restriction sites for 

SacI and XmaI, a RBS, and a 5'UTR.  This insert was cloned between the SacI and 

XmaI sites of pMR0010 forming pMR0013 as well as between the same sites in 

pMR0008, forming pMR0011. 

Primers 15 and 16 were used to amplify regions from pMR0008, pMR0011, 

and pMR0013, adding restriction sites for ApaI and SpeI.  These inserts were cloned 

into pUC18R6K-mini-Tn7T-gm digested with these enzymes.  The resulting vectors 

were pMR0017, pMR0018, and pMR0019 respectively.  An additional plasmid was 

constructed for performing mini-Tn7 insertions by digesting pMR0019 with StuI and 

using an In-Fusion PCR Cloning Kit (Clontech) to insert a lacZ(CC104) allele under 

control of its native promoter, which had been amplified from chromosomal and 

episomal DNA isolated from strain NR17041 using a NucleoSpin Tissue Kit 

(Clontech).  Primers 17 and 18 were used to amplify lacZ(CC104) and to add 

sequence homology required for the In-Fusion PCR Cloning Kit (Clontech).  The 

resulting plasmid was pMR0023. 

Plasmids pMR0017, pMR0018, pMR0019, and pMR0023 were used along 
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with pTNS2 to perform mini-Tn7 insertions into MR0009 as previously described 

(Choi and Schweizer 2006).  The resulting strains were named MR0010, MR0011, 

MR0012, and MR0017 respectively.  Screening for correct insertions was performed 

using primers 19, 20, 21, and 22. 

Strains MR0010 and MR0011 were mated with strain NR17041 and 

exconjugants were selected on LB plates containing gentamycin, kanamycin, 

chloramphenicol, and streptomycin.  The resulting exconjugants were named MR0013 

and MR0014 respectively.  Conjugation was carried out by growing cultures of strains 

to be used to an OD600 of approximately 1.0 without antibiotics, then adding 1 ml of 

each culture to 2 ml of fresh LB in sterile tubes.  These tubes were incubated for 30 

minutes at 37°C to allow conjugation to occur without shaking, then shaken at 250 

rpm for 2 minutes in an attempt to break up mating pairs.  Finally 1, 10
-2

, 10
-4

, and 

10
-6

 fold serial dilutions were prepared from the conjugation mixture.  100 μl of each 

of these serial dilutions, as well as the original mixture, was plated on LB plates with 

appropriate antibiotics to select for the desired exconjugant. 

The first group of mutation target plasmids were constructed by annealing 1 μg 

each of primers 23 and 24.  This was performed by heating a mixture of these primers 

in a total volume of 20 μl milliQ H2O to 95°C for 5 minutes, followed by slow cooling 

to 25°C.  The annealed primers were then digested with XbaI and HindIII and cloned 

into pBMT-1 digested with the same enzymes resulting in pMR0020.  Next, primers 

25 and 26 were annealed, digested, and cloned between the XbaI and SacI restriction 

sites in pMR0020 creating pMR0021.  pMR0020 and pMR0021 were digested with 

BsrBI, gel purified, and ligated, removing the mob gene from these vectors and 
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creating pMR0027 and pMR0029 respectively.  Next, the lacZ(CC104) allele was 

amplified from NR17041 genomic and episomal DNA using primers 27 and 28 and 

cloned between the PstI and XhoI sites in vectors pMR0027 and pMR0029 creating 

pMR0032 and pMR0034 respectively.  Finally primers 29 and 30 were annealed, 

digested and cloned between the HindIII and KasI sites in pMR0029 and pMR0034 

creating pMR0030 and pMR0031 respectively. 

The second group of mutation target plasmids, used in bla reversion 

fluctuation tests, were created by cloning the XbaI-KasI segment of pMR0035 into 

pBMT1 and pBMT2 after digestion of all plasmids with these enzymes and gel 

purification of the appropriate fragments creating pMR0039 and pMR0040 

respectively.  Then, the bla allele from pLA2800 was amplified using primers 31 and 

32 and cloned between the SalI and PstI sites in pMR0040 creating pMR0044. 

MDS42 was selected for mutation spectrum generation because its 

chromosome is free from insertion sequence (IS) elements that could generate false 

positives by insertion into the ccdB toxin gene (Posfai, Plunkett et al. 2006).  Plasmid 

pMR0055 was generated by cloning DNA encoding araC amplified with primers 33 

and 34 from p11-LacY-wtx1 between the PstI and AatII sites of pACYC177, 

inactivating the ampicillin resistance gene on that plasmid in the process.  The ccdB 

gene was first amplified from p11-LacY-wtx1 using primers 35 and 36 and cloned 

between the PstI and XhoI sites of pMR0030 creating pMR0056.  Then primers 37 

and 38 were used to perform site directed mutagenesis by amplifying pMR0056 in its 

entirety, returning the ribosomal binding site (RBS) of the arabinose-inducible 

promoter controlling ccdB to the stronger RBS of pBAD18s (5’-GGAGTG-3’) 
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(Guzman, Belin et al. 1995; Chen and Zhao 2005).  This PCR product was 

phosphorylated using T4 Polynucleotide Kinase (New England Biolabs) according to 

the manufacturer’s instructions, and ligated to form pMR0058.  The region containing 

GII nickase sites, ccdB, and its promoter was amplified from pMR0058 using primers 

39 and 40, and cloned between the NotI and ApaI sites in pBAC-LacZ creating 

pMR0062.  pBac-LacZ contains an inducible higher copy number origin of replication 

(OriV), which was induced with 1 mM arabinose inside of the EPI300 cell line in 

which it was provided to obtain sufficient plasmid for miniprep and cloning. The NotI 

and ApaI sites were chosen to eliminate long direct repeats in the DNA sequence, 

which could result in the region encoding CcdB being recombined out, giving false 

positives for CcdB inactivation. 

Antibiotic resistances for gentamycin and chloramphenicol were removed from 

MR0012 by transforming with temperature-sensitive pCP20 at 30˚C, followed by 

growth at 42˚C in the absence of these antibiotics, colony purification, and screening 

for sensitive colonies, creating MR0058.  A Δ(dinB-yafNOP) version of MR0058 was 

also created by λ-Red mediated recombineering using pKD46, and DNA amplified 

from pKD3 with primers 41 and 42.  Since there were multiple possible recombination 

products, PCR screening with primer pair 43 and 44 as well as primer pair 3 and 44 

was used to identify MR0089, containing the desired chromosomal deletion.  Plasmid 

pCP20 was used as described above to remove the chloramphenicol resistance marker 

from this strain creating MR0098. 

Chemicals, medium, and plates: 

50 mg/ml ampicillin, sodium salt (Shelton Scientific), 10 mg/ml kanamycin 
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sulfate (EMD Chemicals), 10 mg/ml streptomycin sulfate (CalBiochem), 10 mg/ml 

thiamine hydrochloride (Research Organics), 50% L-arabinose (Biosynth 

International), 20% D-glucose (Amresco), 20% α-lactose (J.T. Baker), 5 mg/ml L-

methionine (MP Biomedicals), 5 mg/ml L-histidine monohydrochloride monohydrate 

(Alfa Aesar), and 10 mg/ml L-tryptophan (MP Biomedicals) were prepared with 

MilliQ water and then filtered with a 0.2 μm filter to sterilize.  1 mg/ml bleomycin 

sulfate (Cayman Chemical Company) was dissolved in 0.2 μm filter sterilized 0.9% 

NaCl (Mallinkrodt Baker, Inc.) solution.  34mg/ml chloramphenicol (VWR 

International) and 5 mg/ml tetracycline hydrochloride (EMD Chemicals) were 

prepared in 95% ethanol (Mallinckrodt Chemicals).  50 mg/ml rifampicin (TCI 

America) was dissolved in DMSO (J.T. Baker).  5 M sodium propionate (Alfa Aesar), 

1 M MgSO4 (Fisher Scientific), 1 M CaCl2 (J.T. Baker), 1 M KH2PO4 (BDH 

Chemicals), 1 M K2HPO4 (J.T. Baker) and Difco™ LB Broth, Miller (Luria-Bertani) 

(Becton, Dickinson and Company) were prepared by dissolving chemicals in dH2O 

and autoclaving 20 minutes to sterilize.  66 mM pH 7.2 phosphate buffer was made by 

combining 7.1 ml 1 M KH2PO4 and 17.9 ml 1 M K2HPO4, bringing the solution to a 

final volume of 379 ml with dH2O, and autoclaving 20 minutes to sterilize.  LB plates 

were prepared in a similar fashion to LB medium except that 7.5 g of Bacto™ Agar 

(Becton, Dickinson and Company) was added per 500 ml before autoclaving.  

Antibiotics and supplements were added to LB medium with agar, after tempering to 

55 ˚C, except for cloning experiments when they were spread with a sterile spreader 

prior to plating bacteria.  Unless otherwise specified, final antibiotic concentrations 

used were 100 μg/ml ampicillin, 25 μg/ml kanamycin, 10 μg/ml chloramphenicol, 15 
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μg/ml tetracycline, 100 µg/ml rifampicin, and 20 μg/ml streptomycin. 

For preparation of M9 agar plates, 11.3 g of Difco™ M9 Minimal Salts, 5x 

(Becton, Dickinson and Company) was dissolved in distilled water (dH2O) and 

brought to a final volume of 200 ml.  100 ml was then poured into each of two 500 ml 

bottles and autoclaved 20 minutes to sterilize.  7.5 g of Bacto™ Agar (Becton, 

Dickinson and Company) was mixed with 400 ml dH2O in two separate 500 ml bottles 

and also autoclaved 20 minutes to sterilize.  When sterile, a bottle of agar and water 

was added to each M9 salts bottle and the total volume was brought to 500 ml with 

sterile dH2O.  M9 plates were supplemented with 1 ml of 1M MgSO4, 50 μl of 1M 

CaCl2, and 125 μl of 10 mg/ml Thiamine HCl per 500 ml bottle.  10 ml of 20% α-

lactose was added per 500 ml bottle for preparation of M9 lactose (M9 lac) plates, and 

10 ml of 20% D-glucose was added per 500 ml bottle for the preparation of M9 

glucose (M9 glu) plates.  M9 plates were supplemented with 4 ml of 5 mg/ml L-

Methionine, 1.56 ml of 5 mg/ml L-Histidine monohydrochloride monohydrate, and 

1.02 ml of 10 mg/ml L-Tryptophan per 500 ml bottle of tempered medium before 

pouring. 

lacZ reversion fluctuation tests: 

Fluctuation tests were used to estimate mutation rates.  These were designed 

based on the writing of Foster (2006), and the notation from that paper is employed 

here and reproduced in Table 3.2.  The number of mutation events, �, was estimated 

using the Jones Median Estimator or the P0 estimator, as appropriate for the number of 

observed mutants, since both of these methods include corrections that account for 

when only a fraction of fluctuation test cultures are plated and it is possible to place 
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CLs on the estimates (Luria and Delbruck 1943; Stewart, Gordon et al. 1990; Jones 

1994; Jones, Thomas et al. 1994; Foster 2006).  Mutation rate, �, was then calculated 

as � N�⁄ .  CLs on mutation rate ratios were calculated at 95% using the method of 

Russell and March (Russell and March 2011). 
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Table 3.2.  Mutation rate nomenclature 

Term Definition 

� Number of mutations per culture 

Μ Mutation rate; probability of mutation per cell per division or 

generation 

N Number of cells 

N� Initial number of cells in a culture = the inoculums 

N� Final number of cells in a culture 

� Observed number of mutants in a culture 

rT Median number of mutants in a culture 

U Mutant fraction or frequency = � N⁄  

V Volume of a culture 

C Number of cultures in experiment 

�� Proportion of cultures without mutants 

� Dilution factor or fraction of a culture plated 

� Proportion of cultures with � mutants 

c Number of cultures with � mutants 

P Proportion of cultures with � or more mutants 

ZC Value of � at 25% of the ranked series of � 

Z[ Value of � at 50% of the ranked series of � = the median 

Z\ Value of � at 75% of the ranked series of � 

] Standard deviation 

CL Confidence limit = �1 − �� × 100 

� Level of statistical significance, usually 0.05 or 0.01 
 

a 
Reproduced from Foster (2006). 
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Fluctuation tests were performed by growing an overnight 2 ml culture of the 

desired strain with appropriate antibiotics in LB medium at 37˚C, 250 rpm.  The 

following day fluctuation test culture tubes were prepared by mixing a batch of LB 

medium with the desired concentration of sodium propionate and antibiotics.  20 

parallel 2 ml culture tubes were prepared unless otherwise indicated.  Antibiotics 

selecting chromosomal antibiotic selection markers were omitted from these cultures 

except for streptomycin for ER1793 descendants.  The overnight culture was serially 

diluted 20�980 μl, 10�990 μl, 10�990 μl in 1.5 ml microcentrifuge tubes using LB 

medium as a diluent and mixed by inverting.  10 μl of the final dilution, or 2 × 10<_ 

of the overnight culture, was inoculated into each of the parallel fluctuation test 

cultures.  These cultures were grown 12-14 hours at 37˚C, 250 rpm until nearly 

saturated. 

Fluctuation test cultures were removed from the shaking incubator; 1 ml was 

removed from each and placed into 1.5 ml microcentrifuge tubes.  Cells were washed 

twice in 1 ml 66 mM pH 7.2 phosphate buffer and resuspended in the same by gentle 

pipetting with 5 minute spins at 3000 g to pellet cells.  After washing, 5 randomly 

chosen tubes were serially diluted 10�990 μl, 10�990, 10�990, 500�500μl, in 1.5 

ml microcentrifuge tubes using 66 mM pH 7.2 phosphate buffer as a diluent.  100 μl, 

or 2.5 × 10<_ of the initial culture, was plated on M9 glu plates from each final 

dilution.  100-200 μl of washed cells were plated on M9 lac plates depending on 

which strain was being tested.  When working with strains or inducer concentrations 

requiring that a small � be plated to obtain useful colony counts, 20 additional 1.5 ml 

tubes were prepared, each with the same appropriate amount of 66 mM pH 7.2 
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phosphate buffer to perform a dilution from the tubes of washed cells prior to plating.  

All plates were incubated at 37˚C.  M9 glu plates (for estimation of N�) were counted 

after 24 hours and M9 lac plates (for estimation of �) were counted after 48 hours, 

when colonies first appeared, to minimize inclusion of stationary phase mutants in the 

plate counts.  The lacZ(CC104) allele used reverts to lac
+
 by a G:C�T:A transversion 

mutation. 

LacZ reversion fluctuation tests were performed on MR0012 carrying 

pMR0032 (lacZ(CC104) on plasmid without GII nickase sites) with 0 mM and 5 mM 

sodium propionate induction and � = 0.1 for both conditions.  MR0012 carrying 

pMR0034 (lacZ(CC104) on plasmid with 1 GII nickase site) was tested at 0 mM and 5 

mM sodium propionate induction and � = 0.1, and 0.001 respectively.  MR0012 

carrying pMR0031 (lacZ(CC104) on plasmid with 2 GII nickase sites) was tested at 0 

mM, 0.5 mM, 1 mM, 2.5 mM, and 5 mM sodium propionate induction and � =
0.05, 0.01, 0.005, 0.001, and 0.001 respectively.  MR0013 (lacZ(CC104) on F’ 

episome with one known site for the constitutive TraI nickase, lacking dinB 

overexpression) was tested at 0 mM and 5 mM sodium propionate induction and 

� = 0.1.  MR0014 (lacZ(CC104) on F’ episome with one known site for the 

constitutive TraI nickase) was tested at 0 mM, 0.5 mM, 2.5 mM, 5 mM, 10 mM,  and 

25 mM sodium propionate induction and 

� = 0.1, 0.05, 0.025, 0.0125, 0.005, and 0.001 respectively.  MR0017 carrying 

pMR0030 (plasmid with 2 GII nickase sites, but with lacZ(CC104) on the 

chromosome instead of on plasmid) was tested at 0 mM, 0.5 mM, 1 mM, 2.5 mM, and 

5 mM sodium propionate induction and � = 0.1 for all conditions.  ER1793 carrying 
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pMR0031 (lacZ(CC04) on plasmid with 2 GII nickase sites in a strain lacking 

inducible Pol IV and nickase expression) was tested at 0 mM and 5 mM sodium 

propionate induction and � = 0.1 for both conditions. 

β-lactamase reversion fluctuation tests: 

Fluctuation tests measuring the reversion of the bla allele from pLA2800 were 

performed similarly to those measuring reversion of the lacZ(CC104) allele excluding 

the wash steps.  This allele reverts by any base substitution removing a TAA stop 

codon inserted into the gene.  Uniform dilutions from all fluctuation test culture tubes 

were prepared using 66 mM pH 7.2 phosphate buffer as a diluent when small � was 

required, to allow for a volume of 100 μl to be plated.  100 μl of each fluctuation test 

culture or dilution thereof was plated onto plates containing 50 μg/ml ampicillin to 

select revertants of the target-plasmid-encoded bla allele and/or onto plates containing 

100 μg/ml rifampicin to select chromosomal mutations providing rifampicin 

resistance.  As before, serial dilutions were prepared from 5 randomly chosen 

fluctuation test culture tubes and plated onto plain LB plates using sterile technique.  

Plates were counted after 12-16 hours for estimation of � and N�, once colonies 

formed.  The lethal selection method used should diminish the appearance of 

stationary phase mutants. 

It was necessary to optimize the ampicillin concentration used for selection of 

bla revertants.  We found that too high an ampicillin concentration prevented growth 

of revertants, possibly because we were selecting mutants with a single revertant copy 

of a multicopy plasmid among other non-revertant copies.  Too low a concentration 

resulted in formation of lawns over parts of the plates, possibly because ER1793 and 
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its descendants contain the amber suppressor mutation glnV44 which has been shown 

to also suppress ochre and opal stop codons in stationary phase (Singaravelan, Roshini 

et al. 2010).  We found that an ampicillin concentration of 50 μg/ml was sufficient to 

select revertants and prevent lawn formation.  Once this was established, a large 

amount of ampicillin stock solution (100 mg/ml) was mixed, divided into aliquots, and 

stored at -20˚C, to minimize variation in ampicillin concentration between fluctuation 

test experiments.  Ampicillin was added from a fresh aliquot before pouring plates. 

β-lactamase reversion fluctuation tests were performed on MR0012 carrying 

pMR0044 (bla allele from pLA2800 on plasmid with 2 GII nickase sites flanked by 

repeated chi sites) with 0 mM, 2.5 mM, 5 mM, and 10 mM sodium propionate 

induction and � = 0.05, 0.05, 0.01, and 0.005 respectively.  Chromosomal mutation 

to rif
R
 was measured on rifampicin plates with fluctuation tests for MR0012, MR0089, 

and MR0098, each carrying pMR0044 at sodium propionate inducer concentrations of 

0 mM, 2.5 mM, 5 mM, and 10 mM and � = 0.05 for all conditions. 

To verify that lethal selection used to select bla revertants measures only 

growth-dependent mutation and not stationary phase mutation on ampicillin plates, a 

fluctuation test was performed with MR0012 pMR0044.  This fluctuation test was 

carried out without sodium propionate induction and � = 0.05 and fluctuation test 

cultures were plated onto four sets of 20, LB + 50 μg/ml ampicillin plates that had 

been supplemented with 0, 2.5, 5, and 10 mM sodium propionate.  The mutant 

estimates obtained were compared using equivalence testing.  Treatments were 

considered equivalent if the 95% confidence interval for m, estimated using the Jones 

Median Estimator from propionate containing plates, fell entirely within limits set at 
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0.5 and 2-fold of the same estimated from plates without propionate. 

For comparison of β-lactamase reversion at different propionate inducer 

concentrations in strains with and without the yafNOP genes deleted, LB medium was 

premixed with antibiotics and propionate inducer at the desired concentrations before 

splitting it into fluctuation test culture tubes, ensuring that the same inducer 

concentrations were used for both strains.  Fluctuation tests were performed on 

MR0058 and MR0098, each carrying pMR0044, at sodium propionate inducer 

concentrations of 0 mM, 2.5 mM, 5 mM, and 10 mM, and 

� = 0.05, 0.05, 0.01, and 0.005 respectively.  30 independent fluctuation test cultures 

were used for the tests performed with 5 mM and 10 mM inducer concentrations.  It 

was deemed best to use the same estimation technique and � for the same growth 

conditions, even if it was not possible to achieve rT within the recommended range for 

that estimator for both strains (Foster 2006).  This is because we did notice a tendency 

for smaller � to result in higher μ estimates. 

Mutation of ccdB, screening and selection of mutants, and mutation spectrum 

generation: 

MDS42 was sequentially transformed with pMR0055, pMR0013, and 

pMR0062 for use in generating ccdB loss of function mutants, followed by screening 

and sequencing to create a mutation spectrum.  MDS42 was also transformed with 

pMR0055, pMR0008, and pMR0062 for use as a control strain lacking inducible Pol 

IV and nickase overexpression.  These strains were used to generate Pol IV-dependent 

and independent mutation respectively.  One of these two strains was first grown 

overnight in 2 ml of LB medium containing kanamycin, tetracycline, and 
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chloramphenicol.  50 ml of LB medium containing kanamycin, tetracycline, 

chloramphenicol, and 5 mM sodium propionate was prepared, well mixed, and split 

into 20, 2 ml culture tubes.  The remainder was used as diluents for serial dilutions.  

10 μl serially diluted overnight culture - 20�980 μl, 10�990 μl, 10�990 μl in 1.5 ml 

microcentrifuge tubes - was inoculated into each of the 20 separate culture tubes.  

Cultures were grown to saturation for approximately 14 hours.  1:25 dilutions were 

prepared from each culture tube in sterile 66 mM pH7.2 phosphate buffer for the strain 

containing pMR0013, then 100 μl was plated from these onto LB agar plates 

containing kanamycin, tetracycline, chloramphenicol, and 20 mM L-arabinose.  100 μl 

was plated directly from culture tubes without dilution for the control strain containing 

pMR0008.  Plates were grown until colonies formed, approximately 14 hours, to select 

ccdB loss of function mutants.  Up to 8 colonies from each plate were patched onto 

plates containing the same antibiotic and L-arabinose concentrations as the initial 

selection plates and incubated for approximately 8 hours.  Patched colonies were PCR 

screened using primers 45 and 46 and pMR0062 as a positive control template, for 

colonies containing the full arabinose-inducible ccdB cassette which had not 

undergone large deletions between the directly repeated nickase sites.  Up to two 

correctly screening DNA amplicons were excised and gel purified per each initial 

selection plate.  Concentrations were measured, and they were submitted for 

sequencing using primer 47 at the Cornell Institute of Biotechnology Genomics 

Facility.   

Bleomycin treatment and recovery analysis: 

Growth curves for MR0058 and MR0098, each containing pMR0044, were 
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generated after treatment with the antibiotic bleomycin, which causes DNA DSBs 

(Singletary, Gibson et al. 2009).  Overnight cultures of both strains were grown in 2 

ml LB with appropriate antibiotics at 37˚C, 250 rpm.  Two flasks containing 50 ml of 

fresh LB and antibiotics, one for each strain, were inoculated with 500 μl of overnight 

culture.  Flasks were grown to mid log phase, OD600 ≈ 0.5, at 37˚C, 250 rpm.  Each 

flask was divided into 20, 2 ml culture tubes, and 1 mg/ml bleomycin sulfate solution 

was added to half of these tubes to a final concentration of 3 μg/ml.  Culture tubes 

were incubated for an additional 2 hours at 37˚C, 250 rpm, then removed from 

incubation and the final OD600 was measured for each tube.  1 ml was removed from 

each tube and placed into separate 1.5 ml microcentrifuge tubes.  Cells were pelleted 

for 5 minutes at 3000 g, washed in 1 ml 66 mM pH 7.2 phosphate buffer, pelleted, and 

resuspended in an appropriate volume of fresh LB premixed with appropriate 

antibiotics (but without bleomycin) to adjust each tube’s OD600 to 1.0.  Each tube 

was diluted 1:10 into new 1.5 ml microcentrifuge tubes containing LB premixed with 

appropriate antibiotics (but without bleomycin).  Then 800 μl was pipetted from each 

dilution tube into individual wells of a 48 well microplate (Becton Dickinson 

Labware).  An additional culture tube was prepared with 5 ml LB with appropriate 

antibiotics and inoculated 1:100 from one of the MR0089 non-bleomycin-treated 

washed cell samples.  This tube was used for OD600 reads on both a 

spectrophotometer (1 cm path length) and simultaneously 800 μl was removed and 

placed into the empty wells of the microplate at read times for generation of a 

calibration curve.  An initial microplate read of absorbance at 600 nm was recorded on 

a PowerwaveXS microplate reader (BioTek), and subsequent hourly reads were taken 
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afterwards.  The calibration curve was used to correct microplate reads to OD600 at 1 

cm path length.  The mean values for each condition and time point were plotted with 

95% confidence intervals for the mean. 

RESULTS 

Initial experiments with MR0013 and MR0014 showed that overexpression of 

Pol IV produced growth-dependent mutation on the F’17041 episome, which was 

expected from previous studies of Pol IV overexpression; further, the estimated 

mutation rate depended on the level of propionate induction.  Since the propionate 

inducible promoter used was chosen to avoid the all-or-none induction phenomenon 

seen with some promoters (Lee and Keasling 2005), it is likely that mutation is tunable 

at the individual cell level.  Figure 3.1 shows inducible mutation on F’17041 over a 

range of propionate concentrations.  This inducible mutation was absent in MR0013, 

lacking dinB overexpression.  The higher mutation rate measured for MR0014 than 

MR0013, both at 0 mM propionate induction, likely indicates a small amount of leaky 

dinB expression. 
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Figure 3.1.  Propionate.  Propionate-inducible reversion of the inducible reversion of the inducible reversion of the lacZ(CC104)

bars represent 95% confidence intervals.

lacZ(CC104) allele on F’NR17041 as the result of Pol IV overexpression.  Error 

bars represent 95% confidence intervals.

allele on F’NR17041 as the result of Pol IV overexpression.  Error 

bars represent 95% confidence intervals.

allele on F’NR17041 as the result of Pol IV overexpression.  Error 

 

allele on F’NR17041 as the result of Pol IV overexpression.  Error allele on F’NR17041 as the result of Pol IV overexpression.  Error 
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After Pol IV-dependent mutation was confirmed on F’NR17041 in strains 

controllably overexpressing Pol IV from the chromosome, we sought to reproduce this 

phenomenon on cloning vectors harboring mutation targets.  Figure 3.2 shows the 

results of these experiments.  The fold increase in mutation rate between 0 mM and 5 

mM propionate induction concentrations was analyzed in order to account for 

differences in copy number between the targets (Figure 3.2a).  Targets containing 0, 1, 

and 2 GII nickase sites were examined and constructs with 2 sites showed the greatest 

fold-increase in mutation rate (Figure 3.2a).  Then, the effects of varying inducer 

concentrations were examined on mutation rate for different constructs (Figure 3.2b-

e).  Chromosomal reversion alleles showed low or insignificant response to propionate 

induction (Figure 3.2d, e) compared with target vectors containing 2 GII nickase sites 

(Figure 3.2b, c). 
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Figure 3.2.  Mutation target design and inducible mutation on multiple plasmid targets.  

(a) Fold increase of � between 0 mM and 5 mM sodium propionate induction 

measured for reversion of the lacZ(CC104) allele on the chromosome (Chr), an F’ 

episome (F’), and on pMR0032, pMR0034, and pMR0031, containing 0, 1, and 2 sites 

for the GII nickase respectively in the indicated strains.  (b-e) � values over varying 

sodium propionate inducer concentrations for lacZ(CC104) in pMR0031 in MR0012 

(b), bla in pMR0044 in MR0012 (c), lacZ(CC104) on the chromosome of MR0017 

carrying pMR0030 (d), and rif
R
 mutation on the chromosome of MR0012 carrying 

pMR0044 (e).  Error bars represent 95% confidence intervals. 
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In order to verify that inducible Pol IV-dependent mutation in our system was 

due to DNA replication by Pol IV and to characterize the types of mutations that arise, 

we produced a mutation spectrum for our system on an additional low copy number 

target vector (a mini-F’) with an arabinose inducible (tightly controlled) 

counterselectable ccdB gene.  The characteristics of this target allowed selection of 

ccdB inactivation mutants after a single round of growth on propionate by plating on 

LB medium containing arabinose without the need for retransformation.  Pol IV-

dependent forward mutation screening and selection followed by DNA sequencing of 

135 mutants allowed us to characterize the types of mutations produced in our system 

(Figure 3.3).  These experiments were performed in MDS42, lacking IS elements, to 

minimize ccdB inactivation by IS element insertion.  Table 3.3 shows our mutation 

spectrum results by type of mutation generated and that these results compare 

favorably with previous studies of Pol IV mutation (Wagner and Nohmi 2000; 

Kobayashi, Valentine et al. 2002).  Mutants from a control strain lacking Pol IV and 

nickase overexpression appeared infrequently.  Several sequenced control strain 

mutants consisted largely of base substitutions and large deletions between short 

repeats (data not shown), differing from those seen with Pol IV overexpression, which 

were more frequent and consisted primarily of frameshift and substitution mutations. 
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Figure 3.3.  Mutation spectrum for sodium propionate induced mutation inactivating 

the ccdB gene of pMR0062 in MDS42 carrying pMR0013 and pMR0055.  A total of 

135 mutants were sequenced.  Arrows indicate instances when two mutations were 

observed in a single sequencing result.  Orange, green, and red highlighting represents 

the Operators O2, O1, and I1+I2 respectively.  Blue represents the PBAD promoter, 

with purple showing its overlap with I1+I2.  Yellow shows the pBAD18s RBS and 5’ 

UTR.  Grey defines the ccdB gene and the amino acid sequence appears below it in 

red text.  Single base pair insertion, deletion, and substitution mutations appear above 

the gene and multiple base pair mutations appear below, aligned with where they 

occurred.  Long deletion mutations, insertion mutations, and rearrangements are not 

shown. 
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Table 3.3.  Comparison of Pol IV mutation spectra. 

Target ccdB (in vivo) cII (in vivo)
a 

lacZα (in vitro)
b 

Transitions 5% 13% 7% 

Transversions 22% 20% 11% 

Total Substitutions 27% 34% 18% 

1 bp Insertions 14% 3% ND 

1 bp Deletions 44% 61% ND 

Total 1 bp Insertions and Deletions 58% 64% 65% 

Total 2bp+ Insertions and Deletions 5% 2% 15% 

Other (Large Insertions, deletions, and rearrangements) 10% 0% 2% 

Total 100% 100% 100% 

 

a
Data reproduced from Wagner and Nohmi (2000) 

b
Data reproduced from Kobayashi, Valentine et al. (2002) 

 



 

95 

One reason for testing our system on a β-lactamase allele, which reverts by 

base substitution mutations within a TAA stop codon placed within the gene, was to 

verify that the mutations observed were truly growth-dependent, arising during culture 

containing propionate before selection.  Since plating on ampicillin is a lethal 

selection, unlike plating for lac
+
 revertants on M9 minimal medium with lactose as a 

sole carbon source, there should not be an opportunity for revertants to arise after 

plating.  To verify that this was the case, 20 cultures were grown without propionate 

induction and equal amounts plated from each culture onto four sets of plates 

containing 0, 2.5, 5, and 10 mM propionate respectively.  The number of observed 

mutants was recorded for each plate and the data compared by equivalence testing.  

The 95% confidence intervals for mutant estimates from 2.5, 5, and 10 mM propionate 

plates, [40.93, 52.05], [35.18, 54.77], and [40.93, 57.47] respectively, all fell well 

within 0.5 and 2-fold [24.65, 98.61] of the estimated mutants from plates lacking 

propionate.  While these equivalence limits could still leave room for some stationary 

phase mutagenesis, it was deemed sufficiently small compared with growth-dependent 

mutation, to declare equivalence. 

It has been previously reported that the dinB gene is part of an operon 

including the yafNOP genes downstream from it, and that yafNOP function 

contributed to Pol IV growth-dependent, but not stationary phase mutation 

(McKenzie, Magner et al. 2003; Singletary, Gibson et al. 2009).  In our initial strains, 

the dinB gene was replaced with a chloramphenicol resistance cassette in the opposite 

orientation, but the dinB promoter and yafNOP genes downstream were left in place.  

Later, when chloramphenicol resistance was removed, we wished to determine 
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whether the yafNOP genes played a role in Pol IV-dependent inducible mutation in 

our system.  Growth-dependent mutation rates were estimated for β-lactamase 

reversion at varying propionate concentrations in the yafNOP
+
 and yafNOP

-
 

backgrounds MR0058 and MR0098.  Additionally, we measured these strains’ ability 

to recover from DNA damage.  These results are shown in Figure 3.4 and illustrate 

that the yafNOP
+
 background has a higher mutation rate at the top propionate inducer 

concentration tested (10 mM) and that it is marginally better able to recover after 

treatment with 3 µg/ml bleomycin. 
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Figure 3.4.  Comparison of mutation rate and growth during recovery from 3 µg/ml 

bleomycin treatment.  (a) Mutation rate calculated for the reversion of bla on 

pMR0044 at varying sodium propionate inducer concentrations in MR0058 (yafNOP
+
, 

black circles) and MR0098 (yafNOP
-
, white circles).  (b) Growth rates for these strains 

during recovery from treatment with 0 µg/ml bleomycin (white) and 3 µg/ml 

bleomycin (black)  in a 48 well microplate, monitored by OD600.  Strains tested were 

MR0058 (triangles) and MR0098 (circles).  Error bars represent 95% confidence 

intervals. 
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DISCUSSION 

In this work we have presented a system for inducible and targeted 

mutagenesis in growing cells and shown its functionality on several mutation targets 

(lacZ(CC104) and β-lactamase reversion alleles, and forward mutations on the 

counterselectable ccdB gene) placed on different target plasmid backbones.  The 

targeting and flexibility of our system are two advantages over past work in localized 

mutagenesis.  For instance, a previously reported system for localized mutagenesis 

using an engineered error-prone Pol I required a mutation target plasmid with a Pol I-

dependent origin of replication.  In that system mutation farther from the target 

plasmid’s origin was less targeted (Camps, Naukkarinen et al. 2003).  Additionally, 

specific growth conditions were required to improve targeting.  Our system is free 

from many of these restrictions in that it only requires an overexpression system for 

error-prone Pol IV and a mechanism for targeting DSBs to a plasmid vector, 

accomplished by expression of the GII nickase and its target site.  Work is currently 

underway in our lab to characterize the genetic requirements and mechanism for the 

targeted mutation produced, but based on the current work, it is likely quite similar to 

that reported for Pol IV growth-dependent mutagenesis due to overexpression and 

stationary phase Pol IV-dependent mutagenesis.  This assumption is based on the 

requirement for Pol IV and nickase overexpression.  We propose that the mechanism 

involves Pol IV-dependent replication during homologous recombination repair of 

DSBs resulting from replication fork collapse at nicks. 

We took steps to improve the mutation rate and targeting of our system by 

characterizing mutation with different levels of Pol IV and nickase overexpression and 
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copies of the nickase target site in the mutation target vector (Figure 3.2).  We used 

reversion alleles that allowed selection of base substitution mutations because these 

are most relevant to proposed applications in mutagenesis and directed evolution of 

target genes in growing cells.  Other types of mutations could also be characterized, 

for example using the series of lacZ alleles that lacZ(CC104), used in this work, 

belongs to (Cupples and Miller 1989; Cupples, Cabrera et al. 1990). 

We have shown flexibility in the overexpression system, with Pol IV and 

nickase expressed from both chromosomal and plasmid locations.  This should 

provide great flexibility for transfer of our system into different strain backgrounds.  

Flexibility was also our reasoning for building a mini-Tn7 construct which can easily 

be inserted into the chromosome of other strains. 

While mutation rates observed in this study could be improved for directed 

evolution applications (maximum reported: µ=1.56*10
-6

 for lacZ(CC104) reversion, 

1.06*10
-7

 for β-lactamase reversion), our degree of targeting is encouraging.  The 

method of Camps, Naukkarinen et al. (2003) was used to calculate targeting for β-

lactamase reversion by dividing 5 mM propionate induced fold increase in this 

mutation by 5 mM propionate induced fold increase in mutation to rifampicin 

resistance on the chromosome to account for target difference and copy number in 

MR0012 pMR0044.  Doing so produced targeting values of 3.0 and 18.5 for β-

lactamase reversion at 5 mM and 10 mM propionate respectively.  Similarly, targeting 

for the lacZ(CC104) (MR0012 pMR0031) calculated by the same technique compared 

with the same allele on the chromosome (MR0017 pMR0030) was 16.6 with 5 mM 

propionate induction. 
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The ability to select inactivating forward mutations in the ccdB gene on a low 

copy number target vector after a single round of growth on propionate and without 

the need for retransformation is also encouraging.  This assay allowed us to generate a 

mutation spectrum for our system which closely matches that reported for Pol IV 

(Figure 3.3, Table 3.3).  Work is currently underway in our laboratory to further 

increase mutation rates by optimizing the Pol IV and nickase overexpression system, 

improving the mutation target vector, and characterizing genetic backgrounds that 

affect mutation rate.  Lower mutation rates still may be suitable in applications where 

a selection can be used to isolate beneficial mutations. 

Previous literature showed that dinB-yafNOP constituted an operon, that 

yafNOP contributed slightly to growth-dependent mutagenesis but was not required 

for stationary phase mutagenesis, and that these genes constitute a chromosomal toxin-

antitoxin system (McKenzie, Magner et al. 2003; Singletary, Gibson et al. 2009; 

Zhang, Yamaguchi et al. 2009; Christensen-Dalsgaard, Jorgensen et al. 2010).  

Therefore, it was of interest whether these genes affected mutation in our system.  We 

looked at mutation rate in strains deleted for the dinB gene (but not its promoter) and 

deleted for the entirety of dinB-yafNOP.  Our results showed that the presence of 

yafNOP contributed to growth-dependent Pol IV induced mutation at the highest 

inducer concentration tested. 

It is possible that the 20-30 culture fluctuation tests we performed did not 

include enough samples to statistically differentiate between strains with and without 

the yafNOP genes at inducer concentrations below 10 mM sodium propionate and that 

experiments with more fluctuation test cultures may do so.  A proposed explanation 
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for yafNOP dependence is that induction of the yafNOP genes in response to DNA 

damage slows cell growth and can be advantageous under these conditions 

(Christensen-Dalsgaard, Jorgensen et al. 2010) by potentially allowing time for repair 

processes, and that lower propionate induction levels did not produce sufficient 

damage.  It is possible that cells that underwent heavy damage, which also lack this 

hypothesized protective effect of the yafNOP genes, may experience lower survival 

during recovery from damage, which may account for the growth curves we generated 

after treatment with the DSB inducing antibiotic bleomycin (Figure 3.4b).  The slower 

recovery could be the result of slower repair or loss of essential or selected genetic 

material due to failed or incomplete DNA repair.  In this model, it makes sense that 

the effects of the yafNOP genes on mutation would be more apparent on extremely 

low copy number mutation targets, like the F’ episome where these effects were 

previously described (McKenzie, Magner et al. 2003).  In our system, where the 

mutation target was a medium copy number plasmid vector, incomplete or failed 

repair of this target might result in slightly lower mutation rates, since mutation is 

thought to result from error-prone repair utilizing Pol IV.  However, it would be less 

likely to result in complete loss of the mutation target or the selected allele undergoing 

reversion, since more undamaged copies of the target exist in the cell, except 

potentially at the highest levels of DNA damage (10 mM propionate). 

The difference in growth rate seen between MR0058 (yafNOP
+
) and MR0098 

(yafNOP
-
) after treatment with bleomycin is small, but statistically significant (Figure 

3.4b), judging by the non-overlapping 95% confidence intervals (Cumming 2009).  As 

suggested above, this difference could potentially be due to cell death from incomplete 
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repair or essential gene loss in the yafNOP knockout MR0098.  Even though the 

difference in growth rates after bleomycin treatment is small, it could account for a 

difference in mutation rate seen at 10 mM propionate induction (Figure 3.4a), and in 

previous work, because the cells that have undergone DSBs are proposed to be those 

that generate mutants by recombination directed replication involving error-prone Pol 

IV (McKenzie, Magner et al. 2003).  Our results contrast with those of Singletary, 

Gibson et al. (2009) who did not show a significant reduction in viability for a 

ΔyafNOP strain compared with a yafNOP
+
 strain after exposure to UV radiation or 

when serial dilutions were plated on solid media containing bleomycin or mytomycin 

C.  This departure could be due to experimental design or strain construction.  We 

exposed cells to bleomycin, then monitored growth rate during recovery, whereas the 

previous work looked at viability during exposure.  The dinB deletion in MR0058 

used in this work removes the dinB gene, but not its promoter, which brings the dinB 

promoter closer to yafNOP and could alter the expression of these genes.  If yafNOP, 

or more likely the toxin component yafO, does cause growth arrest after DNA damage, 

this effect might obscure differences in viability approximated by observed growth 

rate between yafNOP
-
 and yafNOP

+
 strains.  Further investigation is required to better 

understand the role these genes play in growth-dependent mutagenesis, but the best 

approach for implementation of growth-dependent mutagenesis in our system appears 

to be leaving them intact as in MR0058, or leaving the entire dinB-yafNOP region 

intact. 
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CHAPTER FOUR 

 

An improved high throughput fluctuation test protocol for measuring mutation 

rates in growing cells   

ABSTRACT 

Fluctuation test analysis is commonly employed in mutation research to 

characterize the number of mutants and mutation rates in growing cultures.  This 

technique is necessary to obtain accurate estimates of mutation events and distinguish 

them from the daughter cells of mutants.  The typical fluctuation test approach is 

material and labor intensive, requiring plating and counting of many parallel cultures.  

In this work we describe an improved protocol based on a microplate kinetic 

fluorescence Miller assay.  We show that this approach can be used to estimate 

number of mutants and relative mutation rates for real data obtained from a lacZ 

reversion mutation experiment.  We describe how this approach could easily be 

applied to different types of mutations using other lacZ alleles.  Finally, we describe 

the advantages of our novel method, including time and material savings and potential 

for automation. 

INTRODUCTION 

Determining the mutation rate for a specific selectable mutation event in 

growing cells is complicated because observed mutants selected at end of culture can 

either be the result of mutation or daughter cells of mutants that arose early in culture.  

This phenomenon was described by Luria and Delbrück (1943) and has required the 

development of the fluctuation test.  A fluctuation test involves growing many cultures 
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of a strain in parallel under desired conditions, then selecting and quantifying mutants 

for each at the end of culture.  Several estimation techniques have been developed for 

fitting the data on observed mutants to the expected Luria Delbrück probability 

distribution for a given number of mutational events.  Then an estimate of the total 

number of cells in culture is used to approximate mutation rate as mutational events 

per cell per generation.  Fluctuation test design and mutation event estimation 

techniques are covered in detail in the excellent review by Foster (2006). 

Despite improvements in fluctuation test design and mutation estimation 

techniques, these experiments remain time consuming and require substantial reagents 

and consumables.  This is due to the necessity to grow and plate numerous parallel 

cultures (typically 40+) choosing appropriate culture size or dilutions to achieve a 

countable number of observed mutants.  The time requirement to perform preliminary 

estimations of expected observed mutants, grow parallel cultures, plate them with 

dilutions when appropriate, plate serial dilutions for estimating number of cells in 

culture, wait for selected mutant colonies to grow, and count them is considerable, 

even with automated plate spreading and counting equipment.  Additionally, time 

spent to perform dilutions and spread numerous plates could lead to variability in cell 

viability or mutant numbers.  The process becomes even more time consuming and 

reagent intensive when researchers want to characterize a number of different 

mutation types within the same strain background or treatment regimen, for example 

using a series of lacZ alleles designed to select for a range of different mutation types 

(Cupples and Miller 1989; Cupples, Cabrera et al. 1990). 

A streamlined and automatable high throughput method of fluctuation test 
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analysis is needed to improve mutation research.  The classical Ames bacterial 

mutagenicity test was modified to a microplate microfluctuation Ames II protocol and 

this has recently been used to improve throughput and compound requirements.  This 

test is based on selection of revertants that arise by several mutation types in response 

to treatment with mutagenic chemical substances and has performed favorably when 

compared with the classical approach (Sierra and Gaivão ; Fluckiger-Isler, Baumeister 

et al. 2004).  It is also amenable to automation using pipetting robots.  Microplate 

versions of the Miller assay with fluorescent substrates are also highly sensitive, high 

throughput, and are gaining popularity for use in sensitive detection of β-galactosidase 

activity (Ramsay 2013; Ramsay, Major et al. 2013; March and Aurand 2015).  This 

inspired us to investigate a microplate version of the fluctuation test for measuring 

mutation rates. 

In this work, we report an improved microplate fluctuation test method with 

several advantages over the classical approach.  Our improved method is capable of 

characterizing the number of mutants that arise in parallel microplate grown cultures 

over a large dynamic range, reducing the need for culture size and dilution 

optimization.  It improves on the time requirements, reagents, and consumables used 

by traditional fluctuation tests, and would be adaptable for automation.  Furthermore, 

we describe how it could easily be adapted to characterize a wide range of mutation 

events, ranging from base substitutions to insertion/deletion mutations. 
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MATERIALS AND METHODS 

Chemicals, medium, and plates: 

1 M Isopropyl-β-D-thiogalactopyranoside (IPTG, Alfa Aesar), 20% α-lactose 

(J.T. Baker), 50 mg/ml ampicillin sodium salt (Shelton Scientific), and 10 mg/ml 

streptomycin sulfate (CalBiochem) were prepared with milliQ water and then filtered 

with a 0.2 μm filter to sterilize.  34 mg/ml chloramphenicol (VWR International) was 

prepared in 95% ethanol (Mallinckrodt Chemicals).  5 M sodium propionate (Alfa 

Aesar), 1 M KH2PO4 (Amresco), 1 M K2HPO4 (J.T. Baker), Difco™ LB Broth, Miller 

(Luria-Bertani) (Becton, Dickinson and Company), MacConkey Agar (EMD 

Chemicals), and MacConkey broth (Merck KGaA) were prepared by dissolving 

chemicals in distilled water (dH2O) and autoclaving 20 minutes to sterilize.  LB plates 

were prepared in a similar fashion to LB medium except that 7.5 g of Bacto™ Agar 

(Becton, Dickinson and Company) was added per 500 ml before autoclaving.  

Antibiotic concentrations used in media and plates were 100 µg/ml ampicillin, 25 

µg/ml chloramphenicol, and 20 µg/ml streptomycin as appropriate.  Antibiotics were 

added to agar plates after tempering at 55°C and immediately before pouring.  PBS 

was prepared as a 1x, pH 7.4 solution before use with 137 mM NaCl (VWR 

International), 2.7 mM KCl (Mallinckrodt Chemicals), 10 mM Na2HPO4 (VWR 

International), and 1.8 mM KH2PO4 (Amresco), pH was adjusted to 7.4 with HCl 

(Macron), and autoclaved 20 minutes to sterilize.  66 mM pH 7.2 phosphate buffer 

was made by combining 7.1 ml 1 M KH2PO4 and 17.9 ml 1 M K2HPO4, bringing the 

solution to a final volume of 379 ml with dH2O, and autoclaving 20 minutes to 

sterilize. 
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Construction of strains and plasmids: 

Strains, plasmids, and primers used are shown in Table 4.1.  ER1821 was 

obtained from New England Biolabs and pCP20 was obtained from the Coli Genetic 

Stock Center (Cherepanov and Wackernagel 1995).  The remaining strains and 

plasmids were part of a system for sodium propionate-inducible targeted mutation 

previously developed in our lab (Russell and March 2015).  Plasmid pMR0115  was 

constructed using primers 1 and 2 to amplify the functional lacZ allele and its 

promoter from genomic DNA from ER1821 (New England Biolabs) isolated with a 

NucleoSpin Tissue kit (Clontech), and clone it between the PstI and XhoI sites in 

pMR0029.  PCR and cloning was performed using Q5 high fidelity polymerase (New 

England Biolabs), the aforementioned restriction enzymes (New England Biolabs), 

and T4 DNA ligase (New England Biolabs), according to the manufacturer’s 

instructions.  Competent cells were prepared according to the method of Chung, 

Niemela et al. (1989).  The chloramphenicol antibiotic resistance was removed from 

MR0009 by transforming with pCP20 (temperature sensitive) at 30˚C, followed by 

growth at 42˚C in the absence of this antibiotic, colony purification, and screening for 

sensitive colonies, creating MR0018.  Strain MR0012 carrying pMR0114 is a selected 

lac
+
 revertant from traditional plating fluctuation tests (Russell and March 2015).  

This strain was restreaked on MacConkey agar (EMD Chemicals) to colony purify a 

lac
+
 revertant then grown in MacConkey broth (Merck KGaA) to maintain lactose 

selection and prevent loss of this phenotype in case the revertant plasmid was low 

copy among other lac
-
 copies (pMR0031). 
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Table 4.1.  Strains plasmids and primers. 

Strains     

Name Relevant Genotype Source 

ER1821 F
-
 glnV44 e14

-
(McrA

-
) rfbD1? relA1? endA1 

spoT1? thi-1 Δ(mcrC-mrr)114::IS10 

New England Biolabs 

MR0009 ER1793 ΔdinB::cm (Russell and March 

2015) 

MR0012 ER1793 ΔdinB::cm attTn7:: mini-Tn7T-gm-

Ppro-dinB-gII  

(Russell and March 

2015) 

MR0018 ER1793 ΔdinB This Work 

MR0058 ER1793 ΔdinB attTn7:: mini-Tn7T-Ppro-dinB  (Russell and March 

2015) 

MR0098 ER1793 Δ(dinB-yafNOP) attTn7:: mini-Tn7T-

Ppro-dinB  

(Russell and March 

2015) 

 

Plasmids   

Name Source 

pCP20 CGSC #7629; (Cherepanov and Wackernagel 1995) 

pMR0030  (Russell and March 2015) 

pMR0031 (Russell and March 2015) 

pMR0114 This Work 

pMR0115 This Work 

 

Primers   

Number Sequence 

1 5'-AAACTGCAGGCGCAACGCAATTAATGTGAG-3' 

2 5'-AAACTCGAGTTATTTTTGACACCAGACCAACTGG-3' 
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Growth of fluctuation test cultures and preparation of standard curve 

microplates: 

For fluctuation test microplates, medium with antibiotics and propionate 

inducer was prepared in advance for all experiments in a large volume to obtain 

consistent concentrations.   MR0058 and MR0098, both carrying pMR0031, were 

tested at 0, 5, and 10 mM sodium propionate inducer concentrations.  MR0018 

carrying pMR0031, which was not expected to revert, and MR0018 with no plasmid 

were tested with no inducer.  Finally, uninoculated medium with 5 mM propionate 

was tested as a control.  Medium, prepared in large batches, was split into smaller 

portions prior to inoculation to obtain the same concentrations between strains. 

Cells were cultured overnight in 5 ml LB medium with ampicillin and 

streptomycin selection without propionate induction.  Overnight cultures were serially 

diluted 10�990 µl, 10�990 µl in 66 mM pH 7.2 phosphate buffer, then 10 µl/ml of 

the final dilution was inoculated into fluctuation test medium with the aforementioned 

inducer concentrations, 100 µg/ml ampicillin, and 20 µg/ml streptomycin.  Inoculated 

medium was distributed in 200 µl amounts into 48 wells for each condition of a 96 

well flat bottom non-treated polystyrene Costar microplate (Corning).  Microplates 

were grown for 24 hours in a 37°C cabinet style incubator, sealed in a Ziploc bag to 

prevent evaporation.   

Microplates for standard curve generation were prepared similarly to 

fluctuation test plates.  Each standard curve microplate contained a lac
+
 strain and a 

lac
-
 strain to be used as a diluent for the lac

+
 strain.  Ampicillin and streptomycin, but 

no propionate, were used in standard curve growth medium.  Two standard curves 
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were generated, one with MR0012 carrying pMR0115 (lac
+
) strain, and the second 

with MR0058 carrying pMR0114 (lac
+
).  MR0018 carrying pMR0031 was used as the 

lac
-
 diluent strain for both standard curves.  While this strain is capable of reverting, it 

should not do so at a high enough rate to produce revertants in the fluctuation test 

cultures due to lack of DNA polymerase IV overexpression.  It was deemed best that 

the diluent strain also contain a non-reverting pMR0031 plasmid in case some small 

residual β-galactosidase activity exists for the non-revertant lacZ(CC104) allele on this 

plasmid.  Overnight cultures were grown, serially diluted, and inoculated as above and 

then distributed as shown in Figure 4.1, except that MacConkey broth was used for the 

initial overnight culture of MR0058 carrying pMR0114.  Uninoculated medium was 

also included in one column of standard curve microplates as shown. 

Fluctuation test and standard curve microplate inoculation and incubation 

times were staggered appropriately to prevent overlap of downstream steps. 
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Figure 4.1.  Layout and serial dilution procedure for standard curve microplates.  

Wells were loaded as indicated, grown for 24 hours, then serial dilutions were 

performed to generate a dilution series of lac
+
 cells using a lac

-
 strain as diluent.  

Simultaneously, a separate serial dilution was performed in 66 mM pH 7.2 phosphate 

buffer as indicated.  100 µl from the gray shaded wells from this second dilution series 

were plated on LB plates for estimation of CFU, and the remainder from the gray 

shaded wells for MR0058 carrying pMR0014 was plated on MacConkey agar plates. 

 



1
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24 hour treatment of fluctuation test and standard curve microplates: 

Fluctuation test microplates and standard curve microplates were removed 

from incubation at precisely 24 hours, shaken for 5 minutes at 37°C at medium speed 

in a Synergy 4 microplate reader (BioTek) with covers removed, then OD600 was 

measured.  Standard curve microplates were serially diluted as shown in Figure 4.1 to 

provide a dilution series of lac
+
 cells in a lac

-
 background.   Wells were mixed by 

pipetting during the dilutions.  Separate microplates were prepared in advance with 

200 µl/well 66 mM pH 7.4 phosphate buffer for colony forming unit (CFU) estimation 

serial dilutions and plating.  Samples from the pure lac
+
 column were transferred to 

these plates, and serially diluted and plated as shown following induction and 

returning the growth plate to the incubator (Figure 4.1).  100 µl from wells in the 

indicated columns of the CFU serial dilution estimation microplates were plated on 

LB agar plates with ampicillin and streptomycin for CFU estimation (Figure 4.1).  The 

remainder of these wells was also plated on MacConkey agar with the same antibiotics 

for MR0058 carrying pMR0114 to estimate what proportion, if any, of this strain 

returned to a lac
-
 phenotype by loss of lac

+
 plasmid copies (white vs. purple colonies).  

Plates were incubated at 37°C overnight and colony counts were recorded for 

whichever dilution plated produced countable colony numbers (30-300 CFU/plate). 

Induction and lac
+
 amplification: 

20 µl of freshly prepared sterile 1% lactose, 1 mM IPTG solution prepared in 

MilliQ water was added to each well of fluctuation test and standard curve microplates 

to induce β-galactosidase expression and provide a supplemental carbon source for 

selective amplification of any lac
+
 cells in culture from 24 to 48 hours.  After 
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induction, microplates were sealed in a Ziploc bag to prevent evaporation and returned 

to the 37°C cabinet style incubator until a precisely timed 48 hour timepoint. 

Miller assay: 

A freshly prepared solution of 2 mg/ml lysozyme powder (Amresco) and 10 

µl/ml of a 100X, 50 mg/ml solution of 4-Methylumbelliferyl β-D-galactopyranoside 

(MUG, Sigma) in dimethyl sulfoxide, in pH 7.4 PBS.  Sufficient MUG/lysozyme 

solution was prepared for 180 µl to be added to every assay plate well, wrapped in 

aluminum foil, and stored in an ice bath until use. 

Fluctuation test microplates and standard curve microplates (master plates) 

were removed from incubation at precisely 48 hours, shaken for 5 minutes at 37°C at 

medium speed in the microplate reader with covers removed, then OD600 was 

measured.  Master plates were immediately frozen at -70°C to stop growth and 

perform a preliminary lysis by freeze-thawing.  Master plates remained at -70°C for at 

least one hour. 

Master plates were next thawed for 1 hour with covers removed in 37°C 

incubator inside a thin walled cardboard box to prevent evaporation.  Then they were 

shaken for 5 minutes at 37°C at medium speed in the microplate reader to mix cells 

and lysate.  20 µl was transferred from each well into fresh wells on Thermo 

Scientific™ Nunc™ F96 MicroWell™ Black polystyrene plates (Thermo Fisher 

Scientific).  These (assay plates) were again frozen at -70°C for 15-20 minutes for 

further lysis by freeze-thawing.  Then they were thawed for 15-20 minutes with covers 

removed in a 37°C incubator inside a thin walled cardboard box to prevent 

evaporation. 
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Working in the dark, 180 µl of MUG/lysozyme mix was added to each well of 

an assay plate, and it was immediately loaded into the microplate reader prewarmed to 

37°C.  Relative fluorescence units (RFU) were recorded every minute for 30 minutes 

in a kinetic read with excitation at 360 nm and emission at 460 nm using the 

instrument’s xenon lamp and with detector sensitivity set at 50. 

Preparation and application of standard curves: 

The Gen5 microplate reader software (BioTek) was used to calculate the mean 

velocity (RFU/min) for each assay plate well in kinetic fluorescence microplate reads.  

CFU plate counts from LB agar plates and proportions of lac
+
 cells on MacConkey 

agar plates, when appropriate, were used to calculate the number of expected lac
+
 cells 

in wells of the 24 hour timepoint dilution series for standard curve growth plates.  

Since mean velocity calculations did reveal that MR0018 carrying pMR0031 had a 

low, positive mean velocity, while this strain had a negative mean velocity without 

plasmid, it was assumed that this was a result of a low basal β-galactosidase activity of 

the non-revertant lacZ(CC104) allele.  Therefore, the mean velocity of MR0018 

carrying pMR0031 across its fluctuation test assay plate was divided by the mean 48 

hour OD600 from this strain’s master plate, giving an estimate of the basal 

RFU/min/OD600 for the lacZ(CC104) allele.  This was subtracted from all other assay 

plate data, leaving only adjusted RFU/min from lac
+
 revertants.  Adjusted RFU/min 

values for standard curve assay plates were plotted on the y-axis with CFU estimates 

on the x-axis and used to generate standard curves for adjusted RFU/min signal per 24 

hour lac
+
 revertant.  These were fitted with a power equation (y=a*x

b
), which was 

found to best represent the data over the useful range of lac
+
 cells for fluctuation tests 
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(~10-50000 lac
+
 cells).  This equation was then applied to fluctuation test assay plate 

data, adjusted for basal β-galactosidase expression by non-revertant lacZ(CC104), to 

predict the number of lac
+
 cells in fluctuation test microplates at 24 hour timepoints, 

rounded to the nearest whole integer revertant (x=(y/a)
(1/b)

).  Since the power fit 

equation used cannot predict zero or negative values for x, any errors generated by this 

equation were given lac
+
 revertant values of zero. 

Fluctuation test plate revertant estimates were input into the Matlab function 

runMSS (File S4.1), which also requires the Matlab function generateLD from Russell 

and March (2011) adapted from the function of the same name by Lang and Murray 

(2008).  This function implements the MSS-maximum Likelihood Method for 

estimation of mutants (Ma, Sandri et al. 1992; Sarkar, Ma et al. 1992).  Confidence 

limits were calculated for estimates of numbers of mutants as described in Foster 

(2006).  While the current work did not take the analysis as far as estimating total 

number of cells in fluctuation test cultures to determine mutation rate, we divided the 

mutant estimates (and confidence limits) by the average OD600 measurement at 24 

hours to determine relative mutation rates (probability of mutation per cell per 

OD600) since OD600 correlates with the number of cells in culture. 

RESULTS 

MacConkey agar plates spread with serial dilutions of MR0058 carrying 

pMR0114 did not produce any visible lac
-
 colonies.  However, this practice may be a 

good precaution when generating standard curves for our assay using real revertant 

strains, in case of lac
+
 phenotype loss.  When a standard curve assay plate loaded with 

MUG/lysozyme was exposed to UV on a UV transilluminator, fluorescence intensity 
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visibly varied across the microplate (Figure 4.2) 
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Figure 4.2.  Image of a standard curve assay plate (MR0058 with pMR0115) with 

MUG/lysozyme mix added exposed to UV.  Decreasing fluorescence is visible across 

serially diluted lac
+
 cell containing wells. 
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Figure 4.3a and Figure 4.3b show standard curves generated for MR0012 with 

pMR0115 and MR0058 with pMR0114 respectively.  A linear regression was 

performed on log transformations of both the x and y axes, and the results indicate that 

a power fit describes the relationship between RFU/min and 24 hour lac
+
 CFU nicely 

within the indicated range (~10-50000 CFU).  Above this range, a logarithmic fit 

described the data better (not shown), but the typical number of lac
+
 mutants that arise 

in fluctuation test experiments is not that high.  Below this range, the variability 

around the regression line is high, likely due to inherent difficulties in accurately 

titrating low numbers of lac
+
 cells in single wells and the detection limit of the assay.  

It should be noted that variability in the standard curve data points arises from 

fluorescence measurements as well as from estimation of viable lac
+
 cells.  Since a 

single LB plate count was used for CFU estimation for each well, this variability is 

likely to be ameliorated by increasing the number of serial dilutions and viable cell 

estimation plates used for each initial lac
+
 well.  The plots in Figure 4.3 were 

generated in Minitab using the Fitted Line Plot, with 95% confidence limits for the 

regression.  While the regression lines for the two lac
+
 strains tested are fairly close, 

that of MR0058 carrying revertant pMR0114 shows slightly lower RFU/min values 

for the same CFU values, possibly because this strain has a mixed population of lac
+
 

and lac
-
 plasmids.  However, when the two plots are overlaid (not shown), the 

confidence limits overlap, so we do not consider the difference significant.  It is 

possible that this could be elucidated with more samples and improvements to the 

standard curve generation protocol. 
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Figure 4.3.  Standard curves for the relationship between mean velocity (RFU/min) 

and lac
+
 CFU in our microplate fluctuation test protocol.  (a) MR0012 carrying 

pMR0115 with a functional lacZ gene cloned into our mutation target vector.  (b) 

MR0058 carrying pMR0114 is a selected lac
+
 revertant of the lacZ(CC104) allele on 

our mutation target vector. 
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Since we were able to show that we could generate a standard curve for mean 

velocity (RFU/min) over CFU for an actual revertant (Figure 4.3b), we used this curve 

for fluctuation test analysis using our assay.  From this curve we extracted Equation 

4.1 which allows us to estimate the number of lac
+
 observed mutants at 24 hours in a 

microplate fluctuation test well from the mean velocity (RFU/min) for this well. 

Equation 4.1 

CFU = dmean velocity
0.8686 k

( C
�.l�\m)

 

Equation 4.1 was applied to adjusted mean velocity values from fluctuation 

test microplates.  As mentioned previously, fluctuation test plates with uninoculated 

media and MR0018 without plasmid produced slightly negative mean velocities 

(RFU/min) while MR0018 carrying pMR0031 and other non-reverting strain 

backgrounds carrying this plasmid (data not shown) produced slightly positive mean 

velocities.  We interpreted these results as the non-revertant lacZ(CC104) allele 

having a very small residual β-galactosidase activity and performed adjustments to 

subtract this activity as previously described.  For this reason the fluctuation test 

results for uninoculated media, MR0018 without plasmid, and MR0018 with 

pMR0031 did not produce meaningful estimates for number of mutants.  Figure 4.4 

shows relative mutation rate estimates obtained with the MSS-maximum Likelihood 

Method for MR0058 and MR0098, both with pMR0031, at 0, 5, and 10 mM 

propionate induction.  The majority of wells for the propionate induction levels tested 

with these strain produced mean velocities and 24 hour lac
+
 observed mutant 

estimates within the dynamic range of the standard curve.  These results confirm those 
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that we previously reported; that our system for targeted mutation is affected by the 

yafNOP genes, particularly at high propionate induction (10 mM) (Russell and March 

2015).  The current work shows this dependence using the lacZ(CC104) allele while 

the previous work showed it using a β-lactamase reversion assay. 

  



 

Figure 4.4.  Relative mutation rate in MR0058 and MR0098 both carrying pMR0031 

determined using our microplate fluctuation test assay.  Error bars represent 95% 

 

.  Relative mutation rate in MR0058 and MR0098 both carrying pMR0031 

determined using our microplate fluctuation test assay.  Error bars represent 95% 

.  Relative mutation rate in MR0058 and MR0098 both carrying pMR0031 

determined using our microplate fluctuation test assay.  Error bars represent 95% 

confidence intervals.
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.  Relative mutation rate in MR0058 and MR0098 both carrying pMR0031 

determined using our microplate fluctuation test assay.  Error bars represent 95% 

confidence intervals.

.  Relative mutation rate in MR0058 and MR0098 both carrying pMR0031 

determined using our microplate fluctuation test assay.  Error bars represent 95% 

confidence intervals. 

.  Relative mutation rate in MR0058 and MR0098 both carrying pMR0031 

determined using our microplate fluctuation test assay.  Error bars represent 95% 

.  Relative mutation rate in MR0058 and MR0098 both carrying pMR0031 

determined using our microplate fluctuation test assay.  Error bars represent 95% 

 

.  Relative mutation rate in MR0058 and MR0098 both carrying pMR0031 

determined using our microplate fluctuation test assay.  Error bars represent 95% 
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DISCUSSION 

We have demonstrated a new microplate fluctuation test technique based on a 

kinetic Miller assay using MUG as a substrate and partially inspired by Ames II 

mutagenicity tests.  This method has several advantages over traditional fluctuation 

test techniques involving plating on selective plates and colony counting.  These 

include that it is considerably less time consuming for the operator, uses fewer 

reagents and consumables, has a wide dynamic range (~10-50000 lac
+
 revertants per 

well), requires less preliminary experimentation to optimize culture size and fraction 

of culture plated to achieve countable plates, and is a prime candidate for automation 

with pipetting robots.  For a fully automated approach, a different lysis method than 

freezing would have to be employed, but this is likely quite feasible using either 

chemical lysis or sonication. 

We have shown that this method is capable of producing estimates for number 

of mutation events in culture when data is input into our code to implement the MSS-

maximum Likelihood Method.  Furthermore, we have shown that it is possible to 

generate a standard curve with a true revertant of the lacZ(CC104) allele, which 

should improve accuracy of mutation estimates.  While we have only demonstrated 

relative mutation rates in the current work by normalizing to 24 hour mean OD600, 

serial dilution and plating for CFU estimates from several microplate wells at this 

timepoint could give mutation rates in terms of mutations per cell per generation as 

described in Foster (2006).  Our method could easily be adapted to other lacZ alleles 

developed for distinguishing many different types of mutations (Cupples and Miller 

1989; Cupples, Cabrera et al. 1990). 
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In conclusion, we have developed a powerful tool for mutation analysis across 

a wide range of mutation types and mutation frequencies.  We have demonstrated how 

to generate standard curves to estimate numbers of mutants per microplate well and 

we have applied the techniques developed to confirm a previously reported result for 

yafNOP dependence of a targeted mutation system developed in our lab. 
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CHAPTER FIVE 

 

Characterization of a system for targeted mutagenesis and engineering an 

increased mutation rate   

ABSTRACT 

In this work, we have engineered improvements to the mutation rate in our 

targeted system for mutagenesis in three areas: target vector improvement, strain 

background, and inducible expression system for DNA polymerase IV and nickase.  In 

the process we have improved our mechanistic understanding of this system.  Using a 

high throughput microplate fluctuation test method developed in out lab, we were able 

to evaluate mutation rate in 19 strains and different propionate inducer concentrations 

for a total of 33 conditions tested, addressing the three areas considered for mutation 

rate improvement.  We interpret these results and discuss future directions for 

improvement of mutation rate and targeting in our system.  Through this and future 

work we aim to develop our system into a viable platform for targeted mutagenesis in 

growing cells, ideally for screens as well as selections. 

INTRODUCTION 

We previously reported on the development of a system for targeted mutation 

on plasmid vectors in growing Escherichia coli by combining overexpression of error-

prone DNA polymerase IV (Pol IV) and the phage f1 GII nickase, in conjunction with 

placing nickase target sites on the mutation target vector (Russell and March 2015).  

We demonstrated that our system was capable of producing tunable mutation using a 

propionate-inducible expression system on multiple target vectors and that this 
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mutation was directed to these vectors compared with the chromosome (Lee and 

Keasling 2005; Russell and March 2015).  We also showed that the mutation spectrum 

for our system was similar to spectra previously reported for Pol IV. 

We had previously added chi sites (5’- GCTGGTGG-3’) flanking the mutation 

target region on one of our vectors, in the hopes that they would help promote 

homologous recombination, and mutations generated by Pol IV in the process.  When 

the RecBCD exonuclease encounters a chi site in the correct orientation, it reduces its 

3’ exonuclease activity and actively loads RecA protein, stimulating homologous 

recombination (Dillingham and Kowalczykowski 2008).  Since our target vectors are 

plasmids, on the order of several kilobases in length, we also wished to prevent 

complete degradation of potential recombination intermediates, using chi to attenuate 

RecBCD’s exonuclease activity.  In this work, we characterized the effects of adding 

chi sites, leading to mechanistic understanding and improvements in mutation target 

vector design. 

We proposed that the targeted mutation in our system is generated by a similar 

mechanism to that described for adaptive mutation and growth-dependent mutation 

due to Pol IV overexpression (Russell and March 2015); that is, error-prone 

recombination directed replication as a result of Pol IV participation in the repair of 

double strand breaks (DSBs) by homologous recombination.  Recruitment of Pol IV to 

DSBs and its involvement with recombination intermediates has been studied in vitro 

and in vivo (Pomerantz, Kurth et al. 2013; Mallik, Popodi et al. 2015).  In the current 

work, we have investigated the genetic requirements of our system in order to support 

that this is the mechanism involved.  We also hoped to gain insight into genetic 
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backgrounds that would increase mutation rate with our system, improving it for 

applications in directed evolution. 

While we had previously characterized mutation rates at different inducer 

concentrations and had experimented with adding different numbers of nickase sites 

on target vectors to stimulate DSB formation, we did not take further steps to optimize 

the inducible expression system (Russell and March 2015).  We did so in this work 

using a hydroxylamine plasmid mutagenesis technique and screening for improved 

mutators with a lacZ reversion papillation assay.  These experiments led to mutation 

rate improvements and revealed potential future lines of research. 

MATERIALS AND METHODS 

Preparation of chemicals and media: 

Media and chemicals were prepared as previously described (Russell, Aurand 

et al. 2015; Russell and March 2015).  Antibiotic concentrations used for growth in 

liquid media and plates were 100 µg/ml ampicillin, 20 µg/ml streptomycin, 10 µg/ml 

tetracycline, 15 µg/ml gentamycin, and 25 µg/ml chloramphenicol. 

Construction of strains and plasmids: 

A complete list of strains, plasmids and primers used in this study is given in 

Table 5.1.  ER1793 was purchased from New England Biolabs.  NR17041 was a gift 

from Roel Schaaper (Gawel, Hamilton et al. 2008).  Several strains belonging to the 

Keio Knockout Collection were purchased from the Coli Genetic Stock Center as well 

as the virulent P1 phage mutant P1vir and plasmids pKD4, pKD46, and pCP20 (Ikeda 

and Tomizawa 1965; Cherepanov and Wackernagel 1995; Datsenko and Wanner 

2000; Baba, Ara et al. 2006).  The remaining strains and plasmids used in this work 
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were developed in previous work or their construction is described below (Russell, 

Aurand et al. 2015; Russell and March 2015).  Oligonucelotides were purchased from 

Integrated DNA Technologies. 

 



 

 

1
4

0
 

Table 5.1.  Strains plasmids and primers. 

Strains     

Name Relevant Genotype Source 

ER1793 F
-
 fhuA2 Δ(lacZ)r1 glnV44 e14

-
(McrA

-
) trp-31 his-1 rpsL104 xyl-7 

mtl-2 metB1 Δ(mcrC-mrr)114::IS10 

New England Biolabs 

NR17041 ara thi Δ(prolac) trpE9777 Δ(dinB-yafN)::kan F’CC104/Δ(dinB-

yafN)::kan 

(Gawel, Hamilton et al. 2008) 

MR0012 ER1793 ΔdinB::cm attTn7:: mini-Tn7T-gm-Ppro-dinB-gII (Russell and March 2015) 

MR0058 ER1793 ΔdinB attTn7:: mini-Tn7T-Ppro-din-gII (Russell and March 2015) 

MR0018 ER1793 ΔdinB (Russell, Aurand et al. 2015) 

P1vir virulent mutant of phage P1 CGSC #12133; (Ikeda and Tomizawa 1965) 

JW0387-1 Δ(araD-araB)567 ΔlacZ4787(::rrnB-3) ΔsbcC761::kan λ- rph-1 

Δ(rhaD-rhaB)568 hsdR514 

CGSC #8563; (Baba, Ara et al. 2006) 

JW1852-1 Δ(araD-araB)567 ΔlacZ4787(::rrnB-3) λ- ΔruvC789::kan rph-1 

Δ(rhaD-rhaB)568 hsdR514 

CGSC #9545; (Baba, Ara et al. 2006) 

JW1993-1 Δ(araD-araB)567 ΔlacZ4787(::rrnB-3) λ- ΔsbcB780::kan rph-1 

Δ(rhaD-rhaB)568 hsdR514 

CGSC #9642; (Baba, Ara et al. 2006) 

JW2669-1 Δ(araD-araB)567 ΔlacZ4787(::rrnB-3) λ- ΔrecA774::kan rph-1 

Δ(rhaD-rhaB)568 hsdR514 

CGSC #10105; (Baba, Ara et al. 2006) 

JW2790-1 Δ(araD-araB)567 ΔlacZ4787(::rrnB-3) λ- ΔrecC747::kan rph-1 

Δ(rhaD-rhaB)568 hsdR514 

CGSC #11913; (Baba, Ara et al. 2006) 

JW2703-2 Δ(araD-araB)567 ΔlacZ4787(::rrnB-3) λ- ΔmutS738::kan rph-1 

Δ(rhaD-rhaB)568 hsdR514 

CGSC #10126; (Baba, Ara et al. 2006) 

JW3627-1 Δ(araD-araB)567 ΔlacZ4787(::rrnB-3) λ- rph-1 ΔrecG756::kan 

Δ(rhaD-rhaB)568 hsdR514 

CGSC #10665; (Baba, Ara et al. 2006) 

JW5437-1 Δ(araD-araB)567 ΔlacZ4787(::rrnB-3) λ- ΔrpoS746::kan rph-1 

Δ(rhaD-rhaB)568 hsdR514 

CGSC #11387; (Baba, Ara et al. 2006) 
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MR0020 MR0018 ΔrecF::kan This work 

MR0050 MR0018 ΔrecD attTn7:: mini-Tn7T-Ppro-din-gII This work 

MR0051 ER1793 ΔdinB ΔrecF attTn7:: mini-Tn7T-Ppro-dinB-gII This work 

MR0052 MR0018 ΔpolB attTn7:: mini-Tn7T-Ppro-dinB-gII This work 

MR0073 MR0018 ΔmutS738 attTn7:: mini-Tn7T-Ppro-dinB-gII This work 

MR0079 MR0058 ΔruvC789 This work 

MR0080 MR0058 ΔrecA774 This work 

MR0081 MR0058 ΔrpoS746 This work 

MR0082 MR0018 ΔsbcB780 ΔsbcC761 attTn7:: mini-Tn7T-Ppro-dinB-gII This work 

MR0086 MR0058 ΔrecC747 This work 

MR0087 MR0082 ΔrecC747 attTn7:: mini-Tn7T-Ppro-dinB-gII This work 

MR0100 MR0018 ΔrecG756 attTn7:: mini-Tn7T-Ppro-dinB-gII This work 

 

Plasmids   

Name Source 

pKD4 CGSC #7632; (Datsenko and Wanner 2000) 

pKD46 CGSC #7631; (Datsenko and Wanner 2000) 

pCP20 CGSC #7629; (Cherepanov and Wackernagel 1995) 

pMR0013 (Russell and March 2015) 

pMR0031 (Russell and March 2015) 

pMR0039 (Russell and March 2015) 

pMR0043 This work 

pMR0116 This work 

pMR0117 This work 

pMR0118 This work 
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Primers   

Number Sequence 

1 5'-AAACTGCAGGCGCAACGCAATTAATGTGAG-3' 

2 5'-AAACTCGAGTTATTTTTGACACCAGACCAACTGG-3' 

3 5’-TTGCCCTGATGGATGAGATGTTTGCCGGTATGACCCTGGAGG

AGGCGTAAGTGTAGGCTGGAGCTGCTTC-3’ 

4 5’-CGTCGGATGCGACATGCGTAACACTCGTACGTCGCATCCGG

CAATTACGTATGGGAATTAGCCATGGTCC-3’ 

5 5’-ATGCGGCCAGCCAGAGCGCGGCTTATGTTGTCATGCCAATG

AGACTGTAAGTGTAGGCTGGAGCTGCTTC-3’ 

6 5’-AGGAGTCATAAGAATTCGACATCAACGTTTCTCGCTCATTTA

TACTTGGGATGGGAATTAGCCATGGTCC-3’ 

7 5’-CAAACGAAACCAGGCTATACTCAAGCCTGGTTTTTTGATGGA

TTTTCAGCGTGTAGGCTGGAGCTGCTTC-3’ 

8 5’-AAAGCATTCGTCACGCATCAAAATGGTATCTGGCGAACTCTT

TTTTTTGCATGGGAATTAGCCATGGTCC-3’ 

9 5’-ACCGCTATGATCTGCAATATCAG-3’ 

10 5’-CAGTATTCACTGGTTCCAGGAAC-3’ 

11 5’-AAGCGGAAGAGATCCTCGAC-3’ 

12 5’-AATACCATGTGGTGCAGACC-3’ 

13 5’-GAGGTCGCTTATATGGGGATATTC-3’ 

14 5’-TGATCCAGCGTTGACCAAGTG-3’ 

15 5’-GATACAATTTTGCGTACTTGCTTC-3’ 

16 5’-CACCATGAATATCACCAACGAC-3’ 

17 5’-AGCAGACAGCGCGGAAGTTTC-3’ 

18 5’-TGAAATAGAGACGTTTGGAGAATTG-3’ 

19 5’-GAATGCTTCAGCGGCGACCGTG-3’ 

20 5’-CGAGTTTACGTCGCAGTTCTTGCTC-3’ 

21 5’-AAATAGCGACCATGGGTAGCAC-3’ 

22 5’-ATCTGGGGTTGTCGGTAGCAG-3’ 

23 5’-GACTACCCTCTCATTTTTATCTGACATG-3’ 

24 5’-GGCGATGAGTTAGTGATTGAGTTTG-3’ 

25 5’-GAAGTATTGCTGGTACGTCGGAGTC-3’ 

26 5’-CACGCCCATAATGCCAAATTCG-3’ 

27 5’-GAGGTAATGTTGGCGATGGTGTTG-3’ 

28 5’-CACTTTTACGGATGGTTTCCTGAATCG-3’ 

29 5’-ATGCTGAATCTTTACGCATTTCTCA-3’ 

30 5’-CAGTGATACCCTCATAATAATGCAC-3’ 

31 5’-CGCTCTCCTGAGTAGGACAAATC-3’ 

32 5’-GATCCACTAGTGAGCTCATGCATG-3’ 

33 5’-AAGTAGCGATAACATGCACATCATC-3’ 
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34 5’-CACAGCATAACTGGACTGATTTC-3’ 

35 5’-ATTAGCTTACGACGCTACACCC-3’ 

36 5’-AAGAACCGATACCCTGGTAGTTAAC-3’ 

37 5’-ATACCGCGAGACCCACGCTCAC-3’ 

38 5’-GAAGACGAAAGGGCCTCGTG-3’ 

39 5’-CGTCCTGACTGGTATAATGAGCCAG-3’ 

40 5’-ATTTTGCGTCTGCAATTGCC-3’ 

41 5’-GGAACAAGTACGGCAGACTA-3’ 

42 5’-GAAACTGGCAAACGAACGCT-3’ 

43 5’-CTGATCACCCCCCGACGTTC-3’ 

44 5’-GACCAGTGATGAATATCTTCCGCC-3’ 

45 5’-CTGGATGAGGCTTATCTCGATGTC-3’ 

46 5’-CAGCAAACCACCCAGGAGCAC-3’ 

47 5’-GGTCAGGATTAGAGAGTACC-3’ 

48 5’-CATGGAATGAAACTTCCAGA-3’ 

49 5’-TTCTCATGTTTGACAGCTTATCATCG-3’ 

50 5’-CTATATCGCCGACATCACCGATG-3’ 

51 5’-TGGGCTACGTCTTGCTGGCGTTC-3’ 

52 5’-GCATGATCGTGCTCCTGTCGTTG-3’ 

53 5’-CAGAAGCCAGACATTAACGCTTCTG-3’ 

54 5’-GAAAGAACATGTGAGCAAAAGGCCAG-3’ 

55 5’-GGACAGTATTTGGTATCTGCGCTCT-3’ 

56 5’-TCATAATCCCAGCACCAGTTGTCTT-3’ 
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The lacZ(CC104) allele, which reverts to lac
+
 by a G:C�T:A transversion 

mutation was amplified from chromosomal and episomal DNA isolated from 

NR17041 using a NucleoSpin® Tissue kit (Clontech) using primers 1 and 2.  This 

added restriction enzyme sites for XhoI and PstI, and the gel purified DNA was cloned 

between these sites on pMR0039 resulting in pMR0043.  Q5® High-Fidelity DNA 

Polymerase, T4 DNA Ligase and restriction enzymes (New England Biolabs) were 

used in cloning according to the manufacturer’s instructions.  Gel purifications were 

performed using a NucleoSpin® Extract II kit (Clontech). 

Recombineering using λ-Red mediated gene replacement was performed as 

previously described using pKD46 for expression of λ-Red proteins and pKD4 as a 

template plasmid for kanamycin resistance gene flanked by FLP recombinase sites 

(Datsenko and Wanner 2000; Russell and March 2015).  Recombinants were selected 

on kanamycin followed by removal of temperature sensitive pKD46.  Antibiotic 

resistances were removed using the temperature sensitive plasmid pCP20, followed by 

curing this plasmid at 42°C as previously described (Cherepanov and Wackernagel 

1995; Russell and March 2015). 

P1 phage transduction was used to move alleles between strains, being mindful 

of distance between alleles being transduced and other desired chromosomal elements 

to reduce unwanted replacements.  Care was also taken when using P1 phage 

transduction to replace genes necessary for successful recombination of transduced 

DNA last. 

λ-Red recombineering was used in MR0018 to delete the recD (primers 3 and 

4), recF (primers 5 and 6), and polB (primers 7 and 8) genes separately.  The recF 
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deletion strain was named MR0020.  The mini-Tn7 cassette from MR0012 was then 

transferred into the recD and polB deletion strains by P1 transduction followed by 

removal of antibiotic resistances with pCP20 creating MR0050 and MR0052 

respectively.  The ΔrecF::kan allele from MR0020 was transferred to MR0012 using 

P1 transduction followed by removal of antibiotic resistances with pCP20 creating 

MR0051.  P1 transduction was used to move the ΔruvC789::kan, ΔrecA774::kan, 

ΔrpoS746::kan, and ΔrecC747::kan alleles separately from their respective Keio 

Collection strains into MR0058 followed by removal of antibiotic resistance with 

pCP20, creating MR0079, MR0080, MR0081, and MR0086 respectively.  MR0073, 

MR0082, and MR00100 were created using P1 transduction to move deletion 

mutations from respective Keio Collection strains into MR0018 and finally the mini-

Tn7 cassette from MR0012 with removal of antibiotic resistances between each step 

using pCP20.  P1 transduction was used to move the ΔrecC747::kan allele from 

JW2790-1 into MR0082 followed by antibiotic resistance removal with pCP20 

creating MR0087. 

Removal of antibiotic resistances was verified by patching these strains onto 

LB agar plates containing appropriate antibiotics.  PCR screening using Quick-Load® 

Taq 2X Master Mix (New England Biolabs) confirmed removal of recD (primers 9 

and 10), recF (primers 11 and 12), polB (primers 13 and 14), mutS (primers 15 and 

16), ruvC (primers 17 and 18), recA (primers 19 and 20), rpoS (primers 21 and 22), 

sbcB (primers 23 and 24), sbcC (primers 25 and 26), recC (primers 27 and 28), dinB 

from its chromosomal location (primers 29 and 30), gentamycin resistance from the 

mini-Tn7 cassette (primers 31 and 32), and the presence of the mini-Tn7 cassette 
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(primers 33 and 34 and 35 and 36) as appropriate in all of these strains. 

Preparation of competent cells and transformation with plasmids was 

performed as described by Chung, Niemela et al. (1989). 

Ultraviolet sensitivity testing: 

To verify that the recA and recC deletions impart sensitivity to ultraviolet light 

and that additional sbcB and sbcC deletions suppress this sensitivity, plates streaked 

with MR0080 pMR0031, MR0086 pMR0031, MR0087 pMR0031, and a lac
+
 

revertant of MR0086 pMR0031 were gradually moved onto an ultraviolet 

transilluminator such that different sections of the plates were exposed for 0, 10, 30, 

and 90 seconds.  Strains ER1793 and MR0018 pMR0031 were included as controls. 

Hydroxylamine mutagenesis and screening for hypermutators: 

Mutagenesis with hydroxylamine was performed as previously described 

(Rose, Winston et al. 1990) on pMR0013.  Mutagenized plasmid DNA was 

transformed into MR0018 pMR0031 and plated in appropriate amounts to give 100-

200 colonies per plate.  LB agar plates used for screening mutant plasmids were 

supplemented with 0.1 mM Isopropyl β-D-1-thiogalactopyranoside (IPTG), 40 µg/ml 

5-bromo-4-chloro-3-indolyl-β-D-galactopyranoside (X-gal), 0.1% (w/v) lactose, 100 

µg/ml ampicillin, and 10 µg/ml tetracycline.  Blue lac
+
 papillae were visible after 48 

hours of incubation at 37°C.  20 screening plates were examined and several mutants 

which appeared to have increased papillation compared with other colonies on plates 

were chosen, regrown in 5 ml LB with antibiotics and stocked at -80°C.  Overnight 

cultures of suspected hypermutators as well as MR0018 pMR0031 pMR0013 control 

were serially diluted and plated on the same media used for screening to produce 100-
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200 colonies.  48 hour papillation was observed on these plates, plasmid DNA was 

isolated from these strains and retransformed into the same MR0018 pMR0031 

background, and a final round of papillation screening was performed on 

retransformed cells.  Three hypermutator plasmids were identified that showed clearly 

increased papillation relative to controls throughout this process: pMR0116, 

pMR0117, and pMR0118.  Plasmid DNA from strains carrying these was isolated 

individually as well as parent plasmid pMR0013.  Since these isolations also contained 

pMR0031, two large sections from each of these plasmids were PCR amplified using 

Q5® High-Fidelity DNA Polymerase (New England Biolabs) and primer pairs 37 and 

38 and 39 and 40.  Amplified DNA was purified using an E.Z.N.A.®  Cycle Pure Kit 

(Omega), and submitted for sequencing at the Cornell University Institute of 

Biotechnology Biotechnology Resource Center with primers 39-55.  

Microplate fluctuation tests: 

Fluctuation tests and analysis for determination of relative mutation rates were 

performed exactly as previously described (Russell, Aurand et al. 2015).  The 

following strains carrying pMR0031 were tested at 0 and 5 mM sodium propionate 

induction with 48 microplate wells per strain and condition tested:  MR0012, 

MR0058, MR0050, MR0051, MR0052, MR0073, MR0079, MR0080, MR0081, 

MR0082, MR0086, MR0087, MR0100.  MR0012 carrying pMR0043 was also tested 

at 0 and 5 mM propionate with 48 wells each to observe the effects of adding chi sites.  

Hypermutator plasmids pMR0116, pMR0117, and pMR0118 as well as non-mutant 

control pMR0013 were tested at 5 mM propionate in a MR0018 pMR0031 

background with 48 wells each.  pMR0118 was also retransformed into the same 
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background and tested at 5 mM propionate with 96 wells. 

Media used for microplate fluctuation tests contained ampicillin and 

streptomycin with 10 µg/ml tetracycline for hypermutators.  We noticed, when 

applying the MSS-maximum Likelihood Method to strains and conditions producing 

very high numbers of estimated revertants, that single microplate wells with low 

estimated revertants could greatly affect the overall estimation of mutational events 

and contributed to irreproducibility (Ma, Sandri et al. 1992; Sarkar, Ma et al. 1992).  

These wells with very low estimated revertants could arise because of pipetting errors 

or early loss of function mutations in lacZ(CC104), making reversion to lac
+
 more 

difficult.  A method was needed to identify outlier data points in order to improve 

reproducibility of results. 

We developed the Matlab function identifyOutliers (File S5.1).  This uses the 

functions generateLD and runMSS previously described (Russell and March 2011; 

Russell, Aurand et al. 2015).  It removes each observed mutant estimate from a set of 

fluctuation test cultures individually and estimates the number of mutational events 

with that culture excluded using the MSS-maximum Likelihood Method.  It also 

determines 95% confidence intervals for the estimate with that culture excluded as 

described in Foster (2006).  Any individual observation whose inclusion produces an 

estimate for mutational events outside the 95% confidence intervals for mutational 

events determined for the remaining data (with that point excluded) is identified as an 

outlier.  We found that performing a single pass of this function on fluctuation test 

data and omitting any outliers identified improved the reproducibility of our results.  

We did this for all fluctuation test data, but only those for MR0012 pMR0043 as well 
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as MR0018 pMR0031 with each of pMR0116, pMR0117, and pMR0118 produced 

wells identified as outliers, only at 5 mM propionate induction.  This Matlab code can 

be computationally intensive, especially with high observed mutant numbers, so it is 

designed to be used with Matlab’s Parallel Computing Toolbox. 

Determination of copy number for hypermutator plasmids: 

Overnight cultures containing pMR0013, pMR0116, pMR0117, and 

pMR0118, each in an MR0018 pMR0031 background, were grown in 5 ml LB 

medium with appropriate antibiotics, then diluted and inoculated at the same rates 

used for microplate fluctuation tests into 5 ml of the same medium with 5 mM 

propionate.  These were grown to an OD600 of 0.5 and plasmid DNA was extracted 

from 3 ml using an E.Z.N.A.® Plasmid Mini Kit I (Omega).  From the remaining 

culture, serial dilutions of 10�990, 10�990, 100�900 µl were performed in 66 mM 

pH 7.2 phosphate buffer.  50, 100, and 200 µl amounts were plated on LB agar plates 

containing appropriate antibiotics and grown overnight at 37°C.  The plates with 

countable numbers of colonies were used to calculate the number of colony forming 

units (CFU) per ml of culture.   

qPCR was performed using SsoAdvanced™ Universal SYBR® Green 

Supermix and a CFX96 Real Time PCR Detection System (Bio-Rad) according to the 

manufacturer’s instructions.  Primers 46 and 56 were used for qPCR, amplifying a 171 

bp region at the 5’ end of the dinB gene on plasmids pMR0013, pMR0116, pMR0117, 

and pMR0118.  Samples, standards, and controls were all run in triplicate for qPCR. 

A pure miniprep of pMR0013 with known concentration was used to generate a 

standard curve ranging from 3.4*10
8
 to 3.4*10

3
 copies of plasmid DNA in 10-fold 
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dilution steps.  Water and reaction mix without template DNA were used as negative 

controls.  2 µl of a 1000-fold dilution from plasmid preparations was loaded as 

template for qPCR wells.  We estimated the hypermutator plasmid copies/ml of 

culture from qPCR results and then used CFU/ml of culture estimates to calculate 

copies/CFU in exponentially growing cells. 

RESULTS 

The effect of adding chi sites to target vectors was tested in the MR0012 

background with either pMR0031 (no chi sites added) or pMR0043 (five chi sites on 

either side of the target region in the correct orientation for recognition by RecBCD 

after DSB formation at nick sites) both containing the lacZ(CC104) reversion allele.  

Figure 5.1 shows that the addition of chi sites increased the relative mutation rate 

102.7-fold at 5 mM propionate induction.  Without induction, both plasmids produced 

microplate fluctuation test results where the majority of microplate wells were below 

the dynamic range of the assay for estimating lac
+
 revertants (Russell, Aurand et al. 

2015).  While relative mutation rate estimates without induction are considered 

inaccurate due to largely extrapolated data, it is noteworthy that the addition of chi 

sites did not increase the observed relative mutation rate for our system without 

propionate addition. 

  



 

Figure 5.1.  Relative mutation rate estimates for target vectors pMR0031 (

sites) and pMR0043 (with 

mM propionate (+).  Asterisks

mutant estimates for individual microplate wells were extrapolated.  The y

presented on a logarithmic scale and error bars represent 95% confidence intervals.

.  Relative mutation rate estimates for target vectors pMR0031 (

sites) and pMR0043 (with 

mM propionate (+).  Asterisks

mutant estimates for individual microplate wells were extrapolated.  The y

presented on a logarithmic scale and error bars represent 95% confidence intervals.

.  Relative mutation rate estimates for target vectors pMR0031 (

sites) and pMR0043 (with chi sites) in MR0012 background without (

mM propionate (+).  Asterisks denote relative mutation rate assays where a majority of 

mutant estimates for individual microplate wells were extrapolated.  The y

presented on a logarithmic scale and error bars represent 95% confidence intervals.
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.  Relative mutation rate estimates for target vectors pMR0031 (

sites) in MR0012 background without (

denote relative mutation rate assays where a majority of 

mutant estimates for individual microplate wells were extrapolated.  The y

presented on a logarithmic scale and error bars represent 95% confidence intervals.

.  Relative mutation rate estimates for target vectors pMR0031 (

sites) in MR0012 background without (

denote relative mutation rate assays where a majority of 

mutant estimates for individual microplate wells were extrapolated.  The y

presented on a logarithmic scale and error bars represent 95% confidence intervals.

.  Relative mutation rate estimates for target vectors pMR0031 (

sites) in MR0012 background without (

denote relative mutation rate assays where a majority of 

mutant estimates for individual microplate wells were extrapolated.  The y

presented on a logarithmic scale and error bars represent 95% confidence intervals.

.  Relative mutation rate estimates for target vectors pMR0031 (without chi 

sites) in MR0012 background without (-) and with 5 

denote relative mutation rate assays where a majority of 

mutant estimates for individual microplate wells were extrapolated.  The y-axis is 

presented on a logarithmic scale and error bars represent 95% confidence intervals.
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denote relative mutation rate assays where a majority of 
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presented on a logarithmic scale and error bars represent 95% confidence intervals. 
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Gene knockouts at propionate induction conditions with more than 50% of the 

microplate fluctuation test wells producing estimated observed mutant values lower 

than the dynamic range of the assay (<10 mutants) were omitted from Figure 5.2 

(Russell, Aurand et al. 2015).  Relative mutation rate estimates from this extrapolated 

data were considered inaccurate, but calculated values were all within the confidence 

limits of the ΔrpoS746 strain with 5 mM propionate induction or lower.  Pol IV-

dependent mutagenesis in our system is strongly dependent on the recD, recF, ruvC, 

recC, and sbcB and/or sbcC genes.  The recC dependence of mutation is not 

suppressed in a ΔsbcB780 ΔsbcC761 ΔrecC747 background, though exposure to UV 

verified that ΔsbcB780 and ΔsbcC761 deletions in this strain suppress the UV 

sensitivity conferred by the ΔrecC747 deletion (Figure S5.1).  Pol IV dependent 

mutation also appears dependent on the rpoS, recA, and recG genes, though some 

mutation was still observed at 5 mM propionate in backgrounds lacking these genes.  

MR0080, which has the ΔrecA774 deletion, was also sensitive to UV as expected 

(Figure S5.1).  Very little residual mutation is observed in the ΔrpoS746 background, 

which agrees with previously reported results (Frisch, Su et al. 2010; Storvik and 

Foster 2010). 
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Figure 5.2.  Relative mutation rates for various gene knockout strains carrying pMR0031 without (Relative mutation rates for various gene knockout strains carrying pMR0031 without (Relative mutation rates for various gene knockout strains carrying pMR0031 without (

induction.  Error bars represent 95% confidence intervals.

Relative mutation rates for various gene knockout strains carrying pMR0031 without (

induction.  Error bars represent 95% confidence intervals.

 

Relative mutation rates for various gene knockout strains carrying pMR0031 without (

induction.  Error bars represent 95% confidence intervals.

Relative mutation rates for various gene knockout strains carrying pMR0031 without (

induction.  Error bars represent 95% confidence intervals.

Relative mutation rates for various gene knockout strains carrying pMR0031 without (-) and with 5 mM propionate (+) 

induction.  Error bars represent 95% confidence intervals. 
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MR0018 pMR0031 colonies transformed with hydroxylamine mutagenized 

pMR0013 were screened for increased lac
+
 papillation.  Approximately 3000 colonies 

were screened (20 plates with 100-200 colonies/plate) and those thought to have 

increased papillation after regrowth and replating were stocked.  Of these, those which 

retained an increased papillation phenotype after retransformation into the same 

genetic background (Figure 5.3) were chosen for further analysis. 

  



 

Figure 5.3.  Images of 48 hour papillation for pMR0116 (a), pMR0117 (b), pMR0118 

(c), and pMR0013 control (d) retransformed into the same MR0018 pMR0031 

background used for initial scr
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(c), and pMR0013 control (d) retransformed into the same MR0018 pMR0031 

background used for initial scr
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(c), and pMR0013 control (d) retransformed into the same MR0018 pMR0031 

background used for initial screening to verify that 
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.  Images of 48 hour papillation for pMR0116 (a), pMR0117 (b), pMR0118 

(c), and pMR0013 control (d) retransformed into the same MR0018 pMR0031 

eening to verify that 

preserved.

.  Images of 48 hour papillation for pMR0116 (a), pMR0117 (b), pMR0118 

(c), and pMR0013 control (d) retransformed into the same MR0018 pMR0031 

eening to verify that hyper

preserved. 

.  Images of 48 hour papillation for pMR0116 (a), pMR0117 (b), pMR0118 

(c), and pMR0013 control (d) retransformed into the same MR0018 pMR0031 

hypermutator phenotype was 
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mutator phenotype was 
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Relative mutation rates were determined for hypermutator plasmids pMR0116, 

pMR0117, and pMR0118 (derived from pMR0013 by hydroxylamine mutagenesis) as 

well as control plasmid pMR0013 (non-mutant) in MR0018 pMR0031 (strain 

background with lacZ(CC104) reversion allele on mutation target vector) with 5 mM 

propionate induction as shown in Figure 5.4.  Interestingly, MR0058 pMR0031, with 

propionate-inducible dinB-gII on the chromosome produced a higher relative mutation 

rate than that determined for pMR0013 (Figure 5.4).  pMR0118 produced the highest 

relative mutation rate of the hypermutators, so this plasmid was retransformed into the 

same genetic background and relative mutation rate was confirmed consistent in the 

retransformed strain. 
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Figure 5.4.  Relative mutation rates for hypermutator plasmids pMR0116, pMR0117, 

and pMR0118 identified by increased papillae relative to pMR0013 in MR0018 

carrying pMR0031.  pMR0118 was retransformed into the same background and 

relative mutation measured to verify that hypermutator phenotype was retained.  All 

results shown are at 5 mM propionate induction.  For comparison, relative mutation 

rate is also shown for pMR0031 in MR0058 with the propionate-inducible dinB-gII 

expression system on a mini-Tn7 cassette on the chromosome.  Error bars represent 

95% confidence intervals. 
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Hypermutator plasmids pMR0116, pMR0117 and pMR0118 were fully 

sequenced, as was control plasmid pMR0013 (Sequence S5.1), from which they were 

derived.  Sequencing results revealed that pMR0116 had G�A and C�T base 

substitutions at positions 2770 and 3945 respectively.  The first mutation lies within 

the pMB1 origin of replication and the second in the prpR gene, but does not result in 

an amino acid change.  pMR0117 had G�A and C�T base substitutions at positions 

2934 and 6609 respectively.  The first mutation lies within the pMB1 origin of 

replication and the second in the gII nickase gene, resulting in a histidine to tyrosine 

amino acid change.  Plasmid pMR0118 had C�T and G�A base substitutions at 

positions 2966 and 4841 respectively.  The first mutation lies within the pMB1 origin 

of replication and the second in the prpR gene, but does not result in an amino acid 

change.  The mutation in the prpR gene on pMR0118 results in a TTG�CTG codon 

change to a more frequently used codon for leucine in E. coli, while the prpR mutation 

in pMR0116 results in a TTG�TTA codon change, both encoding leucine with 

approximately the same usage. 

Since all three hypermutator plasmids contained mutations in the plasmid 

origin of replication, it was hypothesized that these affected plasmid copy number.  

Copy number was evaluated by qPCR and plating serial dilutions to determine CFU 

(Figure 5.5).  These results showed that all three hypermutator plasmids had reduced 

copy number compared with the control plasmid pMR0013 and that this pMR0118 

retained reduced copy number when retransformed into the same background. 

  



 

Figure 5.5.  qPCR re

copies per CFU for plasmid DNA isolated from MR0018 pMR0031 background as 

well as for pMR0118 retransformed into the same background.  Error bars represent 

95% confidence intervals from three technic
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sults for pMR0116, pMR0117, pMR0118, and pMR0013 control 

copies per CFU for plasmid DNA isolated from MR0018 pMR0031 background as 

well as for pMR0118 retransformed into the same background.  Error bars represent 

95% confidence intervals from three technic

sults for pMR0116, pMR0117, pMR0118, and pMR0013 control 

copies per CFU for plasmid DNA isolated from MR0018 pMR0031 background as 

well as for pMR0118 retransformed into the same background.  Error bars represent 

95% confidence intervals from three technical qPCR replicates. 
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DISCUSSION 

Our characterization of the effects of adding chi sites flanking the nicked 

region of our mutation target revealed that they do increase mutation, and supports the 

proposed mechanism of Pol IV involvement in repair of DSBs by homologous 

recombination involving RecBCD.  Since this work was done in the same genetic 

background where targeting was previously investigated relative to the chromosome 

(Russell and March 2015), and since increased homologous recombination of the 

target vector is unlikely to affect DSB formation and mutation on the chromosome, it 

is likely that chi sites not only increase mutation rate but also increase targeting. 

The effectiveness of adding chi sites flanking the target region of vectors raises 

the question of whether this technique could also confine targeted mutation within the 

flanked region, by limiting resection to only this region.  This could be highly 

advantageous for localized mutagenesis applications.  For example, in our experiments 

with hydroxylamine mutagenesis of our Pol IV and nickase expression vector, all three 

screened and confirmed hypermutators had mutations within the plasmid origin of 

replication, which appear to reduce plasmid copy number, likely optimizing 

overexpression levels.  While this is still an exciting result, a more error-prone Pol IV 

or one with mutation spectrum shifted towards base substitutions and away from 

frameshifts (Russell and March 2015) would be the preferred outcome of future 

mutagenesis experiments.  To achieve this, a different and even more targeted 

mutagenesis technique than hydroxylamine may be required, confining mutation not 

only to the pMR0013 vector, but to the dinB-gII region.  If chi sites provide improved 

targeting, not only to a vector, but also to a specific region on said vector, it would 
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improve the applications of our system.  This could be investigated in future work by 

placing reversion mutation targets at different locations on the vector – within and 

outside the region defined by repeated chi sites – and determining relative mutation 

rates for each. 

The results of gene knockouts support the proposed mechanism of Pol IV 

involvement in DSB repair by homologous recombination.  Mutation in our system is 

highly dependent on recF, ruvC, and recC and partially dependent on recA.  These are 

all genes encoding proteins involved in homologous recombination and resolution of 

recombination intermediates.  Interestingly, it was also highly dependent on recD.  

Homologous recombination has previously been reported to be elevated in ΔrecD 

strains.  However, the RecBCD exonuclease does not resect DNA in this background.  

Shee, Gibson et al., (2012) observed that Pol IV dependent mutation close to 

chromosomal DSBs was reduced in a ΔrecD strain and proposed that this is because 

lack of resection causes less replication, and opportunity for Pol IV involvement, 

during homologous recombination in this background.  This may also explain why the 

ΔrecC747 suppressor strain we constructed with ΔsbcB780 and ΔsbcC761 deletions 

did not also allow Pol IV-dependent mutation, if resection is also limited in this 

background.  It is interesting that mutation was also absent in a ΔsbcB780 ΔsbcC761 

recC
+
 background since 3’ exonuclease activity should be attenuated, but perhaps 

these genes are required to process double strand ends, allowing loading of RecBCD.  

RecBCD requires a nearly blunt ended double stranded DNA substrate (Dillingham 

and Kowalczykowski 2008). 

As expected from previous work, mutation rate increased in ΔpolB and 
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ΔmutS738 backgrounds while basal mutation without propionate induction remained 

low.  The ΔmutS deletion confers a well characterized mutator phenotype lacking 

mismatch repair.  Mutation in this strain should also be increased on the chromosome, 

so it may not be the best choice of strain background for implementing our system.  

The polB gene encodes the translesion synthesis DNA polymerase II which has 

previously been shown to compete with Pol IV at recombination intermediates and has 

higher fidelity due to 5’ exonuclease (proofreading) activity (Frisch, Su et al. 2010; 

Pomerantz, Kurth et al. 2013).  Presumably Pol IV dependent mutation is increased in 

ΔpolB strains due to elimination of this competition.  The ΔpolB deletion should not 

greatly increase chromosomal mutation.  These backgrounds will be included in future 

work examining targeting in our system. 

While results for gene knockouts generally support the mechanism proposed 

for our system, the results in ΔrecG756 and ΔrecA774 backgrounds are a little 

surprising.  RecG deficient strains have been reported to increase Pol IV-dependent 

stationary phase mutation (Foster, Trimarchi et al. 1996; Harris, Ross et al. 1996).  

However since our system is in growing cells, where RecG has been reported to 

promote DSB repair, RecG helicase activity may not be sufficient to catch up to 

replicating DNA (Meddows, Savory et al. 2004).  Though reduced, the residual 

mutation in the ΔrecA774 background at 5 mM propionate is surprising because the 

mechanism hypothesized for Pol IV-dependent mutation is error-prone replication by 

Pol IV on recombination intermediates, and homologous recombination relies heavily 

on RecA (Dillingham and Kowalczykowski 2008).  However, some residual mutation 

due to Pol IV overexpression was previously reported in a ΔrecA background by 
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Godoy, Jaroaz et al. (2007).  It appears that some Pol IV-dependent mutation arises 

from a recA-independent mechanism.  Since mutation in our system was more affected 

by other genes involved in homologous recombination than by recA, the possibility of 

recA independent homologous recombination in our strains should be considered.  It 

has been reported that recA-independent homologous recombination can occur in E. 

coli but is limited by single strand exonuclease activity (Dutra, Sutera et al. 2007). 

The success of the papillation screen that we used for identifying 

hypermutators is promising, and may be able to provide further improvements when 

combined with the correct mutagenesis technique.  This papillation screen could also 

be employed to identify chromosomal mutations that increase or decrease Pol IV-

dependent mutation.  For example, Tn5 mutagenesis could be employed in either a 

strain resembling MR0058 or a hypermutator strain resembling MR0018 pMR0118, 

screening for chromosomal mutations resulting in increased or reduced papillation. 

We identified mutant dinB-gII overexpression plasmids, the best being 

pMR0118, with greatly increased relative mutation rate and showed that this is likely 

due to reduced copy number compared to non-mutant parent pMR0013.  The copy 

number estimate for pMR0013 in Figure 5.5 is a little higher than that typically 

reported for the pMB1 origin on the pBR322 backbone of this vector.  This could be 

because the results are for exponentially growing cells and CFU estimates may include 

colonies from dividing or nearly-divided cell pairs.  This work implies that there is an 

optimal overexpression level to achieve high mutation rate in our system.  pMR0118 

also has a silent mutation in the regulatory prpR gene which changes a codon with low 

usage to one with higher usage for the same amino acid, possibly affecting expression 
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levels.  Reduced mutation in higher copy number expression systems could relate to 

previously reported Pol IV toxicity when highly expressed (Uchida, Furukohri et al. 

2008).  Another possibility is that the lacZ(CC104) reversion assay becomes saturated 

or even that more loss of function mutations arise than lac
+
 revertants above a certain 

expression level.  To further examine this, overexpression system and copy number 

effects on different mutation targets, such as the ccdB loss of function selection we 

previously reported could be explored (Russell and March 2015). 

In this work we took steps to increase the mutation rate in three areas: 

Improving our target vector (chi sites), investigating genetic backgrounds (ΔpolB and 

ΔmutS), and improving our dinB-gII overexpression system (hydroxylamine 

mutagenesis and copy number characterization).  In doing so we have gained insight 

into the mechanism and paths for further optimization of our system.  
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CHAPTER SIX 

 

Conclusions  

 This work accomplished the design and characterization of a system for 

localized mutagenesis and improvements to this system’s mutation rate.  A 

preliminary version of this system had a relative mutation rate 6.1-fold higher at 5 mM 

propionate induction than when uninduced (MR0058 with pMR0031), measured by 

reversion of the lacZ(CC104) allele (Russell and March 2015).  The uninduced 

mutation rate in this strain was also higher than that measured on the same plasmid-

borne allele without Pol IV and nickase overexpression (MR0018), likely due to leaky 

expression (Russell and March 2015).  Mutation was targeted to plasmid vectors in 

our system relative to chromosomal mutation (Russell and March 2015).  Our work 

also allowed the development of techniques to accelerate future mutation research 

(Russell and March 2011; Russell, Aurand et al. 2015). 

While initial versions of our system did produce targeted and tunable mutation, 

rates were low, potentially impeding applications in mutagenesis without stringent 

selection.  We took steps to improve mutation rate by characterizing our system in 

different genetic backgrounds.  This work helped to affirm the mechanism of our 

system – error prone Pol IV-dependent mutation on homologous recombination 

intermediates – and identified backgrounds where mutation rate was elevated, 

including polB and mutS deletions and a requirement for the yafNOP genes (Russell, 

Aurand et al. 2015; Russell and March 2015; Russell and March 2015).  Relative 

mutation rate was elevated 2.4 and 6.1-fold respectively in polB and mutS deletion 
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backgrounds at 5 mM propionate induction compared with a strain lacking these 

deletions (Russell and March 2015).  We also took steps to improve our mutation 

target vector by adding repeated nickase sites and chi sites (Russell and March 2015; 

Russell and March 2015).  Addition of chi sites increased relative mutation rate 14.4-

fold at 5 mM propionate induction compared to the same strain background without 

chi sites (Russell and March 2015).  Finally, we used a hydroxylamine mutagenesis 

technique to improve our overexpression system, selecting mutants with elevated 

mutation rate using a lac
+
 papillation screen (Russell and March 2015).  The best-

performing mutant (pMR0118 pMR0031 MR0018) produced a relative mutation rate 

11.5-fold higher than an early version of our system (MR0058 pMR0031) at 5 mM 

propionate induction (Russell and March 2015).  We showed that these improvements 

resulted from changes in overexpression plasmid copy number, likely optimizing Pol 

IV and nickase expression levels (Russell and March 2015). 

 There is room for further development of our system in the areas of targeting 

and mutation spectrum.  We have demonstrated methods of assessing targeting and 

suggest that they be applied to strains with increased mutation rate to verify that 

mutation is still targeted to plasmids relative to the chromosome in future work.  The 

success of adding chi sites to target vectors also provides an impetus for assessing 

targeting on these vectors, to see if mutation is further targeted to the region flanked 

by chi repeats (Russell and March 2015). 

Specific amino acids within the Pol IV active site have been implicated in its 

mutator activity and ability to bypass lesions.  Though previous work was more 

focused on characterizing the role of active site residues in lesion bypass, it is possible 
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that more targeted mutagenesis of the Pol IV active site could also produce decreased 

fidelity or a mutation spectrum shifted away from insertion and deletion mutations 

towards base substitutions (Wagner and Nohmi 2000; Kobayashi, Valentine et al. 

2002; Benson, Norton et al. 2011; Sharma, Kottur et al. 2013; Russell and March 

2015). 

In addition to further explorations of the targeting of our system, our work has 

shown pathways for further improvements.  One such path that remains to be explored 

is optimizing relative expression levels of Pol IV and nickase.  While a nickase was 

chosen to ensure that an intact parent vector copy would remain for homologous 

recombination repair, we could also explore the possibility of creating double strand 

breaks directly, using a homing endonuclease.  The advent of CRISPR/Cas systems 

for targeting both double strand breaks and nicks to specific regions of the 

chromosome may also present the exciting possibility of using our system to target 

mutation to chromosomal locations without the need for additional chromosomal 

editing (Jiang, Bikard et al. 2013; Ran, Hsu et al. 2013). 

  



 

173 

REFERENCES 

Benson, R. W., M. D. Norton, I. Lin, W. S. Du Comb and V. G. Godoy (2011). "An 

active site aromatic triad in Escherichia coli DNA Pol IV coordinates cell 

survival and mutagenesis in different DNA damaging agents." PLoS One 6(5): 

e19944. 

Jiang, W., D. Bikard, D. Cox, F. Zhang and L. A. Marraffini (2013). "RNA-guided 

editing of bacterial genomes using CRISPR-Cas systems." Nat Biotechnol 

31(3): 233-239. 

Kobayashi, S., M. R. Valentine, P. Pham, M. O'Donnell and M. F. Goodman (2002). 

"Fidelity of Escherichia coli DNA polymerase IV. Preferential generation of 

small deletion mutations by dNTP-stabilized misalignment." J Biol Chem 

277(37): 34198-34207. 

Ran, F. A., P. D. Hsu, C. Y. Lin, J. S. Gootenberg, S. Konermann, A. E. Trevino, D. 

A. Scott, A. Inoue, S. Matoba, Y. Zhang and F. Zhang (2013). "Double nicking 

by RNA-guided CRISPR Cas9 for enhanced genome editing specificity." Cell 

154(6): 1380-1389. 

Russell, M. S., T. C. Aurand and J. C. March (2015). "An improved high throughput 

fluctuation test protocol for measuring mutation rates in growing cells." 

Russell, M. S. and J. C. March (2011). "Bootstrap estimation of confidence intervals 

on mutation rate ratios." Environ Mol Mutagen 52(5): 385-396. 

Russell, M. S. and J. C. March (2015). "Characterization of a system for targeted 

mutagenesis and engeineering an increased mutation rate." 

Russell, M. S. and J. C. March (2015). "A system for targeted error-prone 



 

174 

recombination directed replication of plasmid vectors in growing cells." 

Sharma, A., J. Kottur, N. Narayanan and D. T. Nair (2013). "A strategically located 

serine residue is critical for the mutator activity of DNA polymerase IV from 

Escherichia coli." Nucleic Acids Res 41(9): 5104-5114. 

Wagner, J. and T. Nohmi (2000). "Escherichia coli DNA polymerase IV mutator 

activity: genetic requirements and mutational specificity." J Bacteriol 182(16): 

4587-4595. 

 

 

 

  



 

175 

APPENDIX 

 

Supplementary information  

  



 

176 

File S2.1.  Matlab function generateLD. 

% generateLD; Last updated on 1/23/13;  
% Matthew S. Russell; Cornell University 
% 
% This program generates Luria-Delbruck probability distribution 

% functions for r at a given m using the recurrence relation of Ma et 
% al. (1992) 
% 
% Based on a program of same name by Greg Lang; Harvard University 
% Rewritten 1/23/13 by Matthew S. Russell because original generateLD 

% code was no longer available online 

% 
% Functions required: none 

  
function X = generateLD(m, max) 

  
dist=zeros(max+1,1); 

  
dist(1)=exp(-m); 

  
for r=1:1:max 
    for i=0:1:r-1 
        dist(r+1)=dist(r+1)+(m/r)*(dist(i+1)/(r-i+1)); 
    end 
end 

  
X=dist; 
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File S2.2.  Matlab function fluctArray. 

% fluctArray; Last updated on 6/15/10;  
% Greg Lang; Harvard University 
% As modified and used by: 
% Matthew S. Russell; Cornell University 
% 
% This program simulates fluctuation experiments by sampling from the 
% Luria-Delbruck distribution. Modified from sampleLD() by Greg Lang. 
% 
% Functions required: generateLD() 

  
function out=fluctArray(m,samples,cultures) 
% m: is the parameter which describes the distribution 
% samples: the number of fluctuation test experiments to be simulated 
% cultures: the number of cultures to be simulated 

  
dist=generateLD(m,100*m);           

% define the variable "dist" = the Luria-Delbruck distribution with 

% parameter "m".  The "100*m" sets the maximum value for mutants per 

% culture in this simulation (in this case 1001). 
cdist=cumsum(dist);                 

% sets "cdist" = the cumulative of "dist". 
r=zeros(samples,cultures);          

% "r" is the output array: each number in the array is a different 

% culture 
for i=[1:samples]                   

% modification to the original code by M.S.R. 2010 
    for j=[1:cultures]              

% loop - each loop calculates the number of mutants in one culture 
       samp=cdist-rand(1);          

% subtract a uniform random number [0,1] from the cumulative 

% distribution 
       samp(find(samp > 0)) = 0;    

% convert all positive values to 0 
       samp(find(samp < 0)) = 1;    

% convert all negative values to 1 
       r(i,j)=[sum(samp)];          

% sum the positive values and add this number to the array of mutants 

% per culture 
    end 
end 

  
out=r;                              

% output the matrix containing simulated fluctuation test data 
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File S2.3.  Matlab function zCalculator. 

 
% zCalculator; Last updated on 6/15/10;  
% Matthew S. Russell; Cornell University 
% 
% This program calculates a fraction of culture plated, z, likely to 
% produce a desired median number of observed mutants in a  

% fluctuation test. 
% 
% Functions required: generateLD() 

  
function zout=zCalculator(m,r) 

  
LDist=generateLD(m,100*m); 

% define the variable "LDist" = the Luria-Delbruck distribution with 

% parameter "m".  The "100*m" sets the maximum value for mutants per 

% culture in this simulation. 
rIdeal=r; 

% define the variable "rIdeal", the desired median number of observed 

% mutants 

  
% Convert the pmf "LDist" into a cmf. 
for i=2:1:length(LDist) 
    LDist(i)=LDist(i-1)+LDist(i); 
end 

  
% Find the expected median for number of observed mutants from the 

% cdf LDist (LDist=0.5). 
for i=1:1:length(LDist) 
    if LDist(i)>=0.5 
        x=i-1; 
        break 
    end 
end 

  
% Return the value of z expected to produce rIdeal as the median 

% number of observed mutants. If median number of observed mutants is 
% expected to be less than rIdeal, return z=1. 
if x>rIdeal 
    zout=1/(x/rIdeal); 
else 
    zout=1; 
end 
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Figure S2.1.  Flowchart detailing Matlab function purposes and interactions. 
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File S2.4.  Matlab function mutRatio. 

% mutRatio; Last updated on 9/10/10;  
% Matthew S. Russell; Cornell University 
% 
% This program uses bootstrap resampling to estimate confidence 

% limits on the quotient of the mutation rates for two strains. 
% 
% Functions required: pNum() 

  
function [CIup, CIdown]=mutRatio(R1,R2,z1,z2,Nt1,Nt2,nboot,alpha) 
% R1: fluctuation test data for strain 1, comprising numerator of 

% mutation rate quotient 
% R2: fluctuation test data for strain 2, comprising denominator of 

% mutation rate quotient 
% z1: dilution ratio and/or plating efficiency for strain 1 
% z2: dilution ratio and/or plating efficiency for strain 2 
% Nt1: Estimate of total cell count for strain 1 cultures 
% Nt2: Estimate of total cell count for strain 2 cultures 
% nboot: number of bootstrap samples used 
% alpha: probability of type one error.  An alpha value of 10 will 

% result in a 90% confidence interval on the quotient of two mutation 

% rates 

  
% Generate bootstrap samples from strain 1 and strain 2 fluctuation 

% test data and calculate the median number of observed mutants and 

% the proportion of plates with zero observed mutants for each 

% bootstrap sample. 
samp1=bootstrp(nboot,@(x) [pNum(x,0) median(x)],R1);    

% strain 1 
samp2=bootstrp(nboot,@(x) [pNum(x,0) median(x)],R2);    

% strain 2 

  
p01=samp1(:,1);                          

% proportions of zero colony plates for strain 1 bootstrap samples 
p02=samp2(:,1);                          

% proportions of zero colony plates for strain 2 bootstrap samples 
meds1=samp1(:,2);                        

% median numbers of observed mutants for strain 1 bootstrap samples 
meds2=samp2(:,2);                        

% median numbers of observed mutants for strain 2 bootstrap samples 

  
% Determine whether to use the Jones Median Estimator or P0 method 

% for estimating mutants per culture for each bootstrap sample, 

% representing a set of simulated fluctuation test data. 
if median(R1)>=3 && median(R1)<=40 
    method1=1;                           

% use Jones Median Estimator method 
    m1=zeros(length(meds1),1);           

% initialize vector "m1" which will contain mutants per culture 
elseif pNum(R1,0)>=0.1 && pNum(R1,0)<=0.7 
    method1=0;                           

% use P0 method 
    m1=zeros(length(p01),1);             
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% initialize vector "m1" which will contain mutants per culture 
else                                     

% the sample data are not well suited for either method, consider 

% using different "z1" 
    if median(R1)>40 
        method1=1;                       

% use Jones Median Estimator method 
        m1=zeros(length(meds1),1);       

% initialize vector "m1" which will contain mutants per culture 
    else 
        method1=0;                       

% use P0 method 
        m1=zeros(length(p01),1);         

% initialize vector "m1" which will contain mutants per culture 
    end 
    fprintf('\nThe available methods are not suitable for calculating 

sample 1 mutation rate\n\n'); 
end 

  
if median(R2)>=3 && median(R2)<=40 
    method2=1;                           

% use Jones Median Estimator method 
    m2=zeros(length(meds2),1);           

% initialize vector "m2" which will contain mutants per culture 
elseif pNum(R2,0)>=0.1 && pNum(R2,0)<=0.7 
    method2=0;                           

% use P0 method 
    m2=zeros(length(p02),1);             

% initialize vector "m2" which will contain mutants per culture 
else                                     

% the sample data are not well suited for either method, consider 

% using different "z2" 
    if median(R2)>40 
        method2=1;                       

% use Jones Median Estimator method 
        m2=zeros(length(meds2),1);       

% initialize vector "m2" which will contain mutants per culture 
    else 
        method2=0;                       

% use P0 method 
        m2=zeros(length(p02),1);         

% initialize vector "m2" which will contain mutants per culture 
    end 
    fprintf('\nThe available methods are not suitable for calculating 

sample 2 mutation rate\n\n'); 
end 

  
% Fill vectors "m1" and "m2" with estimates of number of mutants per 
% culture for each bootstrap sample using preferred method.  In cases 

% when preferred method will not work, use alternate method.  Note 
% that some bootstrap samples will not work well with either method, 
% likely resulting in a value of 0 or Inf for the final estimate of 
% the quotient of two mutation rates. 
if method1==0 
    for i=1:1:length(p01) 
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        if p01(i)==1 
            m1(i)=(((meds1(i)/z1)-0.693)/(log(meds1(i)/z1)+.367));  

%Jones method 
        else 
            if z1==1 
                m1(i)=(-log(p01(i)));                               

%P0 method without correction for z 
            else 
                m1(i)=(-log(p01(i)))*((z1-1)/(z1*log(z1)));         

%P0 method with correction for z 
            end 
        end 
    end 
end 

  
if method2==0 
    for i=1:1:length(p02) 
        if p02(i)==1 
            m2(i)=(((meds2(i)/z2)-0.693)/(log(meds2(i)/z2)+.367));  

%Jones method 
        else 
            if z2==1 
                m2(i)=(-log(p02(i)));                               

%P0 method without correction for z 
            else 
                m2(i)=(-log(p02(i)))*((z2-1)/(z2*log(z2)));         

%P0 method with correction for z 
            end 
        end 
    end 
end 

  
if method1==1 
    for i=1:1:length(meds1) 
        if meds1(i)==0 
            if z1==1 
                m1(i)=(-log(p01(i)));                               

%P0 method without correction for z 
            else 
                m1(i)=(-log(p01(i)))*((z1-1)/(z1*log(z1)));         

%P0 method with correction for z 
            end 
        else 
            m1(i)=(((meds1(i)/z1)-0.693)/(log(meds1(i)/z1)+.367));  

%Jones method 
        end 
    end 
end 

  
if method2==1 
    for i=1:1:length(meds2) 
        if meds2(i)==0 
            if z2==1 
                m2(i)=(-log(p02(i)));                               

%P0 method without correction for z 
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            else 
                m2(i)=(-log(p02(i)))*((z2-1)/(z2*log(z2)));         

%P0 method with correction for z 
            end 
        else 
            m2(i)=(((meds2(i)/z2)-0.693)/(log(meds2(i)/z2)+.367));  

%Jones method 
        end 
    end 
end 

  
% Convert vectors "m1" and "m2" containing estimates of number of 

% mutants per culture for each bootstrap sample into estimates of 
% mutation rate for each bootstrap sample by division by randomized 
% values for total number of cells per culture. Note that "Nt" is not 
% allowed to vary for each bootstrap samples. This ignores variance 
% in "Nt". 
m1=m1/Nt1; 
m2=m2/Nt2; 

  
% Define the vector "ratio" as the quotient of the mutation rate 
% estimates for strain 1 and strain 2. 
ratio=m1./m2; 

  
% Sort ratio vector ascending. 
ratio=sort(ratio,1); 

  
% Define confidence limits based on percentiles of sorted ratio 

% vector and according to desired alpha. 
CIup=ratio(round(nboot/100*(100-(alpha/2)))); 
CIdown=ratio(round(nboot/100*(alpha/2))); 
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File S2.5 Matlab function pNum. 

% pNum; Last updated on 6/15/10;  
% Matthew S. Russell; Cornell University 
% 
% This program returns the proportion of entries in a vector with a 

% given value. 
% 
% Functions required: none 
 

function pQuery = pNum(x,query) 
% x: the input vector 
% query: the value for which a proportion is desired proportion of a 
% sample vector x comprized of zeros 
n=0; 
for i=1:1:length(x) 
   if x(i)==query 
       n=n+1; 
   end 
end 
 

pQuery=n/length(x);          

% return the proportion of values contained in "x" that equal "query" 
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File S2.6.  Matlab function validateBootstrap. 

% validateBootstrap; Last updated on 6/15/10;  
% Matthew S. Russell; Cornell University 
% 
% This program simulates the results of numerous fluctuation test 
% experiments for two strains, strain 1 and strain 2, with known 
% parameters. It then generates bootstrap confidence intervals for 

% the quotient "(mutation rate of strain 1)/(mutation rate of strain 

% 2)" and determines the proportion of bootstrap confidence intervals 

% which contain the expected value of this quotient as well as 

% information about those bootstrap confidence intervals that fail to 

% include this expected value. 
% 
% Functions required: fluctArray(), generateLD(), mutRatio(), pNum(), 
% zCalculator() 

  
function []=validateBootstrap() 

  
% Experimental properties: 
numSamples=1000;                         

% number of simulated fluctuation test data sets 
numCultures=25;                          

% number of cultures used in each fluctuation test data set 
nboot=10000;                             

% number of bootstrap samples used in each bootstrapping protocol 
%alpha=5;                                

% percent probability of type one error, "alpha=10" will produce 90% 

confidence intervals, must be >=1 

  
Nt1=3.71e9;                              

% mean total cell count for strain 1 cultures, used in calculating 

% mutation rate 
Nt2=3.71e9;                              

% mean total cell count for strain 2 cultures, used in calculating 

% mutation rate 

  
Nt1SD=sqrt(3.02e16);                     

% variance in determination of mean total cell count for strain 1 

% cultures, "Nt1Var=Nt1" by default 
Nt2SD=sqrt(3.02e16);                     

% variance in determination of mean total cell count for strain 2 

% cultures, "Nt2Var=Nt2" by default 

  
m1=100;                                  

% simulated number of mutants per culture for strain 1 
m2=100;                                  

% simulated number of mutants per culture for strain 2 

  
rIdeal=18;                               

% desired value for median number of mutants per culture 
z1=zCalculator(m1,rIdeal);               

% proportion of strain 1 cultures plated and/or plating efficiency 

% for strain 1 
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z2=zCalculator(m2,rIdeal);               

% proportion of strain 1 cultures plated and/or plating efficiency 

% for strain 2 

  
expectedQuotient=(m1/Nt1)/(m2/Nt2);      

% expected quotient of "(mutation rate for strain 1)/(mutation rate 

% for strain 2)" 

  
% Loop allows program to perform Monte Carlo simulations for 

% bootstrap confidence intervals at different values of alpha. As 

% above, "alpha=10" will produce 90% confidence intervals, must be 

% >=1 

a=[5;10;15;25];                                      

% COMMENT TO USE SINGLE ALPHA, AND UNCOMMENT ABOVE 
for k=1:1:length(a)                                  

% COMMENT TO USE SINGLE ALPHA, AND UNCOMMENT ABOVE 
alpha=a(k);                                          

% COMMENT TO USE SINGLE ALPHA, AND UNCOMMENT ABOVE 
fprintf('\nResults for alpha=%6.2f:\n',alpha)        

% COMMENT TO USE SINGLE ALPHA, AND UNCOMMENT ABOVE 

  
fluctSamples1=fluctArray(m1,numSamples,numCultures);     

% generates simulated fluctuation test data for strain 1 
fluctSamples2=fluctArray(m2,numSamples,numCultures);     

% generates simulated fluctuation test data for strain 2 

  
% These next two corrections are for observed mutants due to 

% fractions of culture plated (z1 and z2). A binomial distribution 

% was used to simulate the effects of sampling on plate counts. May 
% wish to simplify to poisson distribution approximation (commented 
% line above binomial distribution). 
if z1<1 
    for i=1:1:numSamples 
        for j=1:1:numCultures 
            

%fluctSamples1(i,j)=poissinv(rand(),fluctSamples1(i,j)*z1); 
            fluctSamples1(i,j)=binoinv(rand(),fluctSamples1(i,j),z1); 
        end 
    end 
end 

  

  
if z2<1 
    for i=1:1:numSamples 
        for j=1:1:numCultures 
            

%fluctSamples2(i,j)=poissinv(rand(),fluctSamples2(i,j)*z2); 
            fluctSamples2(i,j)=binoinv(rand(),fluctSamples2(i,j),z2); 
        end 
    end 
end     

  
bootCIs=[];                             % initialize vector which 

will contain bootstrap confidence interval estimates 
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% The following loop generates bootstrap confidence intervals for the 
% quotient "(mutation rate of strain 1)/(mutation rate of strain 2)" 

% as determined from paired samples of fluctuation test data 

% simulated for strain 1 and strain 2. Bootstrap confidence intervals 
% are stored in the vector "bootCIs" along with a variable "v" which 
% keeps track of whether the expected value, "expectedQuotient," 
% falls within each bootstrap conficence interval, or if not, which 
% confidence limit is too high/low. 
for i=1:1:numSamples 

  
    % Calculate a random value for the total number of cells in 

    % culture (Nt) for each fluctuation test sample from parameters 

    % "Nt1", "Nt2", "Nt1SD", and "Nt2SD".  This method assumes normal 
    % distribution of estimates for the total number of cells in 

    % culture. 
    if Nt1SD>0 
        N1s=norminv(rand(),Nt1,Nt1SD); 
    else 
        N1s=Nt1; 
    end 
    if Nt2SD>0 
        N2s=norminv(rand(),Nt2,Nt2SD); 
    else 
        N2s=Nt1; 
    end 

  
    

[x,y]=mutRatio(fluctSamples1(i,:),fluctSamples2(i,:),z1,z2,N1s,N2s,nb

oot,alpha); 
    if expectedQuotient<=x&&expectedQuotient>=y 
        v=0;                             

% indicates "expectedQuotient" is within bootstrap confidence 

% interval 
    elseif expectedQuotient>x 
        v=1;                             

% indicates "expectedQuotient" is greater that upper bootstrap 

% confidence interval 
    elseif expectedQuotient<y 
        v=2;                             

% indicates "expectedQuotient" is less than lower bootstrap 

% confidence interval 
    end 
    bootCIs=[bootCIs; x y v]; 
end 

  
% Remove any NaNs from CIs. NaNs are already handled correctly in 
% calculation of "v" above. This step was added originally as a 
% precautionary measure, but should no longer be necessary. 
x=[]; 
y=[]; 
for i=1:1:length(bootCIs(:,1)) 
    if ~isnan(bootCIs(i,1)) 
        x=[x;bootCIs(i,1)]; 
    end 
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end 

  
for i=1:1:length(bootCIs(:,2)) 
    if ~isnan(bootCIs(i,2)) 
        y=[y;bootCIs(i,2)]; 
    end 
end 

  
% Print results of bootstrap method validation.  Printed text 

% describes each result. 
fprintf('\nThe proportion of bootstrap CIs that include the expected 

value:\n\n') 

  
pNum(bootCIs(:,3),0) 

  
fprintf('\nThe proportion of bootstrap CIs with CIup set too 

low:\n\n') 

  
pNum(bootCIs(:,3),1) 

  
fprintf('\nThe proportion of bootstrap CIs with CIdown set too 

high:\n\n') 

  
pNum(bootCIs(:,3),2) 

  
fprintf('\nThe recommended value for z1:\n\n') 

  
z1 

  
fprintf('\nThe recommended value for z2:\n\n') 

  
z2 

  
fprintf('\nThe value of CIup for one sample:\n\n') 

  
x(1) 

  
fprintf('\nThe value of CIdown for one sample:\n\n') 

  
y(1) 

  
end                                                  

% COMMENT TO USE SINGLE ALPHA, AND UNCOMMENT ABOVE 
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File S2.7.  Matlab function fluctArray2. 

% fluctArray2; Last updated on 6/15/10;  
% Matthew S. Russell; Cornell University 
% 
% This program simulates fluctuation test experiments when a fraction 

% "s" of cultures is plated following the algorithm of Jones (1993), 
% also used by Crane et al. (1996). This may be used as an 
% alternative to the program fluctArray() when simulated fluctuation 
% test results for large values of "m" are desired. Note that when 
% using this program, data returned for number of mutants observed is 
% already corrected for fraction of culture plated. 
% 
% Jones, M.E., An algorithm accounting for plating efficiency in 

% estimating spontaneous mutation rates. Comput Biol Med, 1993. 
% 23(6): p. 455-61. 
% 
% Crane, G.J., S.M. Thomas, and M.E. Jones, A modified Luria-Delbruck 
% fluctuation assay for estimating and comparing mutation rates. 

% Mutat Res, 1996. 354(2): p. 171-82. 
% 
% Functions required: none 

  
function out=fluctArray2(m,s,samples,cultures) 
% m: the expected number of mutational events for a fluctuation test 

% experiment 
% s: the fraction of culture plated 
% samples: the number of fluctuation test experiments to be simulated 
% cultures: the number of parallel cultures in each fluctuation test 

% experiment 

  
clone = [1+(s*log(s))/(1-s)];                                    

% defines the probability of clone size 0 for a mutational event 
max=10*m;                                                        

% defines the maximum clone size for which a probability will be 

% calculated 

  
% Define probabilities for each clone size up to "max". Create a pdf 

% for clone size "clone". 
for i=[1:max] 
    if i==1 
        clone=[clone s/(1-s)*(-log(s)-clone(1))];                

% defines the probability of clone size 1 for a mutational event 
    else 
        clone=[clone s/(1-s)*((1/(i*(i-1)))-clone(i))];          

% defines the probability of clone size "i" for a mutational event 
    end 
end 

  
% Convert clone size pmf into a cmf. 
for i=2:1:length(clone) 
    clone(i)=clone(i)+clone(i-1); 
end 
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% Define a matrix to be filled with fluctuation test data. 
r=zeros(samples,cultures); 

  
% Fill matrix "r". 
for i=1:1:samples 
    for j=1:1:cultures 
        x=0;                                 

% initialize variable that will contain number of mutants in a 

% culture 
        z=poissinv(rand(),m);                

% randomly select a number of mutational events from a poisson 

% distribution with expected value "m" 
        for k=1:1:z 
            y=rand();                        

% define a variable y with randon value between 0 and 1 
            for k=1:1:length(clone) 
                if y<=clone(k) 
                    x=x+k-1;                 

% randomly pick a value for clone size from the clone size cdf 

% "clone", repeat for each mutational event 
                    break; 
                end 
            end 
        end 
        r(i,j)=x;                            

% fill matrix "r" with values for observed mutants 
    end 
end 

  
out = r;                                     

% output matrix "r" 
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Sequence S3.1.  DNA sequence of XbaI-KasI fragment of pMR0035. 

  1 TCTAGAAAAGCTGGTGGAAAGCTGGTGGAAAGCTGGTGGAAAGCTGGTGG 50 

 51 AAAGCTGGTGGAAAGAGCTCAAACGTTGTTCCAGTTTGGAACAAGAGTCC 100 

101 ACTATTAAAGACAAAACTAGTAAACATATGAAAGAATTCAAAACATGTAA 150 

151 AGCGGCCGCAAAGTCGACAAAGGGCCCAAACCTGCAGGAAAGCATGCAAA 200 

201 GGTACCAAAAAGCTTAAAATCGATAAACTCGAGAAACGTTGTTCCAGTTT 250 

251 GGAACAAGAGTCCACTATTAAAGACAAACCCGGGAAACCACCAGCAAACC 300 

301 ACCAGCAAACCACCAGCAAACCACCAGCAAACCACCAGCAAAGGCGCC 348 
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File S4.1.  Matlab function runMSS. 

% runMSS; Last updated on 10/22/10;  

% Matthew S. Russell; Cornell University 

% 

% This program runs the MSS-maximum Likelihood Method on a 

% fluctuation test data set and returns an estimate for the number of 

% mutations in cultures (Ma, Sandri et al. 1992; Sarkar, Ma et al. 

% 1992) 

% 

% Ma, W. T., G. V. Sandri, et al. (1992). "Analysis of the Luria- 

% Delbruck Distribution Using Discrete Convolution Powers." Journal 

% of Applied Probability 29(2): 

% 

% Sarkar, S., W. T. Ma, et al. (1992). "On Fluctuation Analysis – a 

% New, Simple and Efficient Method for Computing the Expected Number 

% of Mutants." Genetica 85(2): 173-179. 

% 

% Functions required: generateLD() 

 

function mutants=runMSS(initEst, counts) 

% initEst: initial estimate for the number of mutants in culture, may 

% be obtained from another estimation method or may use a value above 

% the expected m, but this will prolong run time 

% counts: a vector containing fluctuation test counts of observed 

% mutants 

 

currentEst=initEst; 

% sets current estimate for m to initial estimate 

steps=round(log(10*initEst)/log(2))+1; 

% calculates the number of steps required to reach an m estimate to 

% one decimal place 

stepSize=initEst/2; 

% sets initial step size for seeking maximum likelihood m 

  

for step=1:1:steps 

    a=zeros(3,1); 

    % initialize maximum likelihood vector 

    estimates=[currentEst-stepSize; currentEst; currentEst+stepSize]; 

    % define m estimates around current estimate 

    x=generateLD(estimates(1), max(counts)); 

    y=generateLD(estimates(2), max(counts)); 

    z=generateLD(estimates(3), max(counts)); 

    % generat Luria Delbruck probability distribution functions for 

    % estimates 

    for i=1:1:length(counts) 

        a(1)=a(1)+log(x(counts(i)+1)); 

        a(2)=a(2)+log(y(counts(i)+1)); 

        a(3)=a(3)+log(z(counts(i)+1)); 

    end 

    % fill maximum likelihood vector for probability estimates 

    [value, index]=max(a); 

    currentEst=estimates(index); 

    % define new current m estimate with maximum likelihood 

    stepSize=stepSize/2; 
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    % reduce step size for next step 

end 

% repeat until m estimate is achieved to 1 decimal 

mutants=currentEst; 

% output MSS estimate for number of mutants 
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File S5.1.  Matlab function identifyOutliers. 

% identifyOutliers; Last updated on 10/23/10;  

% Matthew S. Russell; Cornell University 

% 

% This program takes a fluctuation test data set and runs the MSS- 

% maximum Likelihood Method on is (Ma, Sandri et al. 1992; Sarkar, Ma 

% et al. 1992).  It then systematically removes individual 

% fluctuation test data points from the data set and re-runs this 

% algorithm on the remaining data, generating an estimate for the 

% number of mutants, and 95% confidence intervals for this estimate 

% as described by Foster (2006).  If the addition of any single data 

% point to the data set causes the estimate for the number of mutants 

% to fall outside the 95% confidence intervals for the estimated 

% number of mutants without that data point, it is identified as an 

% outlier.  The output vector contains the values of outlier data 

% points.  This method can be computationally intensive, so code is 

% provided for running using the Parallel Computing Toolbox when 

% available. 

% 

% Ma, W. T., G. V. Sandri, et al. (1992). "Analysis of the Luria- 

% Delbruck Distribution Using Discrete Convolution Powers." Journal 

% of Applied Probability 29(2): 

% 

% Sarkar, S., W. T. Ma, et al. (1992). "On Fluctuation Analysis – a 

% New, Simple and Efficient Method for Computing the Expected Number 

% of Mutants." Genetica 85(2): 173-179. 

% 

% Foster, P. L. (2006). "Methods for determining spontaneous mutation 

% rates." Methods Enzymol 409: 195-213. 

% 

% Functions required: generateLD(), runMSS() 

 

function outliers=identifyOutliers(initEst, counts) 

  
mutants=runMSS2(initEst,counts); 
outlierIndex=[]; 
cores=8; % number of workders for parallel pool, typically set to 

% number of cores on local machine 

  
myPool=parpool(cores); 
parfor i=1:length(counts)  
% Parallel for loop for parallel computing toolbox.  Note that the  

% output vector may not be in the same order. 
% for i=1:1:length(counts) % uncomment if not using parfor 
    newCounts=counts; 
    newCounts(i,:)=[]; 

    % remove element from counts vector 
    mutantsTest=runMSS2(initEst,newCounts); 

    % estimate m for newCounts 
    sigma=1.225*mutantsTest^-0.315/sqrt(length(newCounts)); 
    ciUp=exp(log(mutantsTest)+1.96*sigma*(exp(1.96*sigma))^-0.315); 
    ciDown=exp(log(mutantsTest)-1.96*sigma*(exp(1.96*sigma))^0.315); 

    % calculate 95% confidence limits for newCounts m estimate 
    if (mutants<ciDown)||(mutants>ciUp) 
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        outlierIndex=[outlierIndex;i]; 
    end 

    % identify point as an outlier if m estimate for counts falls 

    % outside 95% confidence limits for m estimate for newCounts 
end 
delete(gcp) % shut down parallel pool 
outliers=counts(outlierIndex); % output values of outliers 
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Figure S5.1.  Plates streaked with strains ER1793 (a, f), MR0018 pMR0031 (b, g), 
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Sequence S5.1.  DNA sequence of plasmid pMR0013. 

   1 TTCTCATGTTTGACAGCTTATCATCGATAAGCTTTAATGCGGTAGTTTAT 50 

  51 CACAGTTAAATTGCTAACGCAGTCAGGCACCGTGTATGAAATCTAACAAT 100 

 101 GCGCTCATCGTCATCCTCGGCACCGTCACCCTGGATGCTGTAGGCATAGG 150 

 151 CTTGGTTATGCCGGTACTGCCGGGCCTCTTGCGGGATATCGTCCATTCCG 200 

 201 ACAGCATCGCCAGTCACTATGGCGTGCTGCTAGCGCTATATGCGTTGATG 250 

 251 CAATTTCTATGCGCACCCGTTCTCGGAGCACTGTCCGACCGCTTTGGCCG 300 

 301 CCGCCCAGTCCTGCTCGCTTCGCTACTTGGAGCCACTATCGACTACGCGA 350 

 351 TCATGGCGACCACACCCGTCCTGTGGATCCTCTACGCCGGACGCATCGTG 400 

 401 GCCGGCATCACCGGCGCCACAGGTGCGGTTGCTGGCGCCTATATCGCCGA 450 

 451 CATCACCGATGGGGAAGATCGGGCTCGCCACTTCGGGCTCATGAGCGCTT 500 

 501 GTTTCGGCGTGGGTATGGTGGCAGGCCCCGTGGCCGGGGGACTGTTGGGC 550 

 551 GCCATCTCCTTGCATGCACCATTCCTTGCGGCGGCGGTGCTCAACGGCCT 600 

 601 CAACCTACTACTGGGCTGCTTCCTAATGCAGGAGTCGCATAAGGGAGAGC 650 

 651 GTCGACCGATGCCCTTGAGAGCCTTCAACCCAGTCAGCTCCTTCCGGTGG 700 

 701 GCGCGGGGCATGACTATCGTCGCCGCACTTATGACTGTCTTCTTTATCAT 750 

 751 GCAACTCGTAGGACAGGTGCCGGCAGCGCTCTGGGTCATTTTCGGCGAGG 800 

 801 ACCGCTTTCGCTGGAGCGCGACGATGATCGGCCTGTCGCTTGCGGTATTC 850 

 851 GGAATCTTGCACGCCCTCGCTCAAGCCTTCGTCACTGGTCCCGCCACCAA 900 

 901 ACGTTTCGGCGAGAAGCAGGCCATTATCGCCGGCATGGCGGCCGACGCGC 950 

 951 TGGGCTACGTCTTGCTGGCGTTCGCGACGCGAGGCTGGATGGCCTTCCCC 1000 

1001 ATTATGATTCTTCTCGCTTCCGGCGGCATCGGGATGCCCGCGTTGCAGGC 1050 

1051 CATGCTGTCCAGGCAGGTAGATGACGACCATCAGGGACAGCTTCAAGGAT 1100 

1101 CGCTCGCGGCTCTTACCAGCCTAACTTCGATCATTGGACCGCTGATCGTC 1150 

1151 ACGGCGATTTATGCCGCCTCGGCGAGCACATGGAACGGGTTGGCATGGAT 1200 

1201 TGTAGGCGCCGCCCTATACCTTGTCTGCCTCCCCGCGTTGCGTCGCGGTG 1250 

1251 CATGGAGCCGGGCCACCTCGACCTGAATGGAAGCCGGCGGCACCTCGCTA 1300 

1301 ACGGATTCACCACTCCAAGAATTGGAGCCAATCAATTCTTGCGGAGAACT 1350 

1351 GTGAATGCGCAAACCAACCCTTGGCAGAACATATCCATCGCGTCCGCCAT 1400 

1401 CTCCAGCAGCCGCACGCGGCGCATCTCGGGCAGCGTTGGGTCCTGGCCAC 1450 

1451 GGGTGCGCATGATCGTGCTCCTGTCGTTGAGGACCCGGCTAGGCTGGCGG 1500 

1501 GGTTGCCTTACTGGTTAGCAGAATGAATCACCGATACGCGAGCGAACGTG 1550 

1551 AAGCGACTGCTGCTGCAAAACGTCTGCGACCTGAGCAACAACATGAATGG 1600 

1601 TCTTCGGTTTCCGTGTTTCGTAAAGTCTGGAAACGCGGAAGTCAGCGCCC 1650 

1651 TGCACCATTATGTTCCGGATCTGCATCGCAGGATGCTGCTGGCTACCCTG 1700 

1701 TGGAACACCTACATCTGTATTAACGAAGCGCTGGCATTGACCCTGAGTGA 1750 

1751 TTTTTCTCTGGTCCCGCCGCATCCATACCGCCAGTTGTTTACCCTCACAA 1800 

1801 CGTTCCAGTAACCGGGCATGTTCATCATCAGTAACCCGTATCGTGAGCAT 1850 

1851 CCTCTCTCGTTTCATCGGTATCATTACCCCCATGAACAGAAATCCCCCTT 1900 

1901 ACACGGAGGCATCAGTGACCAAACAGGAAAAAACCGCCCTTAACATGGCC 1950 

1951 CGCTTTATCAGAAGCCAGACATTAACGCTTCTGGAGAAACTCAACGAGCT 2000 

2001 GGACGCGGATGAACAGGCAGACATCTGTGAATCGCTTCACGACCACGCTG 2050 

2051 ATGAGCTTTACCGCAGCTGCCTCGCGCGTTTCGGTGATGACGGTGAAAAC 2100 

2101 CTCTGACACATGCAGCTCCCGGAGACGGTCACAGCTTGTCTGTAAGCGGA 2150 

2151 TGCCGGGAGCAGACAAGCCCGTCAGGGCGCGTCAGCGGGTGTTGGCGGGT 2200 

2201 GTCGGGGCGCAGCCATGACCCAGTCACGTAGCGATAGCGGAGTGTATACT 2250 

2251 GGCTTAACTATGCGGCATCAGAGCAGATTGTACTGAGAGTGCACCATATG 2300 

2301 CGGTGTGAAATACCGCACAGATGCGTAAGGAGAAAATACCGCATCAGGCG 2350 

2351 CTCTTCCGCTTCCTCGCTCACTGACTCGCTGCGCTCGGTCGTTCGGCTGC 2400 

2401 GGCGAGCGGTATCAGCTCACTCAAAGGCGGTAATACGGTTATCCACAGAA 2450 

2451 TCAGGGGATAACGCAGGAAAGAACATGTGAGCAAAAGGCCAGCAAAAGGC 2500 

2501 CAGGAACCGTAAAAAGGCCGCGTTGCTGGCGTTTTTCCATAGGCTCCGCC 2550 

2551 CCCCTGACGAGCATCACAAAAATCGACGCTCAAGTCAGAGGTGGCGAAAC 2600 

2601 CCGACAGGACTATAAAGATACCAGGCGTTTCCCCCTGGAAGCTCCCTCGT 2650 
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2651 GCGCTCTCCTGTTCCGACCCTGCCGCTTACCGGATACCTGTCCGCCTTTC 2700 

2701 TCCCTTCGGGAAGCGTGGCGCTTTCTCATAGCTCACGCTGTAGGTATCTC 2750 

2751 AGTTCGGTGTAGGTCGTTCGCTCCAAGCTGGGCTGTGTGCACGAACCCCC 2800 

2801 CGTTCAGCCCGACCGCTGCGCCTTATCCGGTAACTATCGTCTTGAGTCCA 2850 

2851 ACCCGGTAAGACACGACTTATCGCCACTGGCAGCAGCCACTGGTAACAGG 2900 

2901 ATTAGCAGAGCGAGGTATGTAGGCGGTGCTACAGAGTTCTTGAAGTGGTG 2950 

2951 GCCTAACTACGGCTACACTAGAAGGACAGTATTTGGTATCTGCGCTCTGC 3000 

3001 TGAAGCCAGTTACCTTCGGAAAAAGAGTTGGTAGCTCTTGATCCGGCAAA 3050 

3051 CAAACCACCGCTGGTAGCGGTGGTTTTTTTGTTTGCAAGCAGCAGATTAC 3100 

3101 GCGCAGAAAAAAAGGATCTCAAGAAGATCCTTTGATCTTTTCTACGGGGT 3150 

3151 CTGACGCTCAGTGGAACGAAAACTCACGTTAAGGGATTTTGGTCATGAGA 3200 

3201 TTATCAAAAAGGATCTTCACCTAGATCCTTTTAAATTAAAAATGAAGTTT 3250 

3251 TAAATCAATCTAAAGTATATATGAGTAAACTTGGTCTGACAGTTACCAAT 3300 

3301 GCTTAATCAGTGAGGCACCTATCTCAGCGATCTGTCTATTTCGTTCATCC 3350 

3351 ATAGTTGCCTGACTCCCCGTCGTGTAGATAACTACGATACGGGAGGGCTT 3400 

3401 ACCATCTGGCCCCAGTGCTGCAATGATACCGCGAGACCCACGCTCACCGG 3450 

3451 CTCCAGATTTATCAGCAATAAACCAGCCAGCCGGAAGGGCCGAGCGCAGA 3500 

3501 AGTGGTCCTGCAACTTTATCCGCCTCCATCCAGTCTATTAATTCAGCTTT 3550 

3551 TCAGCCGCCGCCAGAACGTCGTCCGGCTGATGCCTAAATAATTCGCCGCT 3600 

3601 GCTGTTTTATCGCCATTAAATTTCTCCAGTGCCTGTTGTGGTGTCAGTAA 3650 

3651 GCGTGGAGCGGGAGTTTTCGCCGACTCGCGCGCCAGTTCCGGCAGTAGCA 3700 

3701 GCTGCAAAAATTGCGGCGTTAAATCCGGCGTCGGTTCCACACTTAAAAAT 3750 

3751 AGCGCCAGTCGCTCCATCATATTGCGCAGTTCACGAATATTGCCCGGCCA 3800 

3801 GTCGTAGTGCACCAGCACGGTTTCGCTTGCCTGTAATCCCTGGCGTAATG 3850 

3851 CGGCAGAAAACGGGGTGGAGAGCGCCGCCAGAGACACTTTCAAAAAGCTT 3900 

3901 TCCGCCAGTGGCAGAATATCCGCCACCCGCTCGCGCAGTGGTGGCAATTG 3950 

3951 CAGACGCAAAATACTCAGCCGATAAAACAGGTCACGGCGAAACTGCCCTT 4000 

4001 GCCGCATATCTTCTTCCAGATTGCAGTGAGTGGCGCTAATGACCCGCACA 4050 

4051 TCCACCGGAACAGGCTGATGCCCGCCGACGCGGGTGACCTCTTTTTCTTC 4100 

4101 CAGCACCCGCAGCAGCCGGGTCTGCAACGGCAGCGGCATTTCGCCAATCT 4150 

4151 CATCGAGAAACAGCGTACCTCCGTGGGCGATTTCAAACAGCCCGGCGCGA 4200 

4201 CCGCCGCGTCGCGAGCCGGTAAACGCCCCTTCCTCATAGCCAAACAGTTC 4250 

4251 TGCTTCCAGCAGCGATTCGGCAATCGCCCCGCAGTTGACTGCAACAAACG 4300 

4301 GATGCGACTTTTTGCCCTGTCGCGCATCGTGGCGGGCAAAATATTCCCGA 4350 

4351 TGAATCGCCTGGGCCGCCAGCTCTTTGCCCGTCCCCGTTTCCCCCTCAAT 4400 

4401 CAACACCGCTGCACTGGAGCGGGCATACAGCAAAATAGTCTGCCGTACTT 4450 

4451 GTTCCATCTGTGGTGATTGACCGAGCATATCGCCCAGCACGTAACGAGTT 4500 

4501 CTCAGGGCGTTGCGGGTGGCATCGTGAGTGTTATGGCGTAACGACATGCG 4550 

4551 CGTCATATCCAGCGCATCGCTGAACGCCTGGCGCACGGTGGCGGCGGAAT 4600 

4601 AGATAAAAATTCCGGTCATTCCGGCTTCTTCTGCCAGATCGGTAATCAGC 4650 

4651 CCCGCGCCGACCACCGCTTCGGTGCCGTTAGCTTTTAGCTCGTTAATCTG 4700 

4701 CCCGCGTGCGTCTTCTTCGGTAATGTAGCTACGTTGATCGAGGCGCAAAT 4750 

4751 TAAAGGTTTTTTGAAACGCCACCAGTGCCGGAATAGTTTCCTGATAAGTG 4800 

4801 ACAACGCCGATAGAAGAGGTGAGTTTTCCGGCTTTTGCCAGTGCCTGTAA 4850 

4851 CACATCGTAGCCGCTCGGTTTAATCAAAATAACTGGCACTGACAGGCGGC 4900 

4901 TTTTCAGGTACGCGCCGTTAGATCCAGCGGCGATGATGGCGTCACAGCGT 4950 

4951 TCGTTTGCCAGTTTCTTGTGGATGTAGGTCACCGCTTTTTCAAAGCCAAG 5000 

5001 CTGGATAGGGGTAATGTTCGCCAGGTGATCAAACTCGAGGCTGATATCGC 5050 

5051 GAAACAGCTCGAACAGGCGCGTTACAGATACCGTCCAGATAACCGGTTTG 5100 

5101 TCGTCATTAAGCCGTGGTGGATGTGCCATAGCGCACCGCAAAGTTAAGAA 5150 

5151 ACCGAATATTGGGTTTAGTCTTGTTTCATAATTGTTGCAATGAAACGCGG 5200 

5201 TGAAACATTGCCTGAAACGTTAACTGAAACGCATATTTGCGGATTAGTTC 5250 

5251 ATGACTTTATCTCTAACAAATTGAAATTAAACATTTAATTTTATTAAGGC 5300 

5301 AATTGTGGCACACCCCTTGCTTTGTCTTTATCAACGCAAATAACAAGTTG 5350 

5351 ATAACAAGCTAGCGAATTCGAGCTCAGGAGGCAGCTAATGCGTAAAATCA 5400 



 

199 

5401 TTCATGTGGATATGGACTGCTTTTTCGCCGCAGTGGAGATGCGCGACAAT 5450 

5451 CCCGCCCTGCGCGATATCCCTATTGCTATTGGCGGCAGCCGCGAACGTCG 5500 

5501 GGGGGTGATCAGCACCGCCAATTATCCCGCGCGTAAATTTGGCGTACGTA 5550 

5551 GCGCTATGCCGACAGGGATGGCGCTCAAATTATGCCCACATCTCACCTTG 5600 

5601 CTTCCGGGGCGCTTTGACGCCTACAAAGAAGCCTCAAATCATATCCGTGA 5650 

5651 AATCTTCTCGCGCTACACCTCGCGCATTGAACCGTTGTCACTGGATGAGG 5700 

5701 CTTATCTCGATGTCACCGATAGCGTCCATTGCCACGGTTCTGCGACCCTC 5750 

5751 ATCGCCCAGGAAATCCGCCAGACAATCTTCAACGAGCTGCAACTGACGGC 5800 

5801 GTCTGCGGGCGTGGCACCAGTAAAGTTTCTCGCCAAAATCGCCTCCGACA 5850 

5851 TGAATAAACCCAACGGCCAGTTTGTGATTACGCCGGCAGAAGTTCCGGCA 5900 

5901 TTTTTACAAACCTTACCGCTGGCAAAAATCCCCGGCGTCGGCAAAGTCTC 5950 

5951 AGCGGCAAAACTGGAAGCGATGGGGCTGCGGACCTGCGGTGATGTACAAA 6000 

6001 AGTGTGATCTGGTGATGCTGCTTAAACGCTTTGGCAAATTTGGCCGCATT 6050 

6051 TTGTGGGAGCGTAGTCAGGGGATTGACGAACGCGATGTTAACAGCGAACG 6100 

6101 GTTGCGAAAATCCGTCGGCGTGGAACGCACGATGGCGGAAGATATTCATC 6150 

6151 ACTGGTCTGAATGTGAAGCGATTATCGAGCGGCTGTATCCGGAACTTGAA 6200 

6201 CGCCGTCTGGCAAAGGTAAAACCTGATTTACTGATTGCTCGCCAGGGGGT 6250 

6251 GAAATTAAAGTTCGACGATTTTCAGCAAACCACCCAGGAGCACGTCTGGC 6300 

6301 CGCGGCTGAATAAAGCTGATCTAATCGCCACCGCGCGTAAAACCTGGGAT 6350 

6351 GAACGCCGCGGCGGGCGCGGTGTGCGTCTGGTGGGGCTGCATGTGACGTT 6400 

6401 GCTTGACCCGCAAATGGAAAGACAACTGGTGCTGGGATTATGACCCGGGA 6450 

6451 GGAGGCAGCTAATGATTGACATGCTAGTTTTACGATTACCGTTCATCGAT 6500 

6501 TCTCTTGTTTGCTCCAGACTCTCAGGCAATGACCTGATAGCCTTTGTAGA 6550 

6551 CCTCTCAAAAATAGCTACCCTCTCCGGCATGAATTTATCAGCTAGAACGG 6600 

6601 TTGAATATCATATTGATGGTGATTTGACTGTCTCCGGCCTTTCTCACCCG 6650 

6651 TTTGAATCTTTACCTACACATTACTCAGGCATTGCATTTAAAATATATGA 6700 

6701 GGGTTCTAAAAATTTTTATCCTTGCGTTGAAATAAAGGCTTCTCCCGCAA 6750 

6751 AAGTATTACAGGGTCATAATGTTTTTGGTACAACCGATTTAGCTTTATGC 6800 

6801 TCTGAGGCTTTATTGCTTAATTTTGCTAATTCTTTGCCTTGCCTGTATGA 6850 

6851 TTTATTGGATGTTAACGCTACTACTATTAGTAGAATTGATGCCACCTTTT 6900 

6901 CAGCTCGCGCCCCAAATGAAAATATAGCTAAACAGGTTATTGACCATTTG 6950 

6951 CGAAATGTATCTAATGGTCAAACTAAATCTACTCGTTCGCAGAATTGGGA 7000 

7001 ATCAACTGTTACATGGAATGAAACTTCCAGACACCGTACTTTAGTTGCAT 7050 

7051 ATTTAAAACATGTTGAGCTACAGCACCAGATCCAGCAATTAAGCTCTAAG 7100 

7101 CCATCCGCAAAAATGACCTCTTATCAAAAGGAGCAATTAAAGGTACTCTC 7150 

7151 TAATCCTGACCTGTTGGAGTTTGCTTCCGGTCTGGTTCGCTTTGAAGCTC 7200 

7201 GAATTAAAACGCGATATTTGAAGTCTTTCGGGCTTCCTCTTAATCTTTTT 7250 

7251 GATGCAATCCGCTTTGCTTCTGACTATAATAGTCAGGGTAAAGACCTGAT 7300 

7301 TTTTGATTTATGGTCATTCTCGTTTTCTGAACTGTTTAAAGCATTTGAGG 7350 

7351 GGGATTCAATGAATATTTATGACGATTCCGCAGTATTGGACGCTATCCAG 7400 

7401 TCTAAACATTTTACTATTACCCCCTCTGGCAAAACTTCTTTTGCAAAAGC 7450 

7451 CTCTCGCTATTTTGGTTTTTATCGTCGTCTGGTAAACGAGGGTTATGATA 7500 

7501 GTGTTGCTCTTACTATGCCTCGTAATTCCTTTTGGCGTTATGTATCTGCA 7550 

7551 TTAGTTGAATGTGGTATTCCTAAATCTCAACTGATGAATCTTTCTACCTG 7600 

7601 TAATAATGTTGTTCCGTTAGTTCGTTTTATTAACGTAGATTTTTCTTCCC 7650 

7651 AACGTCCTGACTGGTATAATGAGCCAGTTCTTAAAATCGCATAATCTAGA 7700 

7701 GTCGACCTGCAGGCATGCAAGCTTGGCTGTTTTGGCGGATGAGAGAAGAT 7750 

7751 TTTCAGCCTGATACAGATTAAATCAGAACGCAGAAGCGGTCTGATAAAAC 7800 

7801 AGAATTTGCCTGGCGGCAGTAGCGCGGTGGTCCCACCTGACCCCATGCCG 7850 

7851 AACTCAGAAGTGAAACGCCGTAGCGCCGATGGTAGTGTGGGGTCTCCCCA 7900 

7901 TGCGAGAGTAGGGAACTGCCAGGCATCAAATAAAACGAAAGGCTCAGTCG 7950 

7951 AAAGACTGGGCCTTTCGTTTTATCTGTTGTTTGTCGGTGAACGCTCTCCT 8000 

8001 GAGTAGGACAAATCCGCCGGGAGCGGATTTGAACGTTGCGAAGCAACGGC 8050 

8051 CCGGAGGGTGGCGGGCAGGACGCCCGCCATAAACTGCCAGGCATCAAATT 8100 

8101 AAGCAGAAGGCCATCCTGACGGATGGCCTTTTTGCGTTTCTACAAACTCT 8150 
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8151 TTTGTTTATTTTTCTAAATACAGACGTCTAAGAAACCATTATTATCATGA 8200 

8201 CATTAACCTATAAAAATAGGCGTATCACGAGGCCCTTTCGTCTTCAAGAA 8250 

 

 

 


