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ABSTRACT 

Classically, population geneticists have based their models of natural selection on the 

assumption that all beneficial mutations elevate organisms’ fitness via increases in mean number 

of offspring per generation. However, in doing so, they have ignored the set of beneficial 

mutations that instead raise an organism’s total offspring output by narrowing the interval 

between generations. Recent computational work suggests that generation time-reducing 

mutations fix in populations with a probability different from that with which equally beneficial 

fecundity-increasing mutations fix. In this study, we aimed to develop the lytic bacteriophage 

ΦX174 as a model biological system in which to experimentally test this theoretical prediction. 

We used a single-phage assay to determine how point mutations in structural and regulatory 

regions of the genome differentially influence lysis time and burst size phenotypes. Many of our 

results were consistent with past characterizations of the mutations in question, though some 

were not. Our most important finding was that the R3H mutation, which is non-synonymous in 

the sequence encoding the transmembrane domain of ΦX174‘s lysis protein, significantly altered 

the phage’s lysis phenotype. In the future, we will perform evolution experiments to observe the 

fixation probability of R3H and other mutations under various demographic regimes.



 3 

ACKNOWLEDGEMENTS 

 Two pages does not begin to provide enough space for me to express the gratitude I feel 

toward the individuals who have supported me, trained me, and inspired me to pursue science 

and complete this senior thesis project. That said, I would like to name at least some of those 

persons here. 

 I would like to thank Sohini Ramachandran, Christine Janis, Paul Turner, Casey Dunn, 

and Tom Roberts for getting me excited about biology, teaching me how to think like a scientist, 

and helping me find my path at Brown and beyond. 

 I would like to thank Norian Caporale-Berkowitz and Nick Jourjine for good times with 

science and for motivating me to be a smarter, better person. 

 I would like to thank my friends in the Weinreich Lab – especially Ayoosh Pareek, 

Nicole Damari, Matt Weisberg, Noah Rose, Jonathan Kang, Fei Cai, Hans Gao, Jennifer Knies, 

Angus Angermeyer, Chris Graves, and Scott Wylie – for countless acts of kindness, from 

making overnights for me when I’m out of town to questioning some of my most fundamental 

assumptions. 

 I would like to thank Bentley Fane and Darin Rokyta for helping us devise our E. coli 

synchronization/starvation scheme. In addition, I would like to thank them, Holly Wichman, and 

J.J. Bull for pointing me in the direction of promising ΦX174 mutants. I would especially like to 

thank Amber Stancik, Celeste Brown, Rohit Kongari, and Ry Young for providing me with the 

strains I examined in this study. 

 I would like to thank Paul Joyce and Craig Miller for staying up late at night and working 

weekends to create and elaborate the statistical framework in which I have analyzed my data and 

taking hours to explain it to me. 



 4 

 I would like to thank Jeffrey Yuan for teaching me most of what I know about working in 

a microbiology lab and spearheading the project that has become my thesis. 

 I would like to thank Tony Thaweethai for renovating our experimental protocols and 

serving as my closest ally in my Fall 2011 lab work and Spring 2012 NURDS presentation. 

 Finally, I would like to thank Dan Weinreich for everything he has done for me in the 

past two years. He opened his lab’s doors to me without even really knowing me. He gave me 

vast swathes of his time, his thought, and his energy, always encouraging me and never 

discouraging me. He helped me identify and tackle the fascinating questions while avoiding the 

boring ones. Most importantly, he taught me to cherish my time, cherish my data, and cherish 

myself. For these acts and more, I am eternally grateful. 

 



 5 

TABLE OF CONTENTS 

 

I. INTRODUCTION and BACKGROUND ………………………………………….………. .6 

 

II. MATERIALS and METHODS ……………………………………….……………………..19 

 

III. RESULTS ………………………………..………………………………………………….38 

 

IV. DISCUSSION ……………………………………………………………………………….48 

 

REFERENCES ………………………………..…….….…….…….…….…….…….….……...57 

 

APPENDIX A: VERIFYING ETHANOL AS CLEANING AGENT …….….….……………..60 

 

APPENDIX B: EFFICIENCY OF PLATING and a “POTENTIATION EFFECT” …………...62 

 

APPENDIX C: POISSON PARAMETER ESTIMATION ..…………….……………………...71



 6 

I. INTRODUCTION and BACKGROUND 

Theoretical motivation 

 Traditionally, population geneticists have begun mathematical treatments of how 

populations adapt by natural selection with sentences like this one: “Assume that the genes A and 

a tend to be reproduced in the ratio (1 + s) : 1 per generation” (adapted from Wright 1931). s, 

known as the “selection coefficient,” is an expression of the proportional increase in mean 

offspring number per reproductive event conferred by the “a” allele. The selection coefficient of 

an allele may be extremely important in determining its fate after it first arises in a population. In 

fact, in the case where 0 < s << 1 and N, the population size, is very large, the selection 

coefficient almost entirely dictates the probability that the slightly beneficial allele will fix from 

a single copy (Pr{fixation} = 2s) (Haldane 1927). 

 In spite of its centrality to classic models of natural selection, population geneticists have 

gone nearly a century without pausing to reflect seriously on the biological mechanisms 

underlying the selection coefficient. They have assumed that, at the heart of things, the only way 

an organism can gain a selective advantage is by increasing the mean number of offspring it 

produces per reproductive episode (i.e. its fecundity). 

 Wahl and DeHaan (2004) confront this assumption, observing that increases in fecundity 

are not, in fact, the only way organisms may win a selective advantage. Instead, organisms might 

reduce their generation times, thereby boosting their rate of offspring production without 

increasing the mean size of any single reproductive event. 

But does this alternative mechanism of selective advantage make a difference on an 

evolutionary time scale? Does the fixation probability of a mutation that reduces generation time, 
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πg, differ significantly from the fixation probability of a mutation that increases fecundity, πf (i.e. 

2s)? 

Inspired by the life cycle of lytic bacteriophages, Wahl and DeHaan (2004) (and later 

Hubbarde and Wahl (2007) and Patwa and Wahl (2008)) developed novel theory to answer these 

questions. The utility of lytic phages in exploring different mutations’ fixation probabilities 

resides in (1) the fact that it is easy to manipulate in evolution experiments, (2) our relatively 

thorough understanding of how its genotype maps to its phenotype, and (3) the potential to 

delineate mutations that affect lysis time and mutations that affect fecundity. In its simplest form, 

we can decompose the life history of a lytic bacteriophage into three major components: 

attachment rate, lysis time, and burst size. Attachment rate describes the amount of time it takes 

for a free-floating phage to adsorb to a cell. Lysis time describes the time elapsed between when 

the viral DNA first penetrates the cell and lysis of the host cell wall. Burst size describes the 

number of progeny virions released upon lysis. Burst size is equal to fecundity, and generation 

time is a roughly the sum of attachment time and lysis time. 

In their models of lytic bacteriophage evolution, Wahl and her colleagues have unearthed 

significant differences between πg and πf, though the nature of these differences has varied when 

Wahl et al. have made different assumptions about the model and manipulated its demographic 

context. 

Wahl and DeHaan (2004) conclude that, when population size is constant, πg is 

approximately equal to 

! 

s
ln2

, a figure 39% lower than πf (2s). They reason that, since the number 

of offspring per reproductive event is Poisson distributed, increasing fecundity reduces the 

probability of leaving zero offspring in a single generation. On the other hand, reducing 

generation time does not reduce the probability of leaving zero offspring. Therefore, a mutation 
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that increases fecundity, unlike a mutation that decreases generation time, will lower its 

probability of extinction, concomitantly increasing its probability of fixation. 

In contrast, Hubbarde and Wahl (2007) conclude that πf < πg by relaxing and changing 

some of the assumptions made on the path to the previous result. Namely, they (1) hold mean 

offspring number constant (as opposed to Poisson distributed), (2) allow for stochastic 

generation times, and (3) allow for death between generations. Under these assumptions, they 

reason that generation-time reductions would prove more advantageous and fix with greater 

probability than fecundity increases, since only generation-time reductions would lower the 

probability that an individual would die before reproducing. 

 Finally, Patwa and Wahl (2008) add even more nuance to the picture, this time looking at 

the fixation probabilities of beneficial lysis time, attachment rate, and burst size mutations under 

different bottlenecking regimes. They conclude that the fixation probability of each type of 

mutation is profoundly affected by changes in bottlenecking intervals. Furthermore, additional 

simulations examining mutations that increase variance in lysis time by 10% (rather than 

affecting the mean) suggest that increases in lysis-time variance elevate fixation probability, 

especially when the bottlenecking interval gets wide (Weinreich and Wahl, unpublished results) 

(Figure 1). 

 In addition to clarifying Wahl et al.’s computational theory through more simulations, the 

next obvious step is to bring the theory back to the real biology. Will experiments with actual 

organisms refute or lend support to any of the above hypotheses? This is what we have set out to 

do. 
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Figure 1: Five pairs of simulations of fixation probabilities of mutations that reduce mean lysis 
time (solid lines) and mutations that increase lysis-time variance by 10% in addition to reducing 
the mean (dotted lines) 
 

Building an experimental system 

Toward a model phage 

PURPOSE 

Ultimately, testing the above theory regarding differences between πf and πg likely will 

involve experimentally evolving many large phage populations in which single individuals carry 

mutations with known effects on burst size, lysis time, or attachment rate. We would evolve 

these populations under various demographic regimes and directly observe the proportions of 
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populations in which rare beneficial mutations fix. Then, we would be able to compare the 

fixation probabilities of different types of mutations. 

But absent a model lytic phage with mutations that have “known effects” on life history 

parameters, the above goal is no more than a pipe dream. The objective of this project was to 

take the first steps toward a model lytic phage by characterizing the effects of point mutations on 

mean and variance in burst size and, more importantly, lysis time. To that end, we selected the 

phage ΦX174 as our organism of study. ΦX174 is a small, icosahedral bacteriophage with a 

circular, positive-sense, single-stranded DNA genome inside a protein capsid (Hayashi et al. 

1988). 

 

ADVANTAGES OF ΦX174 

Five key features explain our choice of ΦX174:  

1. It has a very small, well-characterized genome, comprised of 11 genes across just 

5.386kb (Hayashi et al. 1988). In fact, ΦX174’s was the first DNA genome ever 

sequenced (Sanger et al. 1977). This means that mapping phenotype to genotype 

for this organism should be about as easy as it gets. 

2. Its natural host is E. coli C, among the best understood of all bacterial species 

(Young 1992). This makes it relatively easy to comprehend – and, if necessary, 

control – host-level phenomena that affect the phage’s life history and evolution. 

3. It is extremely easy to manipulate in the lab, because it has a short generation 

time, is robust to a range of environmental conditions (e.g. storage at -20˚C), and 

is amenable to reverse genetics. 
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4. The mechanism of lysis in ΦX174 and its genetic determinants are relatively 

simple and increasingly well understood (Young et al. 2000, Zheng et al. 2009). 

This makes it a useful organism in which to study mutations that influence lysis 

time. 

5. For nearly two decades, ΦX174 has been a model system for evolution 

experiments. This means that evolution under various selective pressures has 

already done some of the hard work toward isolating point mutations that may 

affect lysis time and burst size in an advantageous way (Wichman and Brown 

2010; Brown et al. 2010). 

 

DISADVANTAGES OF ΦX174 

 While ΦX174 is ideal for our purposes in five ways, it is problematic in at least two: 

1. Unlike many larger DNA phages, ΦX174 and other members of the Microviridae 

family lyse their hosts by way of a single gene. In ΦX174, this gene is the E gene. 

Other DNA phages, such as phage λ, employ a tightly regulated, two-protein 

(holin-endolysin) lysis strategy. Where phages that use a holin-endolysin system 

can exert a great deal of control over lysis timing, ΦX174’s lysis timing is largely 

dictated by its host’s cell cycle (Young et al. 2000). Lysis timing, then, has less of 

a genotypic basis in ΦX174 than it does in more complex phages. Therefore, it 

may be more difficult to find mutations that tweak ΦX174’s lysis time. 

2. Exacerbating the problem caused by the first disadvantage is the location of the E 

gene in ΦX174’s genome. Possibly due to structural limitations, ΦX174’s 

ancestors experienced strong selective pressure in favor of small genomes 
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(Chirico et al. 2010). One way that ΦX174 adapted to this constraint was to 

evolve overlapping genes. Of the phage’s 11 genes, four are embedded within 

other genes: one shares the same reading frame as the gene with which it 

overlaps, while the other three lie in different reading frames. (In fact, the K gene 

overlaps not one, but two genes!) The E gene is among the latter three, and it is 

embedded within the essential D gene, which is partly responsible for virion 

morphogenesis, among other things (Hayashi et al. 1988). The E gene’s position 

makes it even more difficult to find mutations that affect lysis timing, since we 

expect many mutations directly within the E gene to have significant deleterious 

effects on the D gene in which it is nested. 

Taken together, the disadvantages of the system are both discouraging and exciting. They 

are discouraging because they decrease the chance that it will succeed as a model system for 

exploring the theory summarized above. However, they are also exciting, because they mean that 

the space of accessible genotypes may limit the space of ΦX174’s lysis phenotypes to an extent 

that allows us to trace the latter’s boundaries. 

 

THE LYSIS MECHANISM AND OUR MUTANTS 

The lysis mechanism 

 As described in the previous section, ΦX174 lyses its host with the product of a single 

lysis gene, E, embedded within a structural gene, D. Five hundred or fewer copies of the E 

protein effect lysis by fanning out evenly across the cell membrane and binding to the MraY 

protein, thus blocking the formation of the first lipid intermediate in the synthesis of the bacterial 

cell wall during mitosis (Young et al. 2000, Bernhardt et al. 2001). Impairing cell wall re-
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formation enables progeny virions to burst free from the cell, leaving empty bacterial ghosts in 

their wake (Young 1992).  

Our mutants 

 To study how mutations influence the lysis time phenotype in ΦX174, we selected two 

sets of mutants that had been reported to alter lysis time. The sets of genotypes carried mutations 

in the E gene and in the E gene’s primary promoter, respectively. 

 The first set was mutated directly in the E gene and was first discovered and 

characterized by Bernhardt et al. (2002) (Figure 2, Table 1). 

 

 

 

 

 

 

 

 

 

Genotype Plaque size on 
slyD1 E. coli C Mutation(s) Amino acid 

change(s) 
Lysis kinetics 

on wt E. coli C 
Lysis kinetics 

(plasmid) 

pos4B Large R3H and 
L19F 

2 in E gene* 
1 in D gene Same as wt Much faster than 

wt 

pos5 Small L19F 1 in E gene* 
1 in D gene Delayed 10min Slightly faster 

than wt 

pos6 Small R3H 1 in E gene Same as wt Much faster than 
wt 

Table 1: Characteristics of ΦX174 Epos mutants. * indicates an amino acid change in the 
transmembrane region of the E gene. The rightmost column refers to the bulk lysis kinetics of the 
mutated E genes after they had been cloned onto plasmids and inserted into E. coli K-12 slyD+ 
cells (Bernhardt et al. 2002). 

 
Figure 2: Linearized genetic map of ΦX174 showing locations of R3H and L19F mutations 
and their consequences for the amino acids coded by genes E and D (Bernhardt et al. 2002). 
pos6 carries the R3H mutation, pos5 carries the L19F mutation, and pos4B carries both. 
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Bernhardt et al. (2002) isolated pos4B, pos5, and pos6 as small- and large-plaque isolates 

growing on a lysis-resistant host, E. coli C slyD1. Each isolate contained one or more mutations 

in the D and E genes, causing non-synonymous changes in either or both genes. These mutations 

interested us because, in studies of lysis kinetics on wild-type E. coli C, pos5 exhibited delayed 

lysis time in comparison to wild-type ΦX174 and the other two genotypes. However, in lysis 

profiles of E. coli K-12 slyD+ carrying E genes cloned from the Epos mutants on plasmids, the 

R3H mutation drastically reduced lysis time relative to the wild type, whereas the L19F mutation 

only slightly reduced lysis time. Clearly, these mutations have the potential to influence lysis 

timing in remarkable ways. 

Through further tests with pos4B, Bernhardt et al. (2002) demonstrated that, at least when 

present together, the R3H and L19F mutations boosted E protein synthesis. They infer that the 

increased E synthesis was due, not to a transcriptional effect of the mutations, but rather to an 

increase in E mRNA translatability, because the mutated regions were not involved in 

transcriptional control. They propose that mRNA translatability might have been enhanced by 

changes to its structure or stability. 

The second set of genotypes we examined carried mutations in the D promoter region 

(Brown et al. 2010) (Table 2) The D promoter is largely responsible for regulating transcript 

levels for the E protein, and it lies within the last nucleotides of the C gene, which mediates 

DNA packaging into the precursors of progeny capsids (Brown et al. 2010, Hayashi et al. 1988). 

In previous evolution experiments, each of these mutations had fixed in at least one population 

adapted to high temperatures. To explore their regulatory effects, Brown et al. (2010) engineered 

each mutation into a strain of the wild-type virus, generating the above genotypes. 
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Genotype Nucleotide change Amino acid change 
in Protein C 

Effect on lysis time 
relative to wt on 
E. coli C (37˚C) 

mut319 G319T V63F * + 2 minutes 
mut321 T321C None + 2 minutes 
mut323 A323G N64G + 2 minutes 
mut324 C324T None + 2 minutes 

Table 2: Characteristics of regulatory ΦX174 mutants. * indicates a change adjacent to the D 
promoter’s σ-factor binding site, not within it (Brown et al. 2010). 
 
 Brown et al. (2010) found that each mutation down-regulated transcription of genes 

downstream of the promoter (including gene E) about equally. Additionally, and most vital for 

our purposes, lysis time, measured as “the time point at which the number of phage in the culture 

was greater than or equal to twice the number at the zero time point,” was delayed by 2 minutes 

in the mutants relative to the wild type at 37˚C on E. coli C. (At 42˚C, the relationship flipped, 

and the wild type’s lysis time was delayed by 2 minutes relative to the mutants.) 

 Between the Bernhardt et al. (2002) and Brown et al. (2010) sets of mutants, we 

possessed 7 promising genotypes with mutations whose effects on burst size and lysis time we 

could characterize and compare with a single-phage assay. 

Our predictions 

 Bernhardt et al.’s (2002) and Brown et al.’s (2010) measurements of lysis time and other 

properties of these genotypes enabled us to make six of predictions about what we could expect 

to see in our results.  

1. Judging from the times of peak A550 turbidity measurements reported by Bernhardt et al. 

(2002) and reproduced in Figure 3 here, we expected the earliest lysis events for pos4B 

and pos6 to occur at approximately 13min post-infection and the earliest lysis events for 

pos5 to occur at approximately 23min. Absolute times aside, we expected the earliest 
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pos4B and pos6 lysis events to happen at roughly the same time, well before than the 

earliest pos5 lysis events. 

2. Based on the steepness of the negative slopes of Bernhardt et al.’s (2002) lysis profiles, 

reproduced in Figure 3 here, we predicted that variance in lysis time would be greater for 

pos5 than for pos4B and pos6. 

3. We predicted that mut319, mut321, mut323, and mut324 would exhibit approximately 

equal lysis behaviors, because Brown et al.’s (2010) results showed no significant 

differences in lysis time between the genotypes.  

4. Zheng et al. (2008) hypothesize that changes in the rate of E protein accumulation are 

largely responsible for shifts in ΦX174’s lysis phenotype. Under this hypothesis, we 

predicted that the Epos mutants would lyse their hosts earlier than Brown et al.’s (2010) 

D promoter mutants, because the Epos mutations, at least in combination, elevated the 

rate of E protein synthesis (Bernhardt et al. 2002). The regulatory mutants, on the other 

hand, exhibited depressed rates of E protein transcript production (Brown et al. 2010). 

5. Because mutations in the D promoter down-regulate the transcription of D and other 

essential genes, we predict the genotypes carrying these mutations to accumulate phage 

progeny more slowly and have smaller burst sizes than the genotypes lacking these 

mutations. 

6. Surprisingly, Brown et al. (2010) show that D promoter mutations that are non-

synonymous in the C gene cause phage populations to grow faster than synonymous 

mutations in the D promoter (reproduced in Figure 4 here). Since additional results 

suggest that strains carrying the synonymous and non-synonymous changes have similar 
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lysis phenotypes, we predicted that the burst sizes of the non-synonymous regulatory 

mutants would be greater than those of the silent mutants. 

 

Toward a method for characterizing phage life histories 

 The idea of characterizing phage life histories at the level of individual phage particles 

rather than through bulk assays is nothing new. Burnet (1929) proposed “plating the whole 

content of numerous tubes containing one and two phage particles at various intervals” as a way 

“to follow accurately the first stage of phage multiplication.” He implemented this method to 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 3: Lysis phenotypes of wild-type ΦX174 
(circles), pos4B (squares), pos5 (x), and pos6 
(diamonds), measured by A550 (Bernhardt et al. 
2002) 

 

 
Figure 4: Growth of regulatory mutants 
compared to their ancestor on E. coli C at 37˚C. 
Solid bars represent genotypes with non-
synonymous regulatory mutations (Brown et al. 
2010) 
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capture the first lysis events induced by individual phages over the course of several hours. (A 

table of his findings is reproduced in Table 3). Delbrück (1945) performed a similar assay to 

evaluate the burst size distribution of viruses “alpha” and “gamma” on E. coli B. More recently, 

Zheng et al. (2008) used a single-phage assay to infer and compare the variability in lysis times 

produced in single-gene and two-gene lysis systems. By addressing the question of variance, 

Zheng et al. (2008) come closest to achieving what we strived to achieve with the single-phage 

assay in this study. While bulk phage assays are useful for ascertaining mean values of lysis time 

and burst size, only an assay that examines individual particles stands a chance of characterizing 

mutations’ effects on both mean and variance in these life history traits. 

This study marks the most rigorous attempt thus far to measure and compare genotypes’ 

mean and variance in lysis time and burst size with a single-phage assay.

 
Table 3: The results of the first implementation of a single-phage assay to examine “the first 
stages of phage increase” (Burnet 1929)  
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II. MATERIALS and METHODS 

Experimental methods and materials 

Bacteriophages and host 

We examined the life history characteristics of seven isogenic populations of ΦX174. 

Heat-friendly strains (mut319, mut321, mut323, and mut324), engineered by site-directed 

mutagenesis, were kindly provided by Celeste Brown and Amber Stancik (Brown et al. 2010). 

Epos mutant strains (pos4B, pos5, and pos6), isolated from plaques formed on a lawn of 

lysis-resistant E. coli cells, were kindly provided by Ry Young and Rohit Kongari (Bernhardt et 

al. 2002). 

We obtained high-titer lysates (~108 phage/mL) of each strain by amplifying on E. coli C, 

harvesting lacy lawns, and filtering through MilliporeTM Centrifugal Filter Units. We stored all 

lysates in 40% glycerol at -20˚C. We also kept low-titer (~104
 phage/mL) lysates of the strains to 

facilitate the isolation of individual viruses in the single-phage assay. 

We examined ΦX174’s performance on Escherichia coli C, the phage’s natural host. A 

stock of E. coli C was stored in 40% glycerol at -80˚C. We used this primary stock to seed 

bacterial colonies on agar plates stored at 4˚C. Colony plates were created anew every two to 

four weeks. 

 

Media and general materials 

 Lysogeny broth (LB) medium was concocted from 20.00g/L DifcoTM LB Broth, Lennox, 

or, absent that, 10.00g/L BactoTM Tryptone (pancreatic digest of casein), 5.00g/L BactoTM Yeast 

Extract (extract of autolysed yeast cells), and 5.00g/L sodium chloride (NaCl). We added 3M 
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NaOH to the LB until it attained a pH of 7.50. It was then liquid sterilized in the autoclave. Prior 

to use, we added 1M CaCl2 such that the final concentration of CaCl2 in the LB was 2mM. 

 Soft/Top agar (TA) was made by adding 7.00g BactoTM Agar to 1L LB. After 

autoclaving, we let the TA solidify at room temperature. Prior to use, we microwaved the TA 

until the agar had dissolved completely and thereafter maintained it at approximately 42˚C. We 

added 1M CaCl2 to TA to the same concentration as we did with LB. 

 Agar plates were created by adding 15g BactoTM Agar to 1L LB, autoclaving in 2-L 

flasks, and pouring (at approximately 50˚C) into sterile Fisherbrand 10mm x 15mm polystyrene 

Petri dishes. 

 To guard against the threat of cross-contaminating phage strains, we wiped down pipettes 

and work areas with 70% ethanol and paper towels prior to experiments. See APPENDIX A for 

more details on how we verified the efficacy of ethanol as a ΦX174-killing agent. 

 

Experimental bacterial cultures: growth and synchronization 

 To generate experimental bacterial cultures, we first inoculated 10mL LB in a 50-mL 

flask with a single colony drawn from a refrigerated agar plate and let shake at 200rpm at 37˚C 

for ~16 hours. The result of this process was a stationary-phase bacterial culture. 

 For most experiments described here – including the single-phage assay – we used 

exponential-phase bacteria. To create a culture of exponential-phase cells, we diluted 200-

1200µL of the stationary-phase culture with 40mL LB in a 50-mL flask and let shake at 37˚C 

until it reached an optical density (OD) of 0.600 (about 3hrs after dilution). 

 To synchronize our exponential-phase bacteria’s cell cycles, we followed a starvation 

protocol adapted from Denhardt and Sinsheimer (1965) and kindly shared with us by Darin 
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Rokyta. First, we transferred 1mL cells to a 1.5-mL centrifuge tube and pelleted them by 

spinning in a centrifuge (Eppendorf Centrifuge 5417R) for 2min at 14,000rpm. After removing 

the supernatant with a 250µL pipette tip hooked up to an LB aspirator, we re-suspended the cells 

in 1mL HFB-1 solution (0.06M NH4Cl / 0.09M NaCl / 0.1M KCl / 0.1M Tris-HCl (ph 7.4) / 

1.0mM MgSO4 / 1.0mM CaCl2) by vortexing for 8s. Then, we centrifuged the solution, removed 

the supernatant, and re-suspended in HFB-1 twice more. After removing the supernatant from 

the third and final HFB-1 rinse, we re-suspended cells in 1mL HFB-2 (HFB-1 / 10mM MgCl2 / 

5mM CaCl2). This served as our culture of starved, synchronized bacterial cells. 

 

Standard titering procedure 

 To titer – to determine the concentration of plaque-forming phage particles in – a viral 

lysate, we added 200µL stationary- or exponential-phase cells and a volume of lysate containing 

on the order of 102 plaque-forming units (PFUs) to 3mL TA warmed to 42˚C in a 13 x 100mm 

test tube. Immediately, we curtly vortexed the test tube’s contents and poured them onto an agar 

plate. After several minutes, we incubated the plates upside-down at 37˚C. After 3hrs, we were 

able to discern plaques – transparent holes formed in a bacterial lawn by growing bacteriophages 

– on the plate, each of which corresponded to a single “infective center” in the initial volume of 

lysate added to the test tube (Ellis and Delbrück 1939. 

 While previous work suggests that 3-4hrs of incubation yields accurate titers of wild-type 

ΦX174 and mut319, mut321, mut323, and mut324 on E. coli C (e.g. Brown et al. 2010), we 

found that plaque count often increased appreciably up to 10hrs after an initial 3-hr incubation 

period (see APPENDIX B). Therefore, we tallied our titers no sooner than after 4hrs of 

incubation. 
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Single-phage assay 

 We used a single-phage assay to determine the life-history traits of isogenic phage 

populations. We performed 3 to 6 replicate assays for each genotype. 

We began by adding 90µL synchronized cells to each well of a 96-well PCR plate at 

15˚C. Immediately, we added 10µL of a ~30-PFUs/mL phage dilution to each of the twelve 

wells comprising the first row of the plate and started the stopwatch. This was t = -20.0. At t = 

-19.5min, we added phage to the second row; at t = -19.0min, we added phage to the third row; 

and so on, until phage had been added to the eighth and final row at t = -16.5min. We allowed 

the phage present in each well 20min to adsorb to the starved cells. 

 At t = 0min, we initiated infection by adding 100µL warm LB (incubated at 37˚C for at 

least 45min) to each well of the first row of the plate and elevated the temperature of the PCR 

machine to 37˚C. At t = 0.5min, we added warm LB to the second row to induce infection, and 

so forth, until LB had been added to the eighth row at t = 3.5min. Consequently, the infective 

process in each row was staggered by half a minute, allowing ample time for the sampling 

procedure that followed. 

 (Note: It may seem suspicious that we assumed infection had begun only once we had 

added the warm LB to a row, seeing as we may already have raised the temperature of that row 

to 37˚C minutes earlier. However, our assumption receives strong support from Newbold and 

Sinsheimer (1970). They found that, while elevating the temperature of starved cells and ΦX174 

from 15˚C to 37˚C caused phage particles to begin to eclipse, only the addition of nutrients could 

stimulate viral DNA penetration and infection. Though their results mostly vindicate our method, 

they do not entirely extinguish our suspicions, since elevating all rows’ temperatures to 37˚C 

may have induced simultaneous eclipse across what we considered to be “staggered” wells. 
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Simultaneous eclipse may have warped what we understood to be our “true” infection times, but 

we remain confident that our assay, since it was consistent across genotypes, allows us to 

faithfully compare the life histories of different strains.) 

 We began sampling wells at 15-s intervals beginning at t = 5.0min (i.e. 5 minutes after 

infection had begun in the first row). At the time of sampling, we transferred the 200-µL 

contents of a well to a sterile 96-well PCR plate mounted in an ice mold to halt the infective 

process. We staggered sampling between rows such that, factoring in the 30-s gaps in infection 

between each row, we sampled one well for each 15-s time point between t = 5min and t = 

28.75min. 

 Once we had transferred the contents of each well to the well plate on ice, we moved the 

plate from the ice and placed it on the PCR machine, now set to 3˚C. From here, we sampled 

each well by adding its contents to 200µL cells (which were physiologically somewhere between 

exponential and stationary phase) and 3mL TA and plating. 

 After incubating upside-down at 37˚C for 3-4hrs, we counted visible plaques. Then, we 

re-incubated for at least one more hour to allow for slow-growing plaques to resolve. Sometimes, 

due to time constraints, we had to place the plates at 4˚C overnight before resuming incubation 

the following day. Plates refrigerated before the second round of incubation usually developed 

larger plaques just like plates that hadn’t been subject to refrigeration, but the refrigerated 

plaques tended to be fainter, splotchier, and less uniformly round. 

 The single-phage assay produced data that, when plotted as a function of time, resembles 

the representative example shown in Figure 5. 

 We estimated the sampling error from the transfers of well contents between the first and 

second well plate and between the second well plate and the test tube to be about 1.5-2%. That 
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is, each of the two times we transferred 200µL out of a well, we left behind an average of 1.5-

2µL. Because it was so slight, we did not correct for this error in our analyses. 

 

Plaque veracity assay 

 Some plates presented holes in the bacterial lawn that may or may not have been true 

viral plaques. To assess the veracity of these “plaques,” we first plated 200µL of bacteria in 3mL 

TA. Then, we dabbed the sterilized tip of a metal wire in the hole-in-question and scratched the 

tip along the surface of the newly plated lawn. We considered a plaque to be real if plaques 

formed along the scratches after 3hrs incubation at 37˚C. Controls were performed to verify that 

known plaques produced positive results and known non-plaques produced negative results. 

 

Statistical methods 

Statistical methods for the single-phage assay were developed in R by Paul Joyce and 

Craig Miller. 

 Note that all statistical methods assume that the efficiency of plating (EOP) for each 

genotype on E. coli C – i.e. the fraction of phage particles and infected cells that successfully 

form plaques on a bacterial lawn – is 1 (Ellis and Delbrück 1939). We discuss the validity of this 

assumption and its potential consequences for parameter estimation in APPENDIX B and 

APPENDIX C. 

 

The Poisson parameter, β 

In our single-phage assay, we assumed that the dosage of virus particles across a 96-well 

plate obeyed a Poisson distribution with mean β. Accurately estimating β proved challenging, 
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since it was difficult to infer the input dosage of phage from plates showing lysis events (Figure 

5). We considered a variety of methods for overcoming this obstacle to estimate β, and of these 

we chose a method that incorporated the entirety of our data – both the plates showing a lysis 

event and the plates showing no lysis event. (A detailed description of how we chose our β 

estimator can be found in APPENDIX C.) We called this method the Joyce estimator because 

Paul Joyce suggested it. 

The Joyce estimator works by initially estimating β from all plates showing no lysis 

events. (We considered a plate to show a lysis event if it had more than 5 plaques on it. We did 

this because the Pr {initially putting >5 phage in a well at β of about 0.3} << 1%.)  The initial 

estimate, 

! 

x , is the mean number of plaques found on plates showing five plaques or fewer. 

! 

x  serves as the first input into a maximum-likelihood process that iteratively augments 

! 

x  

based on plates showing lysis events. Using burst wells, the algorithm deduces β from the 

Poisson property that the probability of a well receiving zero phage particles is e-beta and the 

probability of a well receiving more than zero particles is 1 - e-beta.  

 

Lysis time parameters, t0 and λ 

THE MODEL 

 For each phage genotype, we sought to determine the probability that a representative 

particle of that genotype will have induced host lysis by a given time. Based on previous results 

with the ΦX174 genotype 300aI (Poon and Chao 2005), we decided to model the increase in 

lysis probability with a lagged exponential cumulative distribution function: 

! 

P(T < t) =1" e
"( t" t0 )

#  
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where T is the lysis time, t is the time at which a well is sampled, t0 is the time at which we first 

expect P(T < t) to exceed zero, and λ is the exponential lysis parameter, which describes the rate 

of increase in P(T < t) after t0 (Figure 6). Given the above parameterization, a higher value of λ 

signifies a more gradual increase in the probability that a phage has lysed its host by time t. 

 

 

 

 
Figure 5: Example of raw data from the single-phage assay. Note plates showing lysis events, 
plates showing phage particles but no lysis, and the minimum observed lysis time for the assay. 
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Figure 6: Example of the lagged cumulative exponential lysis probability model fit to data from 
5 single-phage assays. Numbers above the points represent the proportion of non-zero-count 
plates showing lysis events by a given time point. 
 

ESTIMATING 

! 

ˆ "  AND 

! 

ˆ t 0 

For each genotype, we estimated 

! 

ˆ "  and 

! 

ˆ t 0 simultaneously by seeking the combination of 

values that maximized the following likelihood: 
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where wt = P(T < t), Ydtr is an indicator variable that takes a value of 1 when a well has burst and 

0 otherwise, and Nt (Poisson-distributed with mean βwt) is the estimated number of phage in a 

well that have lysed their hosts by time t. We assumed that each phage had a constant per-unit-

time probability of lysing its host after t0. In other words, we assumed no “age effect” on lysis 

probability. 

 

ESTIMATING 

! 

ˆ "  CONFIDENCE INTERVALS  

To estimate 95% confidence intervals for estimates of 

! 

ˆ " , we employed a bootstrapping 

approach. For each of 100 bootstraps, we used our point estimates of 

! 

ˆ "  and 

! 

ˆ t 0 to simulate 

single-phage assay results analogous to a genotype’s input assay results. For each simulated 

dataset, we found 

! 

ˆ "  and 

! 

ˆ t 0using the maximum likelihood approach outlined above. Then, we 

sorted the bootstrap 

! 

ˆ "  estimates by magnitude, and the 3rd and 98th values of 

! 

ˆ "  became our 

estimates of the lower and upper confidence bounds around our initial estimate, respectively. 

 

ESTIMATING 

! 

ˆ t 0 CONFIDENCE INTERVALS 

 To put 95% confidence bounds on our point estimates of 

! 

ˆ t 0, we employed a simple 

approach that used the likelihood results from our initial search for 

! 

ˆ t 0 and 

! 

ˆ " . We looked at the 

entire set of likelihoods calculated for the 

! 

ˆ t 0 and 

! 

ˆ "  combinations and took the values 2 log 

likelihoods less than the maximum log likelihood as the 95% confidence bounds on the 

! 

ˆ t 0 point 

estimate. We have yet to validate the log likelihood method of determining confidence bounds, 

but comparisons of 

! 

ˆ "  confidence bounds estimated by this method with the 

! 

ˆ "  confidence 

bounds generated by bootstrapping suggests that it provides at least a decent approximation. 
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TESTING FOR SIGNIFICANT DIFFERENCES BETWEEN GENOTYPES 

To test for significant differences in 

! 

ˆ "  and 

! 

ˆ t 0 between two genotypes, we used a 

likelihood ratio test that compared the genotypes’ lysis probability functions (i.e. compared 

! 

ˆ "  

and 

! 

ˆ t 0 simultaneously). Our null hypothesis was that two genotypes’ data were so similar that 

fitting each with a separate probability function would provide no better a fit of the data than 

pooling the datasets and fitting them with a single function. To test the null hypothesis, we first 

fit each of two genotypes’ data with a lysis probability function. We calculated the likelihood of 

each function and summed them to get LA. Then, we pooled the genotypes’ data and fit the 

combined dataset with a probability function. The likelihood of that function was LN. Then, we 

calculated the observed difference between LA and LN, LObs, by taking the natural logarithm of 

both values and subtracting: 

! 

LObs = lnLA " lnLN  

Our next task was to locate LObs in a distribution of L when the null hypothesis was true. To 

produce this distribution of L, we repeatedly simulated datasets using the parameters of the 

probability function produced under the null hypothesis (i.e. the function we had fit to the pooled 

data). In each repetition (bootstrap), we simulated two datasets, fit a probability function to each, 

and summed the likelihood of these probability functions to calculate LA.i. Then, we pooled the 

two simulated datasets, fit a function to the pooled data, and calculated the likelihood of that 

function, LN.i. Finally, we found Li by subtracting the natural log of LN.i from the natural log of 

LA.i. We repeated this process 100 times to produce a distribution of Li’s in which we could 

locate LObs. We rejected the null hypothesis when the p-value associated with the location of LObs 
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within the distribution was lower than a sequentially Bonferroni-corrected significance level 

(original α = 0.05). 

(We performed a sequential Bonferroni correction by first sorting all p-values by 

magnitude and asking whether the smallest p < α/n, where n was the total number of 

comparisons (implicitly or explicitly) tested. If the inequality was true, we considered the p-

value significant, and then we repeated the process with the second smallest p-value, this time 

asking if p < α/(n-1). If the inequality was false, we considered the p-value insignificant and 

stopped our sequential test of significance. However, note that the resolution of our likelihood 

ratio test was not sufficient to specify p-values below 0.01. Unfortunately, when the denominator 

of our corrected significance-level term was greater than 5, the significance threshold fell below 

0.01, meaning that we could not assert with certainty that even our lowest p-values were 

significant by Bonferroni-corrected standards. We skirted this problem by treating p-values of 

less than 0.01 as if they were equal to zero.) 

 We validated the efficacy of this method of testing for significant differences between 

lysis probability functions by testing for differences between two sets of simulated data, each 

generated from drastically different values of λ and t0 (i.e. λ = 3 and t0 = 14 for one and λ = 8 

and t0 = 9 for the other). This test discovered a significant difference between the simulated 

datasets at p < 0.01. We also confirmed that the likelihood ratio test failed to find a significant 

difference between datasets simulated from identical values of λ and t0 (p = 0.34). 

 

Regressing burst time on time: parameters α, µ, and σ 

THE MODEL  

We modeled burst size as: 
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! 

CT = "T + µ +#  

where CT is burst size of an individual phage, α is the slope of the linear function relating burst 

size to time, µ is the intercept of the function relating burst size to time at the earliest time we 

estimated lysis to be possible (t > t0), and ε is assumed to be normally distributed with mean 0 

and variance σ 2. 

 Importantly, none of the terms of this model were directly observable. When we saw a 

plate with more than 5 plaques, we were not necessarily seeing the size of a single burst event, 

but rather the sum of the burst sizes of an unknown number of phages. Similarly, the time at 

which the well was sampled and plated did not tell us the exact lysis time, either, but rather the 

time by which the burst event had occurred. Both burst size and lysis time, then, were latent 

variables. 

 We could mathematically represent observed plaque counts at time t with  

the following equation: 

! 

Ct = "Xt + µNt +#  

where Ct is the observed plaque count produced by a well sampled at time t, Xt is the sum of lysis 

times for Nt burst phage in a well at time t, and δ is normally distributed with mean zero and 

variance Ntσ 2. 

 

ESTIMATING MODEL PARAMETERS 

To estimate the regression parameters α, µ, and σ while accounting for latent variables, 

we deployed an “expectation-maximization” (EM) algorithm that made use of many other terms, 

only a few of which I will define here: 

E(Nt) is the expected number of phage that have burst in a well by time t. 
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E(Xt) is the expected sum of lysis times (after 

! 

ˆ t 0) for all burst phage in a well. 

(E(Nt) and E(Xt) describe the expected values of our latent variables.) 

The EM algorithm comes from the idea that a nifty way to estimate the values of latent 

variables necessary to determine a function’s parameters is to replace them with their expected 

values. However, a recursive problem arises, since one cannot calculate the latent variables’ 

expected values without first knowing the parameters one is attempting to use those expectations 

to estimate. The EM algorithm works around these obstacles by initially guessing parameters, 

then calculating expected values for the latent variables, and then using these expected values to 

re-estimate parameters via a maximum likelihood approach. The algorithm iterates this back-

and-forth process until convergence occurs. 

To initially guess regression parameters, we had to form some initial estimates of Nt and 

Xt for each well. This process was tricky, because E(Nt) and E(Xt) were not independent: Xt 

tended to be larger when Nt was larger. To account for the dependence of these two variables, we 

first simulated a joint probability distribution of Nt and Xt for each single-phage assay (i.e. for 

each value of β). We could then draw initial estimates of Nt and Xt from these distributions. 

Equipped with the joint probability distributions of Nt and Xt, we then derived rough but 

reasonable initial parameter estimates. Given these parameter estimates and the joint probability 

distributions, we were able to impute values of E(Nt) and E(Xt), from which we could estimate α 

and µ using least-squares regression: 

! 

min
" ,µ

(Ct ,r #"Xt ,r # µNt,r )
2

Nt ,rt,r
$ =

(Ct ,r # ˆ " Xt ,r # ˆ µ Nt ,r)
2

Nt,rt ,r
$  

where r indexes the well. 

 Given estimates of 

! 

ˆ "  and 

! 

ˆ µ , we estimated 

! 

ˆ " 2 with: 
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! 

ˆ " 2 =
1
n

(Ct ,r # ˆ $ Xt ,r # ˆ µ Nt,r )
2

Nt ,rt,r
%  

With these new parameter estimates in hand, we could refine our estimates of E(Nt) and 

E(Xt) and repeat this process until we converged on estimates of 

! 

ˆ " ,

! 

ˆ µ , and 

! 

ˆ "  that were most 

likely given our data. 

The output of the EM algorithm was a regression like that presented in Figure 7. At first 

glance, the regression is a bit bewildering. Looking at Figure 7B, we may wonder why there is 

such a sizeable distance between the regression line and the points it is supposed to explain. The 

answer lies in a few key ideas and Figure 7A. The first idea is that the regression line was not 

supposed to model observed plaque count’s relationship with time, but rather burst size’s 

relationship with time. The second idea is that observed plaque count and burst size are not the 

same thing: plaque counts sometimes will represent more than one lysis event. The third idea is 

that observed plaque counts represent lysis events that occurred by, not at, the time of sampling. 

As mentioned above, the EM algorithm tried to account for these latent variables. To do so, it 

regressed observed plaque counts on E(Xt)  rather than sampling time (Figure 7A). In the 

process, the algorithm freely assigned lysis times so as to maximize the likelihood of the fit. In 

particular, it inferred lysis times from observed plaque counts, where the biggest bursts were 

inferred to have had late lysis times. This is why the regression in Figure 7A so tightly fits the 

points. 

This process of inferring lysis times from observed plaque counts had notable 

consequences. Most importantly, it shifted more observations than we would predict from the 

lysis probability function’s 

! 

ˆ "  toward lysis times within 5 minutes of 

! 

ˆ t 0. This forced us to ask 

whether we should repeat our lysis probability function estimation process, now taking into 

account the inferred lysis times from the EM algorithm. We concluded that it would be unwise to 
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incorporate the regression estimation back into the lysis probability estimation for two reasons. 

Firstly, incorporating the imputed lysis times from the EM algorithm would arguably corrupt the 

purity of the raw observed data on which the initial lysis probability parameter estimates were 

based. Secondly, the cumulative exponential model of lysis probability would have had a hard 

time accommodating the regression data. While the regression data would probably pull toward 

smaller values of 

! 

ˆ "  (i.e. toward a faster ascent in lysis probability), late-sampled wells showing 

phage particles that have not lysed their hosts would actively resist that pull. The only way to 

settle the tug-of-war would have been to switch to something like a Weibull model to describe 

lysis probability, allowing for the rate of change in probability to change with time. However, 

past results indicated that this would actually do a worse job of reconciling the regression results 

with the late no-lysis points than the exponential distribution! So the best option was to continue 

to disregard the EM algorithm’s lysis-time inferences and stick with the initial estimates of lysis 

time parameters. 

 

ESTIMATING REGRESSION CONFIDENCE INTERVALS 

To put 95% confidence limits on the parameter estimates developed in the EM algorithm, 

we adopted a bootstrapping approach, simulating 200 datasets using Nt and Xt estimates pulled 

from the joint probability distribution of Nt and Xt along with the parameter estimates (

! 

ˆ " ,

! 

ˆ µ , and 

! 

ˆ " ) from the EM algorithm above. For each simulated dataset (bootstrap), we estimated 

regression parameters. Finally, we sorted the bootstraps according to each parameter’s 

magnitude and derived confidence limits from these distributions. 
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Figure 7: Graphical representation of regression produced by EM algorithm 

 

TESTING FOR SIGNIFICANT DIFFERENCES BETWEEN GENOTYPES 

To test for significant differences between burst size regression parameter estimates 

fordifferent genotypes, we used a bootstrapping simulation approach that, unlike the significance 
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test for significant differences between 

! 

ˆ "  values, examined each parameter individually. Our 

null hypothesis was that (parameter estimate, genotype 1) – (parameter estimate, genotype 2) = 

0. To test this hypothesis, we compared the real differences between genotypes’ parameter 

estimates to the distribution of simulated differences between pairs of parameter estimates 

generated under the null hypothesis. We first pooled the datasets of the two genotypes of interest. 

Then, we simulated 200 pairs of datasets using the joint probability distribution of Nt and Xt and 

parameters derived from the pooled data. Then, we used the EM algorithm to estimate each 

simulated dataset’s burst size regression parameters. By calculating the differences in parameter 

estimates within each pair of simulated datasets, we discovered the distributions of the size of 

differences under the null hypothesis, in which we could then locate the sizes of differences 

between our real parameter estimates. We considered a difference in a parameter to be 

significant if its magnitude was greater than that of almost all of the differences in the null 

distribution of differences in that parameter (at a sequentially Bonferroni-corrected significance 

level, α = 0.05). (Much the same way as we did with the test for significant differences between 

lysis probability functions, we treated p-values of less than 0.005 – the finest resolution of the 

significance test – as if they were equal to zero when comparing them to the significance level.) 

One important caveat to the estimates of the significance of differences between 

regression parameters is that they failed to take uncertainty in lysis-time parameters into account. 

The regression estimation algorithms assumed that 

! 

ˆ "  and 

! 

ˆ t 0 were true values and that the 

confidence intervals about them, no matter how large, did not influence our estimates of 

! 

ˆ " ,

! 

ˆ µ , 

and 

! 

ˆ " . Therefore, it is possible that perceived significant differences in regression parameter 

estimates would fade if we somehow incorporated the uncertainty in lysis-time parameters. 
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To validate the efficacy of this method for recovering significant differences only 

between genotypes with truly different burst-size phenotypes, we compared our mut323 dataset 

to itself. The test found none of the parameters to be significantly different from one another 

(

! 

p ˆ " =1, 

! 

p ˆ µ =1, and 

! 

p ˆ " = 0.955). 
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III. RESULTS 

Lysis time 

General results 

 We computed point estimates and 95% confidence bounds for lysis probability function 

parameters 

! 

ˆ t 0 and 

! 

ˆ "  for each genotype (Table 4, Figure 8). (For statistics summarizing the 

parameter estimates, see Table 5.) Note that 

! 

ˆ t 0 confidence intervals were skewed toward lower 

values, because the earliest observed lysis times for each genotype imposed an upper limit on 

! 

ˆ t 0. 

We also estimated average lysis times by adding 

! 

ˆ t 0 to 

! 

ˆ "  (Table 6). 

 Through a likelihood ratio test of the null hypothesis – H0: A single lysis function would 

fit genotypes’ pooled datasets better than two separate functions – we established that the lysis 

probability function of pos6 differed significantly from that of mut321, mut324, and pos4B. We 

found no other significant differences among lysis probability functions (Table 7). 

 

Testing predictions 

 Results in hand, we could test the first four predictions listed in the INTRODUCTION 

and BACKGROUND section. 

 First, we tested our prediction that the lysis phenotypes of pos4B and pos6 would be 

roughly equivalent while pos5 would begin lysing its host later and exhibit more variance. Our 

results did not match our predictions. We found that pos4B and pos6 had lysis probability 

functions that were significantly different from one another (p < 0.01) while pos5 was not 

significantly different from either (p = 0.25 and p = 0.07 for the pos5/pos4B and pos5/pos6 

comparisons, respectively) (Table 7). While 

! 

ˆ t 0 for pos4B (13.50min) and pos6 (9.75min) were 
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similar to our 13min expectation for the earliest lysis events, 

! 

ˆ t 0 for pos5 (12.90min) was far from 

our 23min expectation (Table 4). 

Second, we endeavored to test our prediction that variance in lysis time would be greater 

for pos5 than for pos4B and pos6. Using 

! 

ˆ "  as an approximation of variance in lysis time, we 

were surprised to find that, contrary to our prediction, point estimates of

! 

ˆ "  for both pos4B 

(7.90min) and pos6 (8.65min) were greater than the point estimate of pos5’s 

! 

ˆ "  (5.90min) (Table 

4). However, two overwhelming caveats apply to this interpretation. Firstly, the likelihood ratio 

test for differences between lysis probability functions did not allow us to examine the 

significance of the differences between individual lysis parameters, so we cannot say how 

different from one another pos4B’s, pos6’s, and pos5’s 

! 

ˆ "  truly are. Secondly, sober reflection on 

our model reveals that 

! 

ˆ " , though a measure of variance, is also a measure of the mean lysis time. 

The dual nature of 

! 

ˆ " , then, confounds our analysis. 

However, we were able to test our third prediction confidently: that the four D promoter 

mutants would share a lysis phenotype. We found that our results were consistent with our 

prediction. While we did not confirm this result with a likelihood ratio test, that the phenotypes 

were not significantly different could be seen plainly in Figure 8, which shows that bounded 

estimates of their lysis parameters are tightly clustered. 

Finally, we found that our results were only partially consistent with our prediction that 

the earliest lysis times for the Epos mutants would precede the earliest lysis times for the D 

promoter mutants. We had predicted this relationship from the reported relative levels of E 

protein accumulation in each genotype and Zheng et al.’s (2008) hypothesis that higher rates of 

E protein accumulation accelerate lysis (Bernhardt et al. 2002, Brown et al. 2010). Again, while 

we could not directly test the significance of differences between individual lysis parameters, we 
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found that pos6, a genotype with a notably small value of 

! 

ˆ t 0, had a lysis phenotype that was 

significantly different overall from two of the four regulatory mutants (Table 4 and 7). However, 

neither the lysis function of pos4B nor pos5 was significantly different those of the promoter 

mutants. Therefore, the data only partly met our expectations. 

 

Burst size 

General results 

 We regressed burst size on time, computing point estimates and 95% confidence intervals 

for the intercept (at 

! 

ˆ t 0) (

! 

ˆ µ ) and slope (

! 

ˆ " ) of the regression line. We also calculated point 

estimates and confidence intervals for the square root of the variance about the line (

! 

ˆ " ) (Table 4, 

Figure 9 and 10). (For statistics summarizing regression parameter estimates, see Table 5.) We 

also estimated average burst sizes by adding 

! 

ˆ µ  to the product of 

! 

ˆ "  and 

! 

ˆ "  (Table 6). 

 Our bootstrapping approach revealed significant differences between all estimated 

relationships between burst size and time (Table 8). As visualized in Figure 9, even genotypes 

that clustered together in a plot of one pair of parameters moved far apart in plots of other pairs 

(e.g. compare mut324 and pos5). 

 

Testing predictions 

 We tested two main predictions of how the burst sizes of our genotypes would compare. 

Our first prediction was that the genotypes carrying regulatory mutations that down-regulated the 

transcription of D and other essential genes would produce progeny virions at a slower rate and 

ultimately yield smaller burst sizes than the Epos mutants. Our results met our expectation. The 

slopes of pos4B’s, pos5’s, and pos6’s burst size regressions were all significantly steeper than
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Table 4: Lysis time and burst size parameter estimates and 95% confidence intervals for 7 genotypes. n represents the number of 
single-phage assays conducted for a genotype. Reported regression point estimates and confidence intervals were randomly selected 
from at least 15 sets of estimates generated from at least 3 different joint Nt - Xt probability distributions for each genotype. 
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Figure 8: Lysis parameter point estimates and 95% confidence intervals for each genotype: mut319 
(black), mut321 (purple), mut323 (green), mut324 (blue), pos4B (orange), pos5 (red), and pos6 
(brown). 
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 Lysis probability 
parameters Burst size regression parameters 

 

! 

ˆ t 0 (min) 

! 

ˆ "  (min) 

! 

ˆ µ  (PFUs) 

! 

ˆ "  (PFUs/min) 

! 

ˆ "  (PFUs) 
Summary 
statistic Estimate CI 

size Estimate CI 
size Estimate CI 

size Estimate CI 
size Estimate CI 

size 
Mean 12.86 2.29 6.49 5.16 15.4 6.2 23.1 1.6 7.7 3.0 

Median 13.40 2.1 5.90 4.7 13.3 5.3 19.3 1.3 7.1 2.5 
Range 4.1 2.75 3.55 4.46 19.4 9.9 28.9 2.5 9.6 4.6 

Table 5: Summary statistics for Table 4 data. 

 

Genotype Average lysis time (min) Average burst size (PFUs) 
mut319 18.50 124 
mut321 18.95 73 
mut323 20.10 92 
mut324 19.30 84 
pos4B 21.40 307 
pos5 18.80 256 
pos6 18.40 282 
Table 6: Estimates of average lysis time and burst size for 7 genotypes. 

Average lysis time = 

! 

ˆ "  + 

! 

ˆ t 0. Average burst size = 

! 

ˆ µ  + 

! 

ˆ " *

! 

ˆ " . 
 
 

Genotype 
mut321 NA 
mut323 NA NA 

mut324 NA NA 0.66 
(0.467) 

pos4B 0.08 
(2.42) 

0.23 
(1.99) 

0.66 
(0.481) 

0.39 
(0.988) 

pos5 0.94 
(0.044) 

0.42 
(0.829) 

0.33 
(1.15) 

0.83 
(0.268) 

0.25 
(1.58) 

pos6 0.01 
(4.99) 

< 0.01* 
(10.46) 

0.01 
(7.41) 

< 0.01* 
(9.38) 

< 0.01* 
(7.34) 

0.07 
(3.34) 

Genotype mut319 mut321 mut323 mut324 pos4B pos5 
Table 7: Likelihood ratio test for differences between lysis probability functions. Values in 
parentheses are the observed likelihood ratios (i.e. the difference between the maximum log 
likelihood of two separate probability functions fitting the pooled data and the maximum log 
likelihood of a single lysis probability function fitting the pooled data). Values above are p-
values for the comparison. * indicates significance at Bonferroni-corrected levels (α = 0.05). 
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the slopes of the D promoter mutants (p < 0.005) (Table 8). This means that, true to our 

prediction, the Epos mutants produced mature progeny more quickly than the other genotypes. 

Since the differences in regression intercepts were not great, the differences in slopes led to 

larger predicted burst sizes for the Epos mutants at most time points (Figure 9A). Furthermore, 

when used to infer burst sizes, our regressions suggested that the average burst size of an Epos 

mutant was at least twice as large as that of a D promoter mutant (Table 6). 

Our second prediction was that genotypes with non-synonymous D promoter mutations 

(mut319 and mut323) would generate larger burst sizes than genotypes with synonymous D 

promoter mutations (mut321 and mut324). We derived this prediction from a figure in Brown et 

al. (2010) that suggested that mut319 and mut323 populations grew more quickly than mut321 

and mut324 populations (reproduced in Figure 4). 

Again, our results met our expectations. The burst size regressions predicted significant, 

consistent, and large differences between mut319 and the three other D promoter genotypes, with 

mut319 having much greater burst sizes over time (Table 8, Figure 10). They also predicted 

slight but significant differences between mut323 and the two genotypes carrying silent promoter 

mutations (Table 8). In the case of mut321, mut323 was projected to have modestly larger burst 

sizes at all times (Figure 10). In the case of mut324, the regressions predicted that mut323 would 

begin to produce larger burst sizes beginning at t = 19.85min (Table 4). Finally, it was satisfying 

to see that our calculations of average burst sizes from the regressions at least superficially 

recapitulated the growth rate result shown by Brown et al. (2010) and reproduced in Figure 4 

(Figure 11). We could have expected this result because, with lysis functions identical among the 

mutants, differences in fecundity had more say in determining differences in their growth rates.



 45 

 
Table 8: Tests for significant differences betw

een regression param
eters. In each cell, p-values are situated to the left of the observed 

differences betw
een param

eters, w
hich are in parentheses. * indicates a significant p-value at sequentially B

onferroni-corrected levels 
(α = 0.05) 
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Figure 9: Plots of pairs of regression 
parameter point estimates and 95% 
confidence intervals for each 
genotype: (A) 

! 

ˆ µ  and 

! 

ˆ " , (B) 

! 

ˆ µ  and 

! 

ˆ " , and (C) 

! 

ˆ "  and 

! 

ˆ " . 
Genotypes: mut319 (black), mut321 
(purple), mut323 (green), mut324 
(blue), pos4B (orange), pos5 (red), 
and pos6 (brown). 
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Figure 10: Burst size regressed on time. 
Genotypes: mut319 (black), mut321 (purple), mut323 (green), mut324 (blue), pos4B (orange), pos5 
(red), and pos6 (brown). 
 
 

Figure 11: Plot of average burst sizes of D promoter mutants inferred from single-phage 

Figure 11: Plot of average burst sizes 
of D promoter mutants inferred from 
single-phage assays recapitulates 
Brown et al.’s (2010) growth rate 
measurements (reproduced in Figure 4 
here). 
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IV. DISCUSSION 

To understand how natural populations adapt to their environments, it is paramount that 

we understand the probabilities with which rare beneficial mutations fix (Hubbarde and Wahl 

2007). While population geneticists have spent decades developing elegant theory to estimate 

fixation probabilities, they only recently have begun dissecting the parameters and assumptions 

that anchor the building blocks of the theory, such as the selection coefficient. More specifically, 

recent computational work has drawn our attention to the question of whether the fixation 

probabilities of beneficial mutations that reduce generation time are equivalent to those of 

mutations that increase fecundity (Wahl and DeHaan 2004, Hubbarde and Wahl 2007, Patwa and 

Wahl 2008). Conveniently, the burgeoning field of experimental microbial evolution has 

equipped us with the tools required to begin to test the theory in the lab (Elena and Lenski 2003). 

In this study, we took the first few steps toward building a model system in which to examine the 

fixation probabilities of rare beneficial mutations differentially affecting generation time and 

fecundity: the lytic bacteriophage, ΦX174. These first steps consisted of profiling the lysis times 

and burst sizes of unique but closely related genotypes by way of an assay that targeted the 

behaviors of individual phage particles. In other words, we attempted to describe a ΦX174 

“genotype-to-life history phenotype” map that will prove indispensable in exploring fixation 

probabilities through experimental evolution. The results of our study are at once exciting and 

perplexing. 

 

Cause for excitement and confusion 

At the most basic level, our findings are exciting as a proof of principle – a demonstration 

of the power of our statistical approach to infer phage life history phenotypes from assays in 
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which many of the most vital variables (i.e. lysis time, burst size, and the number of particles in a 

given well) remain latent. The fact that our initial predictions came true in our characterizations 

of burst size phenotypes and the lysis time phenotypes of the D promoter mutants contributes to 

our confidence in our statistical and experimental methods. 

Methodology aside, our results are exciting because they identify pos6’s R3H E-gene 

mutation as one which significantly altered the virus’s lysis phenotype. The lysis probability 

function we recovered for pos6 differed meaningfully from three of the six other genotypes 

analyzed. This makes the R3H mutation a promising candidate for future evolution experiments 

that use ΦX174 to observe the fixation probabilities of different lysis time-affecting mutations. 

However, our results are also confusing. Specifically, we are left scratching our heads 

over the dissonance between our description and Bernhardt et al.’s (2002) description of the 

Epos mutants’ lysis time phenotypes. Bernhardt et al. (2002) found that pos4B, which carries 

both the R3H and L19F mutation, exhibited a lysis phenotype nearly identical to pos6, which 

carries just the R3H mutation. In pos5, which carries just the L19F mutation, lysis was severely 

delayed relative to pos4B and pos6. These observations support a model in which the R3H 

mutation is somehow epistatic to the L19F mutation, masking the latter’s effects on lysis time. 

Our characterization of the Epos mutants tells a different story. Instead of pos4B 

following pos6’s lysis phenotype, we found that it followed pos5’s. In fact, we determined that 

the difference between pos6’s and pos4B’s lysis probability functions was significant, whereas 

the differences between pos6’s and pos5’s and between pos4B’s and pos5’s were not. These 

findings imply that the L19F mutation masks the phenotypic effects of the R3H mutation, not the 

other way around. 
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How do we explain the discrepancy between our Epos results and Bernhardt et al.’s 

(2002)? The two most obvious hypotheses concern methodology. The first is that our results are 

suspect due to the small number of assays on which they were based (n = 3 for each genotype). 

When the average dosage of phage per well is as small as it was in our assays (~ 0.3), each run 

yields a relatively small proportion of sampled wells from which we can estimate lysis time 

parameters. Maybe, then, it is silly to draw “conclusions” from only three runs of each genotype. 

However, we expect our significance tests to be sensitive to small sample sizes, and we can trust 

that our significant results are indeed significant. (Additionally, we are unsure of how many (or 

few) assays Bernhardt et al. (2002) performed to achieve the lysis profiles off of which we are 

basing this discussion.) The second hypothesis is that the discrepancy resides in substantive 

differences between the properties of phage growth captured by our single-phage assays and 

those captured by Bernhardt et al.’s (2002) bulk lysis profiles. While we inferred lysis 

phenotypes from hundreds of phages considered singly at a low multiplicity of infection (MOI), 

they inferred lysis phenotypes from bulk turbidity assays in which the initial MOI was greater 

than 1 (Hyman and Abedon 2009, Young 1992). The peaks of their turbidity curves do not 

necessarily correspond to our 

! 

ˆ t 0, their rates of lysis-induced decreases in turbidity do not 

necessarily correspond to our 

! 

ˆ "  (or any other relevant measure of lysis-time variance), and, 

perhaps most crucially, high MOI means that the lysis events they observe are not necessarily the 

consequence of infections by a single phage particle. Therefore, until we learn more about the 

molecular mechanisms by which R3H and L19F modulate lysis time, we may just have to accept 

the apparent contradictions between Bernhardt et al.’s (2002) findings and ours as artifacts of 

experimental design. 
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Lysis timing and the rate of E protein accumulation 

 Zheng et al. (2008) propose that: 

“the timing of E-mediated lysis can only be adjusted by altering the time at which 

the concentration of lipid I, the product of MraY, is reduced below the level 

necessary for the viability of the dividing host cell. In principle, this could be 

achieved by mutations that change either the concentration of E in the infected 

cell or the affinity of E for its target, MraY.” 

While they acknowledge the possibility of mutations that change “the affinity of E for … MraY,” 

they identify the Epos mutations as representative of the type that instead “change[s]… the 

concentration of E.” The Epos mutations allegedly increase the rate of E synthesis. Because the 

D promoter mutations are not in a position to change protein E’s structure, they necessarily affect 

lysis timing by changing protein E’s concentration. The D promoter mutations reduce the rate of 

E transcription. Assuming that (1) the genetic backgrounds on which we found the mutations of 

interest were virtually identical and (2) the rate of E accumulation was significantly higher in the 

Epos mutants than in the D promoter mutants, our measurements could test whether the R3H and 

L19F mutations changed lysis time by changing E synthesis rather than by some other 

mechanism. If this hypothesis were true, we would expect the Epos mutants to lyse their hosts 

significantly earlier than the D promoter mutants. 

 As stated in the RESULTS section, this did not quite happen. Differences between pos6 

and two of the D promoter mutants were in the direction of what the E-accumulation hypothesis 

predicts, but none of the other predicted effects was observed. This suggests the rate of E 

accumulation may not tell the whole lysis-timing story for these genotypes. It could be that the 

amino acid changes in the E proteins of Epos mutants had effects beyond merely increasing 
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mRNA stability and translatability, such as changing E’s affinity for MraY. The L19F mutation 

is particularly suspect in regards to this type of change, since it switches an amino acid at the 

heart of the protein’s single transmembrane domain – a domain that may almost completely 

dictate the quality of E’s interactions with MraY (Zheng et al. 2009). 

 Our results may interface well with some of Brown et al.’s (2010) insights into the issue 

of E accumulation and lysis timing. Brown et al. (2010) were not surprised to find that mutations 

down-regulating the transcription of genes downstream of the D promoter yielded longer lysis 

times on E. coli C compared to the wild type at 37˚C. This result was consistent with the 

proposed effects of E accumulation on lysis time. However, they were surprised to find that the 

wild-type phage lysed cells later than the mutants at 42˚C. If E accumulation rate largely 

determined lysis timing, shouldn’t the wild type have lysed cells earlier at 42˚C, too? They 

hypothesize that the high temperature lengthened host generation times by stressing cellular 

machinery and that, while the wild type’s high transcription rate exacerbated the stress, the 

mutants’ low transcription rate did not, thus speeding lysis. Regardless of the specific details of 

the mechanism, our results agree with Brown et al.’s (2010) in that they point to a more nuanced 

picture of lysis time regulation in ΦX174 than that painted by Zheng et al. (2008). 

 

Lysis-time variance and the exponential model of lysis probability 

 The primary reason we employed a single-phage assay to characterize ΦX174 genotypes’ 

life histories was to get a grip on the way mutations affect lysis time’s variance within a 

population (Figure 1). Details about variance in lysis timing are lost in bulk lysis-time assays 

(Zheng et al. 2008). Unfortunately, the exponential model we chose to fit to the lysis probability 

data obscured our measurements of variance. In the statistical methods section, we discuss the 
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tension between the burst-size regression EM algorithm’s inferences about lysis times and plates 

showing late-sampled phage particles that have not yet lysed their hosts. Part of the reason for 

this tension is that the exponential model tightly links estimates of λ, t0, and average lysis time. If 

we change any one parameter, we necessarily change the other two. Therefore, the exponential 

model makes it difficult to isolate the effects of hypothetical mutations that alter lysis-time 

variance but not mean, or vice versa. 

 We can imagine parameters that signify an earliest possible lysis time, variance in lysis 

time, and mean lysis time varying independently of one another in real biological systems. Due 

to the ubiquity of normal distributions throughout the natural world, it is not a stretch to guess 

that lysis times in ΦX174 may be distributed normally with mean m and variance v. 

Additionally, it makes sense that the left tail of the distribution would be truncated at some time 

ty before which lysis is a practical impossibility. In this model, then, m, v, and ty each could 

change without changing the other two parameters. Though appealing, this model may lack 

power when it comes to interpreting the type of data generated by a single-phage assay. Future 

work will include exploring more informative alternatives to the exponential model for 

understanding how lysis probability changes. 

 

Future directions 

Theoretical 

In addition to exploring various practical models of how lysis probability changes in the 

context of the single-phage assay, future efforts may productively be directed toward a more 

thorough theoretical understanding of the probability of fixation of mutations that increase 

variance in lysis time. Past work has emphasized how, when liberated from the constraints of 
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small genome size, phages have developed more complex, finely regulated systems of lysis that 

allow for relatively low variance among individuals’ lysis times compared to single-protein lysis 

systems like ΦX174’s (Zheng et al. 2008). Zheng et al. (2008) argue that, in the grand scheme of 

things, two-protein lysis systems are more evolvable than and evolutionarily superior to single-

protein lysis systems. While it is fun to explore what tends to happen when phage populations 

are given the opportunity to optimize their lysis phenotypes in the absence of known constraints, 

we find it more interesting to ask how lineages like ΦX174’s optimize their lysis behaviors 

within the boundaries imposed by evolutionary constraints. We hypothesize that selection has 

adapted and will continue to adapt both ΦX174 populations’ mean lysis times and variances in 

lysis time to their present environments. As suggested by Figure 1, selective pressure on lysis-

time variance may come in the form of demographic regimes with different bottlenecking 

intervals (Patwa and Wahl 2008; Weinreich and Wahl, unpublished results). In this context, 

lysis-time variance may serve as a form of “bet-hedging” to maximize one’s offspring’s chances 

of surviving a bottleneck (Slatkin 1974). 

 

Experimental 

In the future, we will look to elaborate on our results and improve upon the methods used 

in this study. One simple step will be to perform more assays on each of our genotypes – 

especially the Epos mutants, for which we have only conducted three assays each. We expect 

increased sample sizes to shrink confidence intervals and produce more precise lysis time and 

burst size parameter estimates. This will help us clarify whether and in what dimensions our 

genotypes differ from one another. 
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When performing additional assays, we will refine our methods in two ways. First, we 

will take more caution in controlling for the effects of variables extrinsic to our system whose 

importance we may not have appreciated fully in the course of this study. These variables 

include incubation time (see APPENDIX B and C) and stochastic day effects. We will attempt to 

keep incubation times more consistent and control for stochastic day effects by assaying our 

genotypes in rotation (e.g. mut323 today, pos4B tomorrow, mut319 the next day, etc.). The 

second way we will refine our method is by modifying our sampling regime. In this study, we 

sampled wells at regular, 15-s intervals between 5min and 28.75min post-infection. However, 

since samples taken in close proximity to t0 have a disproportionate impact on our estimates of 

! 

ˆ t 0 

and 

! 

ˆ " , we will devise a protocol in which we sample these time points more heavily. This 

revision should make data collection more efficient and our lysis time parameter estimates more 

accurate. 

Future work will also extend to new genotypes. We will certainly assay a wild-type strain 

of the virus (e.g. 300aI). Additionally, we may assay D promoter mutations that up-regulate 

transcription; mutations that, like L19F, modify the sequence coding for protein E’s 

transmembrane domain; and natural ΦX174 isolates culled from diverse environments. We may 

also experimentally evolve ΦX174 under different demographic regimes and assay the life 

histories of their descendants. 

Finally, before conducting evolution experiments to determine the fixation probabilities 

of beneficial lysis time and burst size mutations, we will have to measure the attachment rates of 

our mutants. In this study, we synchronized attachment by allowing phage particles 20 minutes 

to adsorb to hosts at 15˚C. In evolution experiments, however, we will not be able to exert that 
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degree of control over attachment. Therefore, we will have to account for it in our predictions of 

fixation probabilities. 

 

Conclusion 

To summarize, we have revamped an 83-year-old assay to characterize the lysis-time and 

burst-size phenotypes of 7 strains of the lytic bacteriophage ΦX174. In doing so, we have 

identified a mutation, R3H, that, in the absence of the L19F mutation, significantly changes the 

probability function underlying the phage’s lysis phenotype. The identification of this mutation 

marks the first step toward establishing an experimental framework in which we may test the 

theoretical prediction that fixation probabilities will differ between beneficial mutations that 

increase fecundity and those that reduce generation time.
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APPENDIX A: VERIFYING ETHANOL AS CLEANING AGENT 

Methods 

To verify that ethanol (EtOH) was effectively killing ΦX174, we added approximately 40 

mut321 virions to each of 16 wells of a flat-bottom 96-well plate. We added (without pipetting 

up and down) 100µL 100% EtOH to 3 of those wells for 1min, 100% EtOH to 3 other wells for 

5-6min, and 70% EtOH to 3 wells for 1-1.33min. (We also added just 100% EtOH to 9 wells as a 

control.) We then sampled each well at the appropriate time and plated with 3mL TA (42˚C) and 

200µL stationary-phase E. coli C. After incubating for approximately 4 hours, we tallied plaque 

counts on each plate. 

 

Results 

 We found that the 5-minute 100% EtOH treatment and the 1-minute 100% EtOH 

treatment significantly reduced the number PFUs in each sample, while the 1-minute 70% EtOH 

treatment did not (at α = 0.05) (Table A1). 

 We used the average count of samples in the treatment without EtOH to approximate the 

true mean count of phage particles in each sample. Then, we employed a one-sample t-test to 

evaluate whether each other treatment produced plaque counts significantly different from the 

true mean. 

Note that the “just-EtOH” control yielded zero PFUs on 9 plates. 

 

 

 

 



 61 

 

 
Average count 

(PFUs) 
(

! 

x ) 

Standard 
deviation (PFUs) 

(s) 

Test statistic 

(

! 

x " µ0
s / n

~ t[n"1]) p-value 

No EtOH added 
(n = 7) 41.51654 4.8546 – – 

70% EtOH, 
1 min (n = 3) 38.3333 6.0277 -0.8859549 0.2346 

100% EtOH, 
1 min (n = 3) 11 3.4641 -15.20828 0.002148 

100% EtOH, 
5 min (n = 3) 18.3333 1.5275 -26.17433 0.0007282 

Table A1: The efficacy of ethanol (EtOH) in destroying ΦX174 

 

Discussion 

Clearly, 100% EtOH has a strong negative effect on ΦX174, even on short time scales, 

whereas 70% EtOH is less effective, if at all. However, we reason from the 100% EtOH data that 

even 70% EtOH, on an appropriate time-scale, would have a strong negative effect on ΦX174, 

making it a potentially effective sterilization agent. 

Our findings motivated us to adopt a two-phase procedure for purging phage particles 

from pipettes. In the first phase, we sprayed down all pipettes with 70% EtOH and let them hang 

rightside-up for at least several minutes. This gave the pipettes a good amount of time to “soak” 

in the alcohol, especially the bottom nozzles of the pipettes, which are most likely to carry 

ΦX174 particles. In the second phase, we wiped the soaking pipettes clean with a paper towel, 

wiped them down again with a second paper towel wet with 70% EtOH, and finally dried them 

with a final paper towel or Kimwipe. We hope that the mechanical action of the second phase 

was especially effective at picking up and destroying trace ΦX174 particles.
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APPENDIX B: EFFICIENCY OF PLATING and a “POTENTIATION EFFECT” 

Efficiency of Plating 

Definitions 

 Ellis and Delbrück (1939) define an “infective center” as a locus in a solution of phages 

and hosts at which one or more phage particles exist. An infective center may be either an 

unbound phage particle or an infected cell. They go on to define  “efficiency of plating” (EOP) 

as “the fraction of infective centers which produces plaques.” In other words, the EOP of a phage 

genotype is the probability that a particle of that genotype will form a plaque on a bacterial lawn. 

(In the system Ellis and Delbrück (1939) studied, the coliphage T4, they estimated the EOP as 

approximately 0.4 on E. coli.) 

 It is important to distinguish a genotype’s EOP from what we have termed its “efficiency 

of infection” (EOI). Where EOP is the probability that an infective center will form a plaque on a 

lawn, EOI is the probability that a phage particle will be able to successfully infect and lyse a 

bacterial host in either a liquid culture or bacterial lawn. To put it another way, (1 – EOI) is 

equivalent to the proportion of infection-defective particles in the population. In most contexts, 

knowing a population’s EOP is more important than knowing its EOI, since, from the standpoint 

of the population, infection-defective particles are non-existent. We measure titers of phage 

lysates by the concentration of phage particles capable of infecting cells under given 

experimental conditions, not by the total concentration of particles. 

 Therefore, we have chosen to take EOI out of the picture and clarify Ellis and Delbrück’s 

(1939) definition, such that we treat EOP as “the fraction of [infection-competent] infective 

centers which produces plaques.” 
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Potential impact on statistical inference of life history parameters 

 An EOP < 1 could have a notable (but perhaps predictable) impact on our estimates of β, 

λ, and t0 from the single-phage assay, as well as the burst size regression parameters downstream 

of these estimates (α, µ, and σ). 

 Firstly, we would expect an EOP < 1 to depress our estimates of the Poisson parameter, 

β. For instance, at an EOP = 0.8, 1 in every 5 infection-competent particles would fail to form a 

plaque. Consequently, one in five wells containing a single particle would show zero plaques, 

more than one in five wells containing two particles would show one or zero plaques, and so on. 

These deviations from the true count of infective centers in a well would lower the β estimate 

generated by any Poisson parameter estimator, especially those that do not take into account 

sample times after the first observed lysis event. (See APPENDIX C for more details.) 

 We would also expect an EOP < 1 to depress our estimate of the lysis probability 

parameter, λ, because some late-sampled wells containing single particles that have not yet lysed 

their hosts would fail to form plaques. In counting these late samples as containing zero infective 

centers as opposed to 1 infective center, we would overestimate the rate of ascent in lysis 

probability after t0 (i.e. underestimate λ). 

 An EOP < 1 would also have both direct and indirect impacts on burst size parameter 

estimates. Directly, it would decrease observed plaque counts across the board, yielding lower 

estimates of α, µ, and σ. Indirectly, EOP-induced changes to estimates of β, λ, and t0 could have 

significant downstream effects on the estimation of burst size regression parameters. 

 Given EOP’s potential impact on life history parameter estimates from the single-phage 

assay, we decided to test our assumption that EOP = 1 by measuring EOP for one genotype. 
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Methods 

 We chose to measure the EOP of pos4B by adopting a method put forward by Ellis and 

Delbrück (1939). 

 We added an estimated 0.69 phage particles to 90µL starved cells in each of 96 wells 

held at 15˚C. (We aimed for an average dosage of 0.69 phage/well so that we could expect e-0.69 

(~0.5) of the wells to contain zero phage particles.) After 20min, we increased the temperature of 

the wells to 37˚C and sequentially added 100µL warm LB to each row of wells. We transferred 

the contents of half the wells to a well plate in an ice mold 5min after the addition of warm LB. 

We let the other 48 wells stand at 37˚C until 38min after the addition of LB, at which time we 

lowered their temperature to 3˚C. We expected at least 95% of phage particles in these wells to 

have lysed their hosts by 38min. Then, we plated all samples with 200µL cells and 3mL TA on 

agar plates, incubated overnight (i.e. for more than 10hrs), and counted plaques. 

 The idea behind this assay is that, if EOP < 1, we would expect to find significantly more 

zero-plaque plates in the 5-minute set of samples than in the 38-minute set of samples. We could 

use the counts of zero-plaque plates to estimate the mean number of phage added to each well in 

either half of the data. Then, we could divide the second-half mean by the first-half mean to get a 

rough estimate of EOP. 

 

Results and Discussion 

 We failed to reject the null hypothesis that EOP = 1 on the basis of our results (Table 

B1). We compared the frequencies of zeroes and non-zero plates in each half of the data using a 

chi-square contingency test with 1 degree of freedom and discovered a p-value of 0.7655 (test 

statistic = 0.08897). In fact, when we followed Ellis and Delbrück (1939) by approximating EOP 
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from the quotient of the Poisson parameter estimates from each half of the data, we got a value 

greater than one (1.09). 

Plaque count Frequency in 5-minute wells Frequency in 38-minute wells 
0 19 20 
1 23 7 
2 3 0 
3 2 0 

Burst 0 19 
Total 47 46 

Poisson parameter estimate 
(using frequency of zeroes) 0.906 0.833 

   Table B1: Plaque count frequencies in the EOP assay 

 Note, however, that the test was biased against rejecting the null, because, by the 38-

minute mark, an appreciable number of phage particles had yet to induce lysis in their hosts. If 

we had waited until 50min to sample the second half of wells, we may have seen all 7 of the one-

count plates and maybe some of the zero-count plates turn into plates showing bursts, moving the 

frequency of zeroes away from the null expectation. Still, by the outcome of this conservative 

test, it appears that our assumption that EOP = 1 was reasonable. 

 

“Potentiation Effect” 

Definition 

 While Ellis and Delbrück (1939) determined the EOP of bacteriophage T4 to be about 

0.4, they also learned that they could increase the EOP 1.6-fold by allowing phage “to stand 5 

minutes at 37˚C (or 20 minutes at 25˚C)” in a suspension of bacteria before plating. The 

probability of plaque formation increased when phage particles were given the opportunity to 

commence the infective process before plating. We called this increase in EOP a “potentiation 

effect,” because the treatment potentiates plaque formation. 
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 We were interested in the potentiation effect observed by Ellis and Delbrück because we 

observed a potentiation effect in our own data. Alongside each single-phage assay, we titered the 

experimental phage lysate (~30 particles/mL) by adding 1mL lysate directly to 200µL cells and 

3mL TA and plating on an agar plate. To our surprise, we found that this titer was often 

appreciably lower than 100x our estimate of the Poisson parameter (Figure B1). We sought to 

figure out whether this discrepancy was a consequence of a potentiation effect in the single-

phage assay. 

 

Methods 

ANALYZING SINGLE-PHAGE ASSAYS 

 Our first approach to answering the above question was to compare data garnered from 

our single-phage assays with the 1-mL titers performed the same day as each assay. While we 

experimented with four different estimators to determine the Poisson input parameter, we 

decided to use the average of the two values produced by the maximum-likelihood and least-

squares estimators, respectively, for our purposes here. We worked with these estimators because 

they, by virtue of using only the data preceding the first sample that shows a lysis event, would 

be most influenced by any inefficiency in plating in the single-phage assay (see APPENDIX C). 

Therefore, they would serve as the fairest point of comparison to the 1-mL titers performed 

alongside each assay. 

 For each of 29 assays, we calculated the ratio of 100x the assay’s Poisson parameter 

estimate to the average of three 1-mL titers done alongside the assay. Then, we found the mean 

value and standard deviation of this ratio across the 29 assays. We tested whether the mean ratio 

was significantly greater than 1 using a one-sample t-test (one-tailed, α = 0.05). 
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SIDE-BY-SIDE POTENTIATION ASSAY 

 Our second approach to looking for evidence of a potentiation effect was to compare the 

5-minute data from our initial EOP test (detailed earlier in this appendix) to 34 replicates of the 

same volume of the same phage lysate plated directly on bacterial lawns in the style of a standard 

titer.  We compared count frequencies between the 5-minute data and the titer-style replicates 

using a chi-square contingency test (at α = 0.05). Our null hypothesis was that the frequencies of 

counts would be the same in both sets of data. Our alternative hypothesis was that a potentiation 

effect would increase the EOP of phage particles in the 5-minute regime relative to the phage 

particles sampled in the titer-style replicates. 

 

Results 

ANALYZING SINGLE-PHAGE ASSAYS 

 In our analysis of the single-phage assay data and side-by-side titers, we found evidence 

of a potentiation effect (p-value << 0.05) (Table B2). 

Degrees of 
freedom 

Average ratio 
(

! 

x ) 
Standard 

deviation (s) 

Test statistic 

(

! 

x " µ0
s / n

~ t[n"1]) p-value 

28 1.615877 0.788369 4.20691 0.00012036 
Table B2: One-sample t-test (one-tailed). H0: The ratio of the average of maximum-likelihood 
and least-squares β estimates to standard titers is equal to 1. 

 

Curiously, the average ratio – which we may consider the factor by which EOP increases 

due to the single-phage assay treatment – is about 1.6, a value equal to that observed by Ellis in 

Delbrück (1939) in their comparison of two similar assays. 
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SIDE-BY-SIDE POTENTIATION ASSAY 

 In the side-by-side measurements of count frequencies, we failed to reject the null 

hypothesis that the count frequencies in both datasets were the same. A chi-square contingency 

test generated the test statistic 6.7903, which, at 4 degrees of freedom, produced a p-value of 

0.1474, which means the difference is insignificant at α = 0.05. Therefore, we failed to uncover a 

potentiation effect. 

Plaque count Frequency in 5-minute wells Frequency in titer-style rep’s 
0 19 20 
1 23 9 
2 3 4 
3 2 0 
4 0 1 

Total 47 34 
Poisson parameter estimate 

(using maximum-likelihood) 0.745 0.618 

Table B3: Plaque count frequencies in the side-by-side potentiation assay 

 

Conclusions 

 Our data were inconclusive on whether a potentiation effect was associated with our 

single-phage assay treatment of phages and bacteria. While analysis across assays appeared to 

demonstrate a pronounced difference between the relative plaque counts under single-phage 

assay conditions and standard-titer conditions, a head-on comparison failed to reject the null 

hypothesis that the counts were identical. In other words, where the former analysis seemed to 

uncover an EOP-effect related to potentiation, the latter did not. 

 Two factors may be largely responsible for our uncertainty on this issue. Firstly, the 

potentiation effect may differ between different genotypes. We would benefit from repeating the 

side-by-side potentiation assay for multiple genotypes. Secondly, both tests may have been 

confounded by day-to-day noise in bacterial physiology and plate incubation time, among other 
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variables. Again, increasing the number of trials and being more wary of incubating plates for 

the same duration could produce clearer results.
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APPENDIX C: POISSON PARAMETER ESTIMATION 

The Poisson assumption 

 As described in the MATERIALS and METHODS, we assumed the phages we assayed 

in the single-phage assay to be Poisson-distributed across wells of a 96-well plate with mean 

dosage β. The probability of distributing x phage particles into a given well is described by the 

equation: 

! 

P(X = x) =
"xe#"

x!
 

 Before estimating life history parameters, we had to estimate β for each run of the single-

phage assay. As mentioned earlier, this task was complicated by plates showing lysis events, 

because we could not directly ascertain how many phage particles were present to begin with in 

the sampled well. We considered a number of ways to calculate β, each of which is described 

below. 

 

β  estimators 

Maximum-likelihood estimator 

 The maximum-likelihood estimator is the most intuitive approach to estimating β. It 

involves simply finding the average number of PFUs observed in all the wells sampled before 

the earliest sample showing a lysis event. The mean value is taken as β. The method uses only 

pre-lysis wells to avoid having to infer the initial number of phage particles in wells showing 

lysis events. 

 

Least-squares estimator 
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 Like the maximum-likelihood estimator, the least-squares estimator uses only pre-lysis 

data to avoid the problem of plates showing lysis events. To estimate β using the least-squares 

approach, we created and implemented a function in Microsoft Excel that outputted the value of 

β (to the nearest hundredth) that minimized the squared difference between observed and 

expected plaque frequencies. We took this value to be our estimate. 

 

Zeroes estimator 

 Unlike the maximum-likelihood and least-squares estimators, the zeroes estimator was 

not limited to pre-burst time points. Instead, it estimated β as the opposite of the natural 

logarithm of the proportion of plates showing zero PFUs in the assay. 

 

Joyce estimator 

 Like the zeroes estimator, the Joyce estimator was not limited to pre-burst time points. 

Unlike the zeroes estimator, however, it used every piece of data generated from the assay. For a 

more detailed description of how the Joyce estimator works, see MATERIALS and METHODS. 

 

Comparing β estimators 

Simulation results 

 To decide which estimator to use initially, we simulated 10 datasets under our model with 

reasonable lysis probability and burst size parameters. For each dataset, we estimated β and both 

the bias and mean squared error (MSE) associated with the estimate. We found that the zeroes 

estimator was significantly less biased than the others and the Joyce estimator had a significantly 

lower mean MSE than the other three estimators. (Significant differences were assessed with a 
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two-tailed Welch’s t-test, H0: µ1=µ2.) However, the Joyce estimator was also most biased (Table 

C1, C2, C3). 

 In deciding which estimator to use, we had to ask ourselves which we valued more: low 

MSE or low bias? We determined that, for the purposes of this study, low MSE was a more 

important criterion for an estimator. We figured that bias in our β estimates – as long as the bias 

was in the same direction and of roughly the same magnitude each time – would do less to 

corrupt our comparisons than would imprecision in our estimates. Therefore, we chose to use the 

Joyce estimator. 

Rank Bias MSE 
1 Zeroes Joyce 
2 Least-squaresa Zeroes 
3 Maximum-likelihooda Maximum-likelihood 
4 Joyce Least-squares 

Table C1: Rank-ordering of bias and MSE in β estimators. Rank 1 means lowest bias or MSE. 
aComparison of mean bias of these estimators showed no significant difference. 

 

p 1.263 x 10-11 
t -16.1826 Zeroes 

df 16.674 
p 9.29 x 10-6 0.003549 
t -6.7673 3.4904 Least-squares 

df 12.079 14.157 
p 1.886 x 10-5 3.245 x 10-5 0.2404b 

t -6.401 5.6901 1.216 Maximum-likelihood 
df 13.611 16.132 17.171 

ESTIMATOR  Joyce Zeroes Least-squares 
Table C2: Two-tailed Welch’s t-test comparing mean bias between β estimators. All biases were 
significantly different except for one (b). Significance assessed at Bonferroni-corrected levels 
(0.05/10 = 0.005). t is the test statistic. df is degrees of freedom. p is the p-value. 
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p 0.004006 
t -3.3511 Zeroes 

df 16.18 
p 4.215 x 10-8 1.643 x 10-7 
t -12.2083 -9.3499 Least-squares 

df 11.937 14.449 
p 3.243 x 10-7 0.0001288 5.512 x 10-5 
t -8.6052 -4.866 5.4928 Maximum-likelihood 

df 15.134 17.757 15.494 
ESTIMATOR  Joyce Zeroes Least-squares 

Table C3: Two-tailed Welch’s t-test comparing mean MSE between β estimators. All biases 
were significantly different. Significance assessed at Bonferroni-corrected levels (0.05/10 = 
0.005). t is the test statistic. df is degrees of freedom. p is the p-value. 
 

Observed results 

 Though we chose the Joyce estimator as our primary β estimator, we also calculated the β 

estimates by the other methods for each run of the single-phage assay. Our results were 

surprising. We observed a great deal of variation among our estimated number of phage added to 

each well, especially between the set of estimators that takes into account the full range of 

sampling times (Joyce and zeroes) and the set that just takes into account sample times before the 

first observed lysis event (least-squares and maximum-likelihood) (Figure B1). To test for how 

statistically significant these differences were, we ranked the β estimates by magnitude for each 

assay. We then performed several chi-square contingency tests, evaluating the null hypothesis 

that the ranks of magnitudes of estimates are evenly distributed across the estimators. For 

example, the null claims that the Joyce estimator will produce the highest β estimate as 

frequently as it produces the lowest β estimate and as frequently as does the maximum-

likelihood estimator. We identified significant differences between but not within the full-data 

and pre-lysis pairs of estimators (Table C4 and C5). 
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p 0.466238 
TS 2.550476 Zeroes 

(full-data) df 3 
p 0.000284* 3.41 x 10-5* 
TS 18.92038 23.35495 Least-squares 

(pre-lysis data) df 3 3 
p 0.001261* 0.00015* 0.32132 
TS 15.77577 20.25533 3.495726 Maximum-likelihood 

(pre-lysis data) 
df 3 3 3 

ESTIMATOR  Joyce (full) Zeroes 
(full) 

Least-squares 
(pre-lysis) 

Table C4: Chi-square contingency test results for comparing β estimates for single-phage 
assays. Significance was evaluated at a Bonferroni-corrected level (0.05/6 = 0.00833). * 
indicates a significant difference. 
 

Test statistic (TS) Degrees of freedom (df) p-value 
37.6 3 3.43 x 10-8 

Table C5: Chi-square contingency test results for comparing averaged pre-lysis β estimates with 
averaged full-data β estimates. Significant at α = 0.05. 
 

 We then began to speculate as to what underlies this difference. We hypothesized that the 

cause was efficiency of plating (EOP) (see APPENDIX B), which may have been reduced in 

runs where incubation time was not long enough to allow for all potentially visible plaques to 

form. (In other words, if we had allowed plates to incubate overnight instead of for just 4 or 5 

hours, we may have seen more countable plaques develop. The discrepancy between the 

overnight and 4-5-hr counts is what I am describing when I refer to EOP here.) As described in 

APPENDIX B (“Potential impact…”), an EOP < 1 would artificially depress all β estimates by 

converting true 1’s to 0’s and true 2’s to 1’s. Notably, however, unless EOP <<< 1, our ability to 

see lysis events would be relatively unaffected by a low EOP. Therefore, EOP < 1 would more 

seriously impair the pre-lysis-data estimators, since the pre-lysis data is more skewed by EOP < 

1 than the post-lysis data. 
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To test this hypothesis against the null – H0: incubation-dependent EOP did not 

correlated with the divergence between pre-lysis-data and full-data β estimates – we plotted a 

metric for the divergence between pre-lysis-data and full-data estimators against a metric for 

EOP and looked for meaningful correlations. The metric we implemented to see differences 

between pre-lysis-data and full-data estimators was the ratio of the average of the pair of full-

data β estimates (Joyce and zeroes) to the average of the pair of pre-lysis-data β estimates (least-

squares and maximum-likelihood). We called this ratio RB. The metric we used for EOP was the 

ratio of the proportion of wells showing zero plaques in the pre-lysis data to the proportion of 

wells showing zero plaques in the post-lysis data. We called this ratio REOP. When EOP < 1, we 

expected REOP to assume a value greater than 1. Therefore, under the alternative hypothesis, we 

expected the magnitude of RB to increase as REOP increased. Under the null hypothesis, we 

expected there to be no such correlation. 

We found that REOP and RB were significantly correlated (ρ estimated at 0.9017, p-value 

= 2.476 x 10-7, S = 442) (Figure C1). We used the Spearman method – in R, “cor.test(x, y, 

method = “spearman”)” – for testing correlation coefficients, because it does not make 

assumptions about the distribution underlying the data (Adler 2010). While we cannot tell 

whether REOP is the variable actually causing the changes in RB, the correlation suggests that the 

factors are related in a meaningful way. 

Of course, we must contend with the possibility that the observed correlation is an artifact 

of data classification. We derived our estimate of ρ from the entire set of assays without paying 

heed to correlation within individual genotypes. While it would not be meaningful to calculate 

correlation coefficients for single genotypes – there are simply not enough data for each 

genotype – we can qualitatively see in Figure C1 that each genotype appears to adhere to the  
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Figure C

1: Plotting R
EO

P  and R
B  in search of a potential correlation betw

een incubation-induced EO
P and disparity in pre-lysis-

data and full-data β estim
ates. W

e found a significant tight and positive correlation betw
een the variables ((ρ estim

ated at 0.9017).  
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upward trend suggested by our ρ estimate. With the data we have, we could hardly be more 

certain that the trend applies to all genotypes. 

 

Conclusions 

 In conclusion, our results suggest that incubation-dependent changes in EOP may explain 

much of the discrepancy we see between pre-lysis-data and full-data β estimates. This finding 

reinforces our earlier conclusion, based on the Poisson parameter simulations, that the Joyce 

estimator is the best for our purposes. Not only does this estimator minimize MSE, but it also 

appears to partially elude the downward tug of incubation-dependent EOP that likely afflicts 

other estimators. By the same token, the zeroes estimator would also be a good choice, since it, 

too, avoids the EOP problem, has a fairly low MSE, and is actually significantly less biased than 

the Joyce estimator. 

 In future implementations of the single-phage assay, the incubation time should be 

consistently extended so as to avoid any EOP-related problems in parameter estimation. 

 
 


