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The Genetics of Life History Traits in the Fungus Neurospora crassa  

Abstract 

 The study of life histories is fundamental to understanding why some organisms live for a 

very short time while others live for a long time, why some produce thousands of offspring while 

others produce one, or why some need a mate to reproduce while others can do it on their own. 

The life histories of many animals and plants are well known because we can easily walk into a 

forest or field and measure them. Fungi, on the other hand, are hard to find and see even though 

they occur most everywhere in great numbers. In the three chapters of this dissertation, I uncover 

key aspects of the life history of the genetic model Neurospora crassa, a filamentous fungus.  

 First, I present a novel algorithm for the design of crossing experiments, which test the 

reproductive abilities of individuals. The algorithm identifies a set of individuals (a “crossing-

set”) from a larger pool of potential crossing-sets by maximizing the diversity of traits of interest, 

for example, maximizing the range of genetic and geographic distances between individuals 

included in the crossing-set.  

 Second, I use the algorithm to select strains for a mating experiment designed to test for 

maternal effects—the impact of the mother’s phenotype on the offspring’s phenotype—across 

sexual reproduction in N. crassa. I measured offspring phenotypes from crosses of all possible 

pairs of 22 wild-isolated strains. Crosses encompassed reciprocals of 11 mating-type “A” and 11 

mating-type “a” strains. After controlling for the genetic and geographic distances between 

strains in any individual cross, I found strong evidence for maternal control of perithecia 

(sporocarp) production, as well as maternal effects on spore numbers and spore germination. 
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However, both parents exert equal influence on the percentage of spores that are pigmented, and 

size of pigmented spores. This experiment is proof of maternal effects in a fungus, an 

unprecedented discovery. 

 Third, I compared the sexual spore viability data from the maternal effects experiment to 

asexual spore viability data I gathered for the same strains. I found a striking trade-off between 

the viabilities of sexual and asexual spores. I used genome-wide polymorphism data to determine 

the genetic basis of this trade-off and identified 36 single nucleotide polymorphisms (SNPs) 

significantly associated with both traits. All 36 of the identified SNPs exhibit antagonistic 

pleiotropy—they have opposing effects on asexual and sexual spore viability. Some of these 

SNPs occur in well-characterized genes involved in sexual reproduction, asexual reproduction, 

or both. Using the entire dataset of over 50,000 genome-wide SNPs, I show a negative 

correlation between effects SNPs on sexual and asexual viability across the entire N. crassa 

genome. These results suggest that a life history trade-off between asexual and sexual spore 

viabilities drives a large portion of the genetic variation in the N. crassa genome. 
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CHAPTER 1  

Selection of Pairings Reaching Evenly Across the Data (SPREAD): A simple algorithm to 

design maximally informative fully crossed mating experiments 

ABSTRACT 

 We present a novel algorithm for the design of crossing experiments. The algorithm 

identifies a set of individuals (a “crossing-set”) from a larger pool of potential crossing-sets by 

maximizing the diversity of traits of interest, for example, maximizing the range of genetic and 

geographic distances between individuals included in the crossing-set. To calculate diversity, we 

use the mean nearest neighbor distance of crosses plotted in trait space. We implement our 

algorithm on a real dataset of Neurospora crassa strains, using the genetic and geographic 

distances between potential crosses as a two-dimensional trait space. In simulated mating 

experiments, crossing-sets selected by our algorithm provide better estimates of underlying 

parameter values than randomly chosen crossing-sets.* 

  

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
* This chapter published as:  
 
Zimmerman, K., Levitis, D., Addicott, E., & Pringle, A. (2015). Selection of pairings reaching evenly 
across the data (SPREAD): A simple algorithm to design maximally informative fully crossed mating 
experiments. Heredity, 1–8. http://doi.org/10.1038/hdy.2015.88 
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INTRODUCTION 

 Researchers planning mating experiments are faced with a critical design choice—

deciding how many pairs and which pairs of individuals to mate. The number of crosses in a 

mating experiment can influence statistical estimates of genetic effects and combining abilities 

(Jui & Lefkovitch, 1992). The selection of pairs to use in a mating experiment also affects the 

outcome of the experiment. For example, if the goal of a mating experiment is to understand the 

genetic basis of a trait, as in quantitative trait locus (QTL) analysis, then parents should carefully 

be chosen to maximize genetic diversity among offspring and increase the likelihood of detecting 

QTLs (Crepieux, Lebreton, Servin, & Charmet, 2004). The increasing accessibility of population 

genetic and genomic datasets offer genetic data on more individuals than can reasonably be used 

in most experiments (Cushman, 2014). This poses a methodological problem: how to choose a 

subsample of mating pairs that best reflects the range of cross characteristics (in two or more 

dimensions of genetic, geographic, or ecological space) of the complete set of all available pairs.  

 One solution is to select a subsample that recapitulates characteristics of the larger set and 

preserves underlying relationships between the variables used to define a trait space. The 

representative subsample might mimic the broad distribution of crosses in the larger set, in other 

words, it attempts to maintain the shape, clumps, etc. of the larger set. Other subsampling 

methods include choosing samples by eye or randomly, but these methods may truncate the trait 

space by omitting outliers or disproportionately drawing from the dense center of a distribution. 

Omissions in sampling may hinder a complete understanding of how response variables, for 

example reproduction, vary across the trait space of all possible crosses. Furthermore, predicting 

response variables outside the range of explanatory variables used in an experiment involves 
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extreme value methods, which can increase the error associated with predictions, unless limiting 

assumptions are made (Pauli & Coles, 2001). 

 In breeding and mating studies, fully crossed matings between all possible pairs are 

desirable to determine combining ability and genetic and maternal effects (Griffing, 1956); (Zhu 

& Weir, 1996). But a directed subsampling of all potential crosses to achieve some other aim, for 

example to maximize genetic diversity within the experiment, may result in a set of target 

individuals that cannot be fully crossed. A method is required to subsample and design matings 

to satisfy both aims, for example to maximize genetic diversity and to fully cross all included 

individuals. 

 Algorithms for maximizing combinatorial diversity have been extensively developed in 

the context of generating diverse molecular libraries for drug screening (Martin & Critchlow, 

1999). In these algorithms the metric of diversity is based on “redundancy” and “coverage” 

(Martin & Critchlow, 1999). Redundancy is the overlapping or clumping of points in space, 

while coverage is the spread of points across the space. An ideal diversity metric would 

minimize redundancy while maximizing coverage. The algorithms used in chemical 

combinatorial analysis focus on maximizing the diversity of a subset of molecules from a larger 

set by step-wise analysis of differences between additional compounds added to a set (Holliday, 

Ranade, & Willett, 1995). These algorithms cannot be directly applied to our problem because 

they do not require selection of fully crossed sets.  However, we use their definitions of ideal set 

diversity to derive our own measure of diversity that can be applied to fully crossed sets. 

 Calculating the mean of the nearest neighbor distances (NND) of points representing a 

full factorial set of crosses plotted based on their underlying parameters (e.g., genetic, 

geographic or ecological distance) will give a measure of the evenness or “non-redundancy” of 
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the points. The mean NND is often used to determine if a particular set of plotted points is 

randomly distributed or not (Clark & Evans, 1954). A set of plotted points that are clumped will 

result in a smaller value of the mean NND than a sample with the same number of more evenly 

and broadly distributed points. The maximum mean NND (MMNND) will occur when points are 

spread as evenly as possible and the “coverage” of space is maximal (X. Wang & Cumming, 

2011). Thus, identifying a set of crosses with the MMNND from a large random sample of many 

potential sets of crosses (“crossing-sets”) will return a crossing-set that is both broad and even 

with respect to underlying trait values as compared to a randomly sampled crossing-set. 

 We introduce a simple algorithmic sampling method for choosing crossing-sets; we name 

the algorithm SPREAD (Selection of Pairings Reaching Evenly Across the Data). SPREAD is 

based on selecting the single crossing-set with the MMNND from among a large random sample 

of potential crossing-sets plotted on two-dimensional trait space. We use our algorithm to select 

a crossing-set from a genotyped collection of geographically widespread wild strains of the 

filamentous fungus, Neurospora crassa. Strains of this fungus have one of two mating types, 

denoted mat-A or mat-a.  The two parents in a cross must have different mating types to mate.  

Recently, 24 strains of each mating type were genotyped using RNAseq (Ellison et al., 2011). 

The genotyped strains were collected from diverse locations, allowing us to assign both genetic 

(the number of different SNPs) and geographic (the distance between collection sites) distance 

values to each of the 576 potential crosses. Using this dataset as our example, we implemented 

the SPREAD algorithm and tested its effectiveness when the true MMNND is not easily 

calculable. Finally, we compare the ability of SPREAD selected and randomly sampled crossing-

sets to estimate known parameter values that relate genetic and geographic distances to 

reproductive output for the entire set of all potential crosses. 
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METHODS 

 General Description of the SPREAD Algorithm: Define  X  and  Y  as the set of 

available strains or individuals of each mating type or sex ('type') x and y respectively, and 

sx × sy  as the feasible number of crosses that can be completed in an experiment. The variables 

sx  and sy  are the number of strains selected for the experiment and are less than  X  and  Y  

respectively. Draw a large number, h, of random samples containing sx  and sy  strains of each 

type from all possible sets of strains 
 

X
sx

⎛

⎝
⎜

⎞

⎠
⎟  and 

 

Y
sy

⎛

⎝
⎜

⎞

⎠
⎟ . For each of the h samples, plot crosses 

based on values associated with the crosses (for example number of differing SNPs vs. 

geographic distance), and then calculate the mean of the NNDs of all plotted crosses. Generate a 

list of h mean NNDs. Finally, use the maximum value from the list because it corresponds to the 

set of sx × sy  strains that most broadly and evenly represents the parameter of interest. A formal 

mathematical description of this algorithm is presented in the appendix (Appendix 1.1). 

A worked example using SPREAD: We used a previously published population 

genomics dataset consisting of single nucleotide polymorphisms (SNPs) from transcriptomes of 

geographically diverse wild isolates of the fungus N. crassa to test our method (Ellison et al., 

2011). We started with the set of all pairwise combinations of strains and then filtered to include 

only mating type compatible pairs. We calculated genetic distances between compatible pairs by 

counting the number of different SNPs between each pair and calculated geographic distances 

using the great-circle distance between strain locales. The genetic and geographic distance values 

for each pair were used to map all the crosses on genetic and geographic distance axes. This is 

the “original distribution” of crosses.  
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We randomly sampled h = 1000 lists of sA = sa = 12 strains of each mating type from the 

set of all 
 

A
sa

⎛

⎝
⎜

⎞

⎠
⎟   and 

 

a
sa

⎛

⎝
⎜

⎞

⎠
⎟  strains without replacement, where  A  and  a  are the sets of 

strains available for each mating type (analogous to  X  and  Y in the general description); in this 

case  A  =  a  = 24. We computed all possible pairwise mating combinations for each of the 

1000 random samples of sA = sa = 12 strain lists, resulting in 1000 crossing-sets each containing 

144 crosses. We then plotted each crossing-set on geographic vs. genetic distance space and 

computed the mean nearest neighbor distances using Euclidean distance calculations. The 

crossing-set with the MMNND of all 1000 crossing-sets was selected. In this worked example, 

selecting from a random sample of 1000 crossing sets—and not selecting from all possible 

crossing sets—is necessary because the total number of possible crossing sets in this case is 

!
24
12

⎛

⎝⎜
⎞

⎠⎟

2

=7.31×1012 . Computing nearest neighbor distances for all possible crossing-sets is 

computationally prohibitive and, as shown below, unnecessary. 

We implemented our algorithm and additional analyses in the R programming language 

(R Core Team, 2014). R code for the implementation of the SPREAD algorithm on crossing-sets 

with two traits and two sexes is available online at 

http://dx.doi.org/10.6084/m9.figshare.1180165. The following R packages were used in this 

analysis: plyr (Wickham, 2011), reshape2 (Wickham, 2007), ggplot2 (Wickham, 2009), spatstat 

(Baddeley & Turner, 2005), foreach (Weston & Analytics, 2014), and glmmADMB (Fournier et 

al., 2012; Skaug, Fournier, Nielsen, Magnusson, & Bolker, 2013). 

Evaluating SPREAD’s approximation of the true MMNND: The true MMNND can 

only be determined if all possible crossing-sets for a given sA  and sa  are evaluated. Therefore, 
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calculating the true MMNND may not be possible, even with high performance computing 

resources. For example, if  M = 300 and F = 300 and a crossing-set is desired with 20 individuals 

of each type, then the total number of possible crossing-sets would be 300
20

⎛
⎝⎜

⎞
⎠⎟

2

= 5.6 ×1061 .  

Using a random sample of all available crossing-sets to estimate the MMNND is more practical, 

especially if the estimated MMNND approximates the true MMNND. 

We implemented the algorithm as described above for the N. crassa dataset, except we 

varied crossing-set size by implementing SPREAD for sA= sa = 2, 3, 4, …, 22. To simplify the 

process, we used crossing-sets where sA = sa , but this is not a requirement of the SPREAD 

algorithm. We used five different h values (1, 10, 100, 1000, and 10000) to compare the effects 

of h size on the MMNND values returned from SPREAD. We included an h value of 1 to 

simulate the distribution of MNND values of SRS-generated crossing-sets.  We repeated this 

process 1000 times to obtain bootstrapped distributions of MMNND values for the different 

crossing-set sizes and h values. 

Comparing model fits of SPREAD- and SRS-generated crossing-sets: Using 

SPREAD to design fully crossed mating experiments may be more effective than selecting 

crossing-sets at random because broad and even sampling will provide greater statistical power 

to understand how dependent variables vary based on cross characteristics (e.g., how 

reproductive success depends on the genetic or geographic distances between parents). To 

evaluate this hypothesis empirically, we created a simulated dataset of cross outcomes (i.e. 

reproduction) and modeled relationships between reproduction and the characteristics of crosses 

in crossing-sets generated from SPREAD versus those generated by simple random sampling.  
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Simulated experimental data take the form of total ascospore counts (the sexually produced 

spores of the fungus). 

First, we generated simulated data for all possible crosses of the entire crossing-set of 24 

mat-A ×  24 mat-a strains, using a generalized linear model (GLM) fitted to unpublished 

empirical data from a diallel cross of 11 mat-a and 10 mat-A N. crassa strains. This model was 

evaluated using the glmmADMB package (Fournier et al., 2012; Skaug et al., 2013) as Total 

Ascospore Count = Genetic Distance + Geographic Distance + (Genetic Distance)2 + 

(Geographic Distance)2 + Genetic Distance : Geographic Distance. The response variable of 

Total Ascospore Count was modeled with a negative binomial distribution using a log link 

function. Genetic and geographic distance values were mean-centered to prevent autocorrelation 

between linear and quadratic parameters. We did not include all possible interaction terms 

because we wanted to restrict the model to only linear and quadratic terms. Our choice is based 

on the biological hypothesis that there is a single optimum of reproductive output, intermediate 

between inbreeding and outbreeding depression (Lynch, 1991).  

Second, we simulated four experimental replicates for each possible cross by drawing 

from a negative binomial distribution with a mean derived from the predicted experimental 

values and the negative binomial dispersion parameter derived from the empirical data model 

(Appendix 1.2). The model parameter values of the entire crossing population were determined 

by evaluating the model described above with the complete simulated data set of all crosses. The 

model parameter values from the entire population model will be referred to as “population” 

parameter values, while parameter values generated from sub-sampled crossing-set models will 

be referred to as “sample” parameter values.  
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  Using the complete set of simulated experimental data we computed data sets for 1000 

different crossing-sets generated with either SPREAD or SRS. The algorithm parameter values 

for the SPREAD-generated crossing-sets were sA= sa = 12 and h = 1000. We chose sA = sa = 12 

to test the edge case of a maximally complex sample space (the largest number of possible 

crossing-set permutations occurs when sA= sa = 12). Crossing-sets chosen by SRS were of the 

same size. Model fits were computed for each crossing-set using the model described above. 

Parameter values and standard errors of the parameter values were recorded for each of the 1000 

SPREAD- or SRS-generated crossing-sets. 

We compared the bias, precision, and accuracy of sample parameter values from model 

fits of crossing-sets generated with SPREAD or SRS. To compute bias we calculated the 

difference between the mean of sample parameter values from the 1000 model fits and the 

population parameter values. To assess precision, we computed the variance of sample parameter 

values from the 1000 model fits. To assess accuracy, we calculated mean squared error (MSE) of 

sample parameter values as 1
n

θ̂i −θ( )2
i=1

n

∑ , where n = 1000, θ̂i  = the sample parameter value of 

simulation i, and θ  = the population parameter value. We recorded the MNND values of all 

SPREAD- and SRS-generated crossing-sets used in this comparison to determine the relationship 

between MNND of crossing-sets and the ability of those crossing-sets to estimate population 

parameter values. 
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RESULTS 

The worked example: We used SPREAD on the N. crassa dataset described above to 

select a crossing-set with 12 mat-A and 12 mat-a strains. A graphical assessment of the chosen 

crossing-set plotted on geographic and genetic distance axes shows that our method produces a 

crossing-set that broadly and evenly represents all potential crosses (Fig 1.1).  
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Figure 1.1 
Example implementation of SPREAD. Panel A shows all possible crosses between 24 mat-A and 
24 mat-a N. crassa strains plotted based on genetic and geographic distance between the parents 
in a cross; panel B shows the set of 12 mat-A × 12 mat-a N. crassa strains returned from an 
example run of the SPREAD algorithm (with h = 1000). The SPREAD selected set can vary 
between runs of the algorithm. Crosses are plotted as semitransparent dots and darker colors 
mark overlapping crosses.  
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Implementing SPREAD without knowing the true MMNND: While the goal of 

SPREAD is to find a crossing set with a high MNND value, finding the true maximum MNND is 

not necessary for most experimental purposes. Rather, the number of randomly selected potential 

crossing sets considered (h) should balance the desirability of finding a set with a high MNND 

with computational convenience.  Plotting distributions of MMNND values for the five h values 

shows that h values beyond 1000 deliver sharply diminishing marginal returns for all crossing-

sets with more than 16 crosses (Fig 1.2). As crossing-set size increases, MMNND values 

decrease because with more crosses the average distance between crosses decreases. 

Furthermore, the range of the MMNND estimates decreases as h increases, mainly driven by an 

increase of the lower bound while the upper bound remains relatively unchanged. 
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Figure 1.2  
Effect of crossing-set size and h value (the number of random crossing-sets from which the 
crossing-set is selected) on distributions of MMNND values of selected crossing-sets. Each facet 
is labeled with the size of the crossing-set. Violin plots show the entire distributions of MMNND 
values. Points and lines show how the mean of the distributions changes with increasing h 
values.   
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Comparing SPREAD to SRS. We tested the ability of SPREAD to generate crossing 

sets that will more accurately predict the parameter values one might find if all potential matings 

of an available breeding population were used in an experiment. Repeated simulations yielded 

distributions of parameter estimates for each model parameter using each method (SPREAD or 

SRS) (Fig 1.3). For both SPREAD and SRS, the peaks of these distributions of estimates do not 

perfectly align with the underlying population parameter values (Figure 1.3A). For three of the 

six model parameters, the mean parameter value from SPREAD-generated crossing-sets is less 

biased than the mean parameter value from SRS-generated crossing sets (Table 1.1). However, 

the distributions of all six sample parameter values from SPREAD-generated crossing-sets have 

smaller variances and mean squared errors than those from SRS-generated crossing-sets (Table 

1.1). The standard errors of parameter values from SPREAD-based models are small compared 

to those from SRS based models (Fig 1.3B and Table 1.2), increasing the probability of closely 

approximating the population parameter values.  
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Figure 1.3 
Comparisons of sample parameter values and standard errors for 1000 crossing-sets generated 
either with SPREAD or SRS. The SPREAD specifications used are  = = 12 and h = 1000. 
Panel A: Violin plots showing the distribution of sample parameter values for each parameter in 
the model. Horizontal lines indicate the population parameter values of the entire simulated 
  A = a = 24  dataset. Panel B: Violin plots showing the distributions of standard errors of 
parameter values for each parameter in the model.  
 

sA sa
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Table 1.1 
Comparison of bias, variance, and mean squared error of sample parameter values from model 
fits of crossing-sets generated with SPREAD or SRS. Lesser values (SPREAD vs. SRS) are 
shown in bold. “Dist.” is the abbreviation for “Distance”. 

 Bias  Variance  Mean Squared Error 

Model 

Parameter  

SPREAD SRS  SPREAD SRS  SPREAD SRS 

Intercept 2.891E-02 6.454E-03  4.110E-03 6.889E-03  4.942E-03 6.924E-03 

Genetic Dist. 3.374E-02 -2.646E-02  3.356E-03 7.176E-03  4.491E-03 7.869E-03 

Geographic 

Dist. 

-1.140E-02 -1.270E-02  4.833E-03 8.842E-03  4.958E-03 8.995E-03 

(Genetic Dist.)2 -1.561E-02 -3.385E-02  2.022E-03 4.558E-03  2.263E-03 5.700E-03 

(Geographic 

Dist.)2 

-1.170E-02 -1.770E-02  3.758E-04 1.973E-02  5.122E-04 2.003E-02 

Geographic:Gen

etic Dist. 

7.791E-03 3.189E-02  4.226E-03 1.740E-02  4.283E-03 1.840E-02 

 

Table 1.2  
Summary statistics for the distribution of standard errors from 1000 model fits using either 
SPREAD- or SRS-generated crossing-sets. “Dist.” is the abbreviation for “Distance”. 

 
Mean of Std. Errors  Variance of Std. Errors 

Model Parameter SPREAD SRS  SPREAD SRS 
Intercept 0.0768 0.0944  1.60E-05 1.72E-04 
Genetic Distance 0.0735 0.0904  3.59E-05 1.94E-04 
Geographic Distance 0.0919 0.1093  1.66E-05 1.60E-03 
(Genetic Distance)2 0.0547 0.0709  1.48E-05 1.85E-04 
(Geographic Distance)2 0.0280 0.1079  1.79E-06 1.19E-02 
Genetic Dist.:Geographic Dist. 0.0867 0.1466  2.16E-05 2.87E-03 
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MNND vs. parameter estimates: Broadly and evenly distributed explanatory variables 

increase the accuracy and precision of predictions based on those variables. The MNND is a 

measure of the broadness and evenness of points in space, and so it should be negatively 

correlated with measures of inaccuracy or error. Indeed, we found strong negative relationships 

between the MNND of crossing-sets and both the deviation from population parameter values 

(Fig 1.4A) and the standard errors of sample parameters (Fig 1.4B). Within SRS-generated 

crossing-sets, those sets with higher MNND values also recapitulated the population parameter 

values better than crossing-sets with lower MNND values. 
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Figure 1.4 
Relationship between measures of lack of model fit and the MNND of those crossing-sets for 
both SRS (light gray dots and dashed lines) and SPREAD-generated (dark gray dots and solid 
lines) crossing-sets. Trend lines were calculated using a generalized linear model with a 
Gaussian response distribution and a log link function. Significance of the line slope is shown 
below each line: *** p ≤ .0001, ** p ≤ .001, * p ≤  .01, NS p > .05.  Panel A: The absolute value 
of the difference between population parameter values and sample parameter values of SRS- and 
SPREAD-generated crossing-sets for all six model parameters. Panel B: The standard errors of 
SRS- and SPREAD-generated crossing-sets for all six model parameters. 
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DISCUSSION 

 SPREAD is an easily implemented algorithm designed to identify maximally 

informative, full factorial crossing-sets for use in mating experiments. SPREAD increases the 

diversity inherent in a crossing-set, for example, the genetic and geographic distances among 

crosses compared to a randomly sampled crossing-set. SPREAD requires two input parameters 

chosen by the user: the dimensions, sx × sy , of the desired crossing-set and the number of 

randomly generated crossing-sets, h, from which the crossing-set with the MMNND is selected. 

The code for SPREAD was designed for two dimensional trait data. If potential crosses are 

characterized by more than two target traits, and the traits are not completely independent, 

principal components analysis (PCA) can be used before implementing SPREAD as is to 

determine which two traits explain most of the trait variance (King & Jackson, 1999). 

Alternatively, the SPREAD code could be modified to calculate nearest neighbor distances in 

multi-dimensional space.  

In our worked example, we successfully used SPREAD to select a crossing-set of 12 mat-

A ×  12 mat-a N. crassa strains. When these crosses are plotted in genetic vs. geographic 

distance space, it is evident that the selected set fulfills the desired criteria of evenly and 

completely covering the range of the larger set (Fig 1.1). Using the MMNND as the diversity 

metric favors crosses that are at the extremes of the trait-space. The inclusion of crosses with 

extreme trait distances in an original population should be carefully considered because these 

crosses will often be selected by SPREAD.  

 Calculating the true MMNND by computing MNND values for every possible subset of 

a sampled population may not be possible. Instead, our algorithm generates a large number (h) of 

random crossing-sets and chooses the set with the MMNND from those h crossing-sets. 
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Choosing an appropriate h value is an important consideration when implementing the algorithm 

because too small an h value may reduce the probability of selecting a crossing-set with an 

MNND value close to the maximum value while too large an h value would unnecessarily 

increase computation time.  

Our results show that the range of the distribution of MMNND values decreases as h 

value increases, mainly driven by an increase in the minimum MMNND value. Increasing the h 

value used in the algorithm increases the probability of obtaining an MMNND value close to the 

true MMNND value. However, the probability that an additional sample will yield a value higher 

than all samples already considered decreases as the number of samples already considered goes 

up. In terms of the number of random samples already sampled (h), this probability can be 

calculated as . For example, in our test, we used h values of 10, 100, 1000, and 10000. 

The probability of choosing an additional sample with a MNND value outside the range of the 

samples already taken would be 0.19, 0.0199, 0.001998, and 0.00019998, respectively. 

Increasing the h value above 1000 will result in a greater MMNND only 0.2% of the time. Based 

on this reasoning and our analyses of different h values, using an h-value of 1000 should be 

sufficient for most experiments with modest population sizes. 

In experiments with a large breeding stock and small desired experimental mating 

population, there may be large variation in MNND values among crossing sets. Such large 

variation may offset the ability of even large h values to return a crossing-set that is substantially 

different from a randomly sampled crossing-set. In these cases, SPREAD could be modified to 

include a simulated annealing function that searches the space of a very large number of 

potential crossing-sets for a crossing-set that converges on a peak MNND value. One example of 

a simulated annealing algorithm that could be adapted for this purpose is SAGE (Simulated 

1− h −1
h +1

⎛
⎝⎜

⎞
⎠⎟
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Annealing Guided Evaluation), developed to design combinatorial drug libraries (Zheng, Cho, 

Waller, & Tropsha, 1999).  

We hypothesized that maximizing the diversity inherent in a crossing-set would increase 

the predictive ability of models relating outcomes to characteristics of crosses. When we 

compared model fits from crossing-sets generated by SPREAD to model fits from crossing-sets 

generated by SRS, we found that the model parameter values from SPREAD-generated crossing-

sets were more precise (smaller variance) and accurate (smaller MSE) estimators of the 

population parameter values (Table 1.1 and Fig 1.3).  

There was no clear distinction between the bias of parameter values from SPREAD- or 

SRS-generated crossing sets. Both methods resulted in sample parameter values that were not 

equal to the true parameter values, and both methods produced the same number of more or less 

biased parameter values (Table 1.1). Because both methods are equally biased, the source of the 

bias is probably systemic. The population parameter values are from a model calculated using 

the entire set of 24 mat-A  24 mat-a crosses while the sample parameter values are from 

crossing-sets of 12 mat-A  12 mat-a strains. The smaller sample size used to fit the model 

decreases the ability of sample parameter values to estimate population parameter values. 

Generalized linear models have been shown to be especially sensitive to sample size, compared 

to other methods (Wisz et al., 2008).  

The true MMNND does not need to be determined to produce crossing-sets that provide 

accurate estimates of underlying population level parameter values. For most parameters, 

SPREAD-generated crossing-sets with large MNND values fall at the bottom of the curve 

describing the relationship between the MNND of SRS-generated crossing-sets and either their 

deviation from population parameter values (Fig 1.4A), or the standard error of sample 

×

×
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parameters (Fig 1.4B). Within the SPREAD-generated crossing-sets (dark gray, Fig 1.4), the 

benefit of a slightly higher MNND value to measures of model fit is negligible and, therefore, so 

is the benefit of increasing the h value used in SPREAD. Furthermore, the negative trend 

between the MNND of crossing-sets and our two measures of lack of model fit provides strong 

statistical support for our claim that maximizing the MNND of crossing-sets increases the utility 

of data generated from those crossing-sets. 

Although our analysis used a dataset generated from the fungus Neurospora crassa, 

SPREAD can be easily used for many other organisms. SPREAD can be used to design breeding 

experiments for any fungus, plant, animal, or other sexual eukaryote with two mating-types or 

sexes where ecological, genetic, or physiological trait differences between the individuals 

involved in a cross are measured. The algorithm can be used directly, and does not require any 

modification when used with other organisms that satisfy these criteria.  

For a species with more than two mating types, for example the social amoebae 

Dictyostelium discoideum that has three mating types (I, II, and III) (Bloomfield, Skelton, Ivens, 

Tanaka, & Kay, 2010), SPREAD would have to be run for each possible combinations of 

compatible mating types. The desired crossing-set size would have a maximum size dependent 

on the mating type with the fewest strains. For D. discoideum, SPREAD would have to be run 

six times for the following combinations: I×(II,III); II×(I,III); III×(I,II); I×II; I×III; II×III. The 

crossing set with the greatest MNND value from the six SPREAD selected crossing sets would 

then be used for experimentation. The number of SPREAD runs required will scale rapidly with 

the number of mating types involved, requiring parallel computation of SPREAD for species 

with large numbers of mating types.  
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SPREAD increases the value of fully crossed mating designs by enabling exploration and 

prediction across the full space of cross characteristics provided by available breeding stock. 

Simulations based on crossing-sets generated from the SPREAD algorithm versus SRS prove our 

algorithm generates more precise and accurate parameter estimates, enabling better predictions 

of relationships between cross characteristics (e.g., the genetic and geographic distances between 

parents) and the success of a cross. SPREAD is not computationally intense and is easy to 

implement, making it a valuable tool for researchers designing crossing experiments.  
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DATA ARCHIVING 

N. crassa genetic and geographic distance dataset and simulated experimental data are 

available at the Dryad Digital Repository (http://dx.doi.org/10.5061/dryad.8br20). The R code 

for SPREAD is available online at http://dx.doi.org/10.6084/m9.figshare.1180165  
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CHAPTER 2 

Beyond Animals and Plants: Dynamic Maternal Effects in the Fungus Neurospora crassa 

ABSTRACT 

 Maternal effects are widely documented in animals and plants, but not in fungi or other 

eukaryotes. A principal cause of maternal effects is asymmetrical parental investment in a 

zygote, creating greater maternal versus paternal influence on offspring phenotypes. 

Asymmetrical investments are not limited to animals and plants, but are also prevalent in fungi 

and groups including apicomplexans, dinoflagellates, and red algae. Evidence suggesting 

maternal effects among fungi is sparse and anecdotal. In an experiment designed to test for 

maternal effects across sexual reproduction in the model fungus Neurospora crassa, we 

measured offspring phenotypes from crosses of all possible pairs of 22 individuals. Crosses 

encompassed reciprocals of 11 mating-type “A” and 11 mating-type “a” wild strains. After 

controlling for the genetic and geographic distances between strains in any individual cross, we 

found strong evidence for maternal control of perithecia (sporocarp) production, as well as 

maternal effects on spore numbers and spore germination. However, both parents exert equal 

influence on the percentage of spores that are pigmented, and size of pigmented spores. We 

propose a model linking the stage-specific presence or absence of maternal effects to cellular 

developmental processes: effects appear to be mediated primarily through the maternal 

cytoplasm, and, after spore cell walls form, maternal influence on spore development is limited. 

Maternal effects in fungi, thus far largely ignored, are likely to shape species’ evolution and 
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ecologies. Moreover, the association of anisogamy and maternal effects in a fungus suggests 

maternal effects may also influence the biology of other anisogamous eukaryotes.* 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
* This chapter accepted for publication as:  
 
Kolea Zimmerman, Daniel Levitis, Anne Pringle. 2016. Beyond Animals and Plants: Dynamic Maternal 
Effects in the Fungus Neurospora crassa. Journal of Evolutionary Biology. 



! 27 

INTRODUCTION 

The development of an offspring is the product of two key factors—the genes inherited 

from its parents and its developmental environment. The developmental environment is often 

controlled by the maternal phenotype, for example through the environment provided by the 

mother during embryogenesis (Ashworth, Toma, & Hunter, 2009) and inheritance of cytoplasmic 

components (including organelles and their genetic material) through cytoplasmic provisioning 

from the mother (R. Li & Albertini, 2013; Rando & Simmons, 2015). Influences such as these 

are named maternal effects (Roach & Wulff, 1987). The consequences of maternal effects for 

evolution are diverse. Maternal effects can alter the direction and strength of trait selection by 

introducing sources of variation outside of an individual’s genes (Kirkpatrick & Lande, 1989). 

Maternal effects enable the environmental influences on mothers to alter the development of her 

offspring, effectively transferring environmental influences across generations (Badyaev & 

Uller, 2009; Donohue, 2009; Galloway, 2005). In clonal organisms, environmental maternal 

effects can increase offspring heterogeneity (Sakwinska, 2004). 

Maternal effects are well documented in animals and plants, but not in other groups of 

organisms.  However, the basic mechanisms causing maternal effects in animals and plants—

anisogamy leading to disproportionate cytoplasmic inheritance from the mother (Birky, 2001; 

Gosden, 2002; Westneat & Craig Sargent, 1996) and offspring development in maternally 

derived environments (Lindström, 1999; Roach & Wulff, 1987)—are also found among fungi 

(Billiard et al., 2010; Debuchy, Berteaux-Lecellier, & Silar, 2010; Jinks, 1963). Within the fungi, 

the prerequisites for maternal effects are apparent among filamentous species in the phylum 

Ascomycota (Ascomycetes), and more rarely, in the phylum Basidiomycota (Basidiomycetes) 

(Billiard et al., 2010). Most Ascomycetes have distinct male and female structures, whereas there 
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is very little morphological specialization of sex organs among Basidiomycetes. Anisogamy is 

also found in an early diverging phylum, the Chytridiomycota (James et al., 2006). The wide 

distribution of anisogamy across the fungal kingdom suggests that anisogamy is ancestral in the 

fungi, with isogamy being a derived state (Billiard et al., 2010).  

Experiments testing for maternal effects among fungi are long overdue. Fungi are critical 

drivers of ecosystem functions, with roles as pathogens, mutualists, and decomposers. The 

diverse evolutionary consequences of maternal effects documented among animals and plants are 

likely equally relevant to anisogamous fungi. The majority of fungal pathogens are Ascomycetes 

(Guarro, Gené, & Stchigel, 1999) and many of the most damaging plant diseases in this group, 

including rice blast (Magnaporthe oryzae) and grey mould (Botrytis cinerea) (Dean et al., 2012) 

are anisogamous (Faretra, Antonacci, & Pollastro, 1988; Saleh et al., 2012). If maternal effects 

play a role in the evolutionary trajectories or ecological niches of these economically relevant 

species, documenting the phenomena involved may provide novel tools to understand pathogen 

biology and adaptation to new hosts. Moreover, testing for maternal effects among fungi 

provides an opportunity to extend theory on the evolutionary impact of maternal effects 

generated from two groups, animals and plants, to diverse eukaryotes. 

To test whether maternal effects occur in a fungus, we mated genotyped strains of the 

hermaphroditic fungus Neurospora crassa in a fully and reciprocally crossed experiment. Strains 

were originally isolated from a diversity of sites across the globe. We used generalized linear 

mixed effects models to quantify the effects of crossing distances (the genetic and geographic 

distances between parents in any particular cross) and strain identities, as mothers or fathers, on 

traits (Table 2.1) associated with the sexual ontogeny of the fungus. Geographic and genetic 

differences among strains may influence reproductive success because, for example, crossing 
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closely related parents results in inbreeding depression or crossing distantly related parents 

results in outbreeding depression (Lynch, 1991). Our analyses document clear maternal effects 

on offspring phenotypes, but the presence and strength of these effects varies dynamically across 

development. 
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Table 2.1 
Description of target traits  

Trait Description Characteristic of: 
Perithecia 
Count 

Number of protoperithecia fertilized: 
perithecia are specialized structures 
housing zygotes; zygotes immediately 
undergo meiosis to form spores. 
 

Mother 

Spore Count The spores produced by a given cross; 
each zygote has the potential to result 
in 8 spores. 
 

Zygotes of a 
particular cross 

Proportion 
Pigmented 

Proportion of spores that are 
pigmented. Analogous to measuring 
the potential gametic viability of the F1 
generation; pigmented spores are 
mature and potentially viable while all 
unpigmented spores are inviable. 
 

Spores of a 
particular cross 

Pigmented 
Spore Size 
 

Mean length of pigmented spores. Spores of a 
particular cross 

Pigmented 
Spore 
Germination 

Proportion of pigmented spores that 
germinate within 150 mins. after 
activation of spores. 

Spores of a 
particular cross 
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METHODS 

Why test for maternal effects in N. crassa? 

We use Neurospora crassa (Fig 2.1) as a model because it is anisogamous (female 

gamete-forming organs can be 100 µm in diameter and the male gametes range from 2.5-8.5 µm 

in diameter) and offspring development takes place in maternally derived reproductive 

structures. Furthermore, N. crassa is hermaphroditic (Fig 2.1), enabling reciprocal crosses. Any 

N. crassa strain, regardless of mating type, can produce male or female sexual structures, 

depending on the nutritional content of the culture medium. For example, strain 1 with mating-

type “A” could be grown on low nitrogen media to induce the formation of female sexual 

structures, and then fertilized by the conidia (asexual spores/male gametes) of strain 2 with 

mating-type “a”. To perform the reciprocal cross, strain 2 would be induced to form female 

structures, and then fertilized by conidia from strain 1. 

Although N. crassa is a classic genetic model (Roche, Loros, McCluskey, & Glass, 

2014), no breeding or quantitative genetics experiments have investigated maternal effects in N. 

crassa or any other fungus. However, post hoc evidence of reciprocal differences in fertility 

among N. crassa strains suggests strong maternal control over reproductive development. There 

are mutant N. crassa strains with phenotypes that are only apparent when the strain acts as the 

maternal parent; these kinds of mutations cause defects in female gamete formation or 

fertilization and result in reciprocal differences in fertility (Raju, 1992). In strains isolated from 

the wild, reciprocal differences in the ability to form perithecia suggest protoperithecial 

formation and fertilization are influenced by the maternal parent (Dettman, Jacobson, Turner, 

Pringle, & Taylor, 2003b; E. Turner, Jacobson, & Taylor, 2010). Reciprocal crosses between 
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experimentally evolved Neurospora strains also show maternal influence on mating success 

(Dettman, Anderson, & Kohn, 2008). 

These studies prove that female structures (protoperithecia and perithecia) in N. crassa 

are truly female and play a dominant role in the sexual cycle of this fungus. However, by 

definition, maternal effects act on offspring and can only be determined if offspring and their 

traits are measured. Although many mutations affecting the production of sexual spores (termed 

ascospores, and hereafter referred to as “spores”) have been identified in N. crassa, these 

mutations either segregate after meiosis or are only expressed in crosses homozygous for the 

allele, indicating they are direct genetic effects and not maternal effects (Leslie & Raju, 1985; 

Raju & Leslie, 1992; Raju, Perkins, & Newmeyer, 1987). Offspring viability is easily measured 

in N. crassa based on the pigmentation of spores—generally, pigmented spores are viable and 

unpigmented spores are not viable.  
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Figure 2.1 
Life cycle of Neurospora crassa. N. crassa is a haploid filamentous fungus capable of 
reproducing both sexually and asexually (Davis, 2000). Sexual reproduction is restricted to 
parent strains different at a single two-allele mating-type locus and a single strain is either mat-a 
or mat-A. However, both mating-types can produce female and male gametes; all strains are 
hermaphroditic. For example, reciprocal fertilization between mat-a and mat-A strains is shown 
at the top of the figure.  Nitrogen starvation induces the production of protoperithecia, which are 
female reproductive structures that house female gametes termed ascogonia. Asexual spores 
termed conidia (or potentially other cells from a compatible mate) act as male gametes. 
Fertilization follows the growth of a trichogyne—a sexually receptive hypha emanating from the 
female sexual structure—and its fusion with a conidium (the male gamete) of the opposite 
mating type. After fusion, the paternal nucleus migrates to an ascogonium within the 
protoperithecium. The division and segregation of maternal and paternal nuclei results in the 
proliferation of cells each containing one maternal and one paternal nucleus (a-c). Within these 
cells, each of the two nuclei fuse to form a diploid zygote (d, e) that rapidly undergoes meiosis I 
(f) and meiosis II (g), producing four haploid nuclei. These nuclei then undergo mitosis, resulting 
in eight haploid nuclei per ascus (h). Cytoplasmic cleavage occurs (i) and a cell wall develops 
around each of the eight haploid nuclei, forming eight ascospores (j). In normal ascospores, the 
cell wall becomes pigmented as it matures; in aborted or undeveloped ascospores, the cell wall 
remains unpigmented (k). Spores are forcibly ejected from a mature perithecium one ascus at a 
time. Nuclei are colored black or white to show that they are derived from the mat-a or mat-A 
parent, respectively. All nuclei are haploid (1N) except for the diploid (2N) half-black/half-white 
nuclei shown in steps d, e, and f. 
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Mating scheme and strain choice 

We used a full diallel cross to quantify parental effects in N. crassa. In a full diallel, all 

possible combinations of parents are mated, along with reciprocals (i.e. each strain is used as a 

mother, then a father, with every other compatible strain). The mating design maximizes the 

statistical power for estimating maternal, paternal, and direct genetic effects on offspring (Zhu & 

Weir, 1996). To control for the effects of crossing distances on reproductive output, we first 

identified a set of 24 mat-A and 24 mat-a wild isolates of N. crassa, previously genotyped with 

RNAseq (Ellison et al., 2011). 

We used genome-wide SNP data (Ellison et al., 2011) to calculate pairwise genetic 

distances between all possible pairs of strains, measured as number of differences across all SNP 

sites. For each of the 48 strains, we obtained collection site information from the Fungal Genetic 

Stocks Center strain catalog (FGSC, www.fgsc.net) and calculated geographic distances between 

strain collection sites.  

The genotyped population included 24 wild isolated strains of each mating type along 

with a laboratory strain. We could not perform all possible crosses using these 48 strains 

(excluding the laboratory strain). Using the SPREAD algorithm (Zimmerman, Levitis, Addicott, 

& Pringle, 2015), we selected a mating set of 11 mat-a and 11 mat-A strains for use in our study 

(Fig 2.2, Table 2.2). SPREAD identifies the subset of crosses that most evenly covers the 

original range of the entire set of all potential crosses. Briefly: SPREAD selects a crossing-set 

from 1000 randomly generated crossing-sets (11 mat-a × 11 mat-A) by maximizing the mean 

nearest neighbor distance of the subset of 121 crosses plotted according to the geographic vs. 

genetic distances among crosses (Fig 2.2). The algorithm effectively maximizes both the range 

and evenness of the resulting crosses plotted on genetic vs. geographic distance space. We 
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obtained the 22 strains chosen by this algorithm (Table 2.2) from the Fungal Genetic Stock 

Center (McCluskey, Wiest, & Plamann, 2010). 
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!
Figure 2.2 
Experimental crosses chosen from among all potential crosses using the SPREAD algorithm. (A) 
Genetic distance vs. geographic distance between parents of all possible crosses. (B) the subset 
of 11 mat-A x 11 mat-a crosses selected with the SPREAD algorithm (Zimmerman et al., 2015). 
Crosses are plotted as semitransparent dots and darker shading marks overlapping crosses. 
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Table 2.2 
Experimental N. crassa strains. Strains used in this experiment are shown in the first column, 
“Derived from FGSC ID” = ID of heterokaryotic strain purified to homokaryons by Ellison et al. 
(Ellison et al., 2011), “Other ID” = additional names for the same strain used in other 
publications.  

FGSC 
ID of 
strains 

Derived 
from 
FGSC 
ID 

Other 
ID 

Mating 
Type Strain Origin 

Origin 
Latitude 

Origin 
Longitude 

8783  D23 A Homestead, Florida, USA 25.468722 -80.477557 
8850  D90 A Uxmal, Yucatan, Mexico 20.361044 -89.770828 
851  JW1 A Coto, Costa Rica 8.535825 -83.036696 
1131  JW3 A Canal Zone, Panama 9.086502 -79.814301 
3968  JW28 A Okeechobee, Florida, USA 27.243935 -80.829783 
4713  JW45 A Merger, Haiti 18.65 -72.3 
4716  JW49 A Puilboreau Mt., Haiti 19.533333 -72.466667 
4730  JW52 A Puerto Ayachucho, Venezuela 5.665781 -67.634697 
5910  JW56 A Digitima Creek, Guiana 5.6 -57.599998 
10951 3199 JW70 A Coon, Louisiana, USA 30.775463 -91.757893 
6203  JW77 A Agudas Rd, Costa Rica  9.529566 -84.45475 
10886 8876 D116 a Franklin, Louisiana, USA 29.79604 -91.5015 
8819  D59 a Carrefour Dufort, Haiti 18.456533 -72.619552 
8829  D69 a Tiassale, Ivory Coast 5.9 -4.833333 
8845  D85 a Kabah, Yucatan, Mexico 20.247697 -89.646391 
1133  JW5 a Canal Zone, Panama 9.086502 -79.814301 
1165  JW7 a Panama 9.086502 -79.814301 
10950 3200 JW59 a Coon, Louisiana, USA 30.775463 -91.757893 
10957 p4450 p4450 a Franklin, Louisiana, USA 29.79604 -91.5015 
10959 p4452 p4452 a Franklin, Louisiana, USA  29.79604 -91.5015 
10961 p4455 p4455 a Franklin, Louisiana, USA  29.79604 -91.5015 
10968 p4476 p4476 a Franklin, Louisiana, USA  29.79604 -91.5015 
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Generating conidia for crosses 

We inoculated each strain onto a slant of Vogel’s Medium N (Vogel, 1956) made with 2% 

sucrose and 1.5% agar.  We harvested conidia (asexual spores) from these cultures and preserved 

them on silica gel for subsequent experiments.  To grow conidia for crosses we used conidial 

stocks to inoculate 50 mL narrow neck flasks containing 7 mL of Vogel’s Medium N with 2% 

sucrose, 1.5% agar, 0.1% yeast extract, and 0.1% casamino acids, incubated at 30°C with 

12h/12h light/dark illumination for 7 days.  We harvested conidial inocula for crosses with 10 

mL diH2O and filtered suspensions through non-absorbent cotton to remove extraneous mycelia. 

Crossing conditions and spore collection 

We grew four replicate reciprocal crosses of each of the 121 strain pairs for a total of (4 

replicates) × (121 mating pairs) × (2 reciprocals) = 968 crosses. We performed all crosses using 

paper crossing media (Pandit & Russo, 1993) with slight modifications: we prepared crossing 

plates by placing 4 × 3.5cm gel blot paper squares in 5 cm petri dishes and adding 1 mL of 

synthetic crossing media (Westergaard & Mitchell, 1947) containing 0.1% sucrose, 0.5% sorbose, 

0.1% yeast extract and 0.1% casamino acids. We grew each of the 22 strains as a female by 

evenly dropping 200 µL of a suspension containing 1 × 106 conidia in diH2O onto the paper. We 

incubated plates in their plastic sleeves in the dark, at 25°C for 48 hours, and then fertilized the 

plates by evenly dropping 200 µL of a suspension containing 1 × 106 conidia in diH2O onto the 

filter paper. Because these conidia are dropped onto individuals already growing as females, they 

will function as the male gametes. We incubated the fertilized crosses at 25°C in darkness for 20 

days, except for occasional exposures to light during routine inspections. After incubation, we 

harvested spores from lids with 1 mL of diH2O and deposited spores in deep 96-well plates. To 

allow for complete maturation of the spores, and to standardize spore age among crosses, we 
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stored the harvested spores at 4°C for 16 days before flow cytometry analyses of spore counts, 

morphology, and germination.   

Counting perithecia 

We photographed all crosses at time of ascospore harvest for subsequent counting of 

perithecia. Using the photographs, we determined total counts of perithecia per cross by manual 

counting and marking in ImageJ (Schneider, Rasband, & Eliceiri, 2012).                                                                       

Counting and measuring spores using flow cytometry 

Due to the large number of spore samples to be analyzed, we used high-throughput flow 

cytometry to characterize spore samples collected from the crosses. In a single run of a spore 

sample through the flow cytometer, we counted spores in the sample and measured the size and 

pigmentation of spores. Offspring viability can be assessed based on spore pigmentation. Viable 

spores are darkly pigmented and inviable spores lack pigment (and are termed hyaline spores).  

Using a high-throughput sampling accessory, we were able to analyze spore samples at a rate of 

1 sample/minute.  

We prepared spores for flow cytometry by first centrifuging the 96-well plates with 

harvested spore suspensions at 500 rpm for 10 mins. We pipetted away the supernatant and 

resuspended ascospores in 500 µL of 1% wt/v polyvinylpyrrolidone molecular mass 360,000 

(PVP-360) in diH2O. We transferred 50 µL of this ascospore suspension, along with 100 µL of 

diH2O to new 96-well U-bottom plates. To wash PVP-360 out of suspensions, we centrifuged the 

plates for 5 mins. at 1000 rpm, then removed 125 µL of the supernatant and added 125 µL 

diH2O.  Next, we added Spherotech Accucount 7.7 µm fluorescent beads (Spherotech Inc., Lake 

Forest, IL) to the spore suspension in 50 µL of 0.4% Triton X-100 (Sigma Chemical Co., St. 

Louis, MO), resulting in a final spore and bead suspension in 200 µL of 0.1% Triton X-100 in 
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diH2O. Spore samples were analyzed by a BD LSRII flow cytometer with a high throughput 

sorter attachment (BD Biosciences).  The sampling parameters for high throughput sorting were 

as follows: Sample flow rate: 3.0 µL/s, sample volume: 50 µL, mix volume: 100 µL, mix speed: 

75 µL/s, number of mixes: 5, wash volume: 300 µL.  We collected data on three parameters: 

forward scatter (to measure pigmentation), side scatter (to measure size), and fluorescence (to 

measure bead size). Using FACSDiVa software (BD Biosciences), we recorded data on forward 

scatter height, width, and area; side scatter height, width, and area; and fluorescence height, 

width, and area for every spore in the sample volume (50 µL). The data from each sample were 

saved in the Flow Cytometry Standard (FCS) 3.0 format. 

Measuring spore germination with flow cytometry 

To measure the relative germination abilities of spores collected from all crosses, we used 

flow cytometry to measure the length of spores in spore samples from each cross before and after 

exposure to germination triggers (nutrient media and heat-shock). As spores germinate, spore 

length increases because germ tubes emerge from each end of the spore. For each sample, we 

transferred 50 µL of the spore suspension in 1% PVP-360 to duplicate U-bottom 96-well plates, 

each representing either pre-germination or post-germination treatments. Each well contained 

100 µL of diH2O and plates were centrifuged for 5 mins at 1000 rpm. We removed 100 µL of 

supernatant and added 50 µL of 2x Vogel’s Medium N containing 4% sucrose, resulting in a 

final concentration of 1x Vogel’s Medium N containing 2% sucrose. To control for the effects of 

heat-shock on spore size (pre-germination plate) and activate germination (post-germination 

plate), we heat-shocked both plates in a forced air incubator at 60°C for 1 hour. We fixed the pre-

germination plates immediately following heat-shock. Post-germination plates were incubated 

with shaking for 150 mins. at 34°C to promote germ tube growth, and then fixed.  
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We fixed spores by adding 100 µL of cold 95% EtOH and 0.2% Triton X-100 in diH2O 

directly to the spore suspensions, and incubating overnight at 4°C.  Just before flow cytometry, 

we transferred spores to 96-well PCR plates and centrifuged them at 2000 rpm for 10 mins.   We 

removed 175 µL of the supernatant and added 175 µL of diH2O, resuspended spores by gentle 

pipetting, and transferred the resuspended spores to new 96-well U-bottom plates along with 25 

µL of a Spherotech 7.7 µm fluorescent bead solution containing ~ 2550 beads in 0.4% Triton X-

100.  Flow cytometry parameters were the same as above.  

Flow cytometry data processing 

         Our initial analysis of the flow cytometry data indicated the presence of both conidia and 

ascospores, with ascospores exhibiting two clear sub-populations of pigmented and hyaline 

(unpigmented) ascospores (Appendix 2.1). Hyaline ascospores are demarcated by greater 

forward scatter height values, compared to pigmented ascospores; because they are clear they 

scatter light differently and exhibit higher light transmittance. There was some overlap of conidia 

and ascospores when plotted on forward-scatter-height vs. side-scatter-width axes, and the 

overlap prevented manual two-dimensional gating. In order to differentiate the conidia and 

ascospores, we performed multi-dimensional clustering analyses with all measured flow 

cytometery parameters, using a custom clustering and sorting pipeline in R with the following 

packages: flowCore (Ellis et al., n.d.), flowClust (Lo, Brinkman, & Gottardo, 2008; Lo, Hahne, 

Brinkman, & Gottardo, 2009), and flowStats (Hahne, Gopalakrishnan, Khodabakhshi, Wong, & Lee, 

n.d.).  

FCS files were imported into R using flowCore and sets of FCS files for each plate were 

merged into a single dataset to facilitate clustering by increasing the density of measurements. 

To distinguish the populations of conidia, pigmented ascospores, and hyaline ascospores, we 
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performed k-means clustering using the flowClust package. We manually adjusted the number of 

clusters to be identified for each dataset to obtain clustered datasets whose clusters matched sub-

population characteristics obtained from analyzing pure conidia or pure ascospores. We then 

computed summary statistics using flowStats for each measured sample including the total 

number of ascospores, the number of pigmented spores, the number of hyaline ascospores, and 

the size of pigmented ascospores. Fluorescent bead populations were identified based on their 

high fluorescence parameter values (fluorescence-area). To standardize ascospore counts in 

subsequent analyses, we used the flow cytometry sample measurement time of each sample. To 

standardize spore size across samples we used the mean side-scatter width of the fluorescent 

beads for each sample. 

         To calculate ascospore germination, we first drew rectangular gates around populations 

of spores from pre-germination ascospore samples plotted on forward-scatter height vs. side-

scatter width. We applied these gates, representing the size of pre-germination ascospores, to the 

post-germination ascospore samples and counted the ascospores outside of the previously drawn 

gates as germinated ascospores. For each pre-germination sample, we used our clustering 

pipeline to determine the proportion of conidia and ascospores, excluding fluorescent beads. 

Using these proportions, we calculated the total ascospore number in each post-germination 

sample (including germinated ascospores) by multiplying the proportion of total ascospores in 

the pre-germination sample by the total number of particles (excluding fluorescent beads) in the 

post-germination sample. Finally, we calculated the proportion of germinated ascospores by 

dividing the number of germinated ascospores (determined by gating) by the estimated total 

number of ascospores in the sample (determined by the clustering analysis of the pre-

germination sample).   
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Verification of flow cytometry methods 

 We verified the ability of our flow cytometry analysis to measure ascospore pigmentation 

and germination by performing traditional counting and plating assays for a subsample of the 

crosses used in the full crossing experiment. In a separate experiment, we replicated a subset of 

crosses and measured ascospore production, pigmentation and germination using flow cytometry 

as described above. Then, using the same ascospore samples, we obtained counts of pigmented 

and hyaline ascospores by dropping 10 µL of a spore suspension onto plates (Vogel’s medium N 

with 1% sucrose and 1.5% agar) and examining the drop under a dissecting microscope. Next, 

we spread the spores using a bent Pasteur pipette (to minimize spore loss), heatshocked the plates 

for 1 hr. at 60°C, and incubated them overnight at 30°C.  To measure the number of germinated 

spores, we counted growing colonies using a dissecting microscope. We determined the strength 

and nature of the relationship between measurements obtained from flow cytometry and manual 

methods using asymptotic non-linear least squares regression, with the SSasymp function from 

the stats package in R. Analyses confirm a strong relationship between the two different methods 

of measuring spores. The slope (log of the rate constant) of the relationship between spore 

pigmentation measurements by manual counting vs flow cytometry is significant (P < 2e-16) 

(Appendix 2.2), as is the slope of the relationship between spore germination measurements (P = 

0.0301) (Appendix 2.3). Comparisons ground truth the flow cytometry and confirm it can be 

used as a proxy for manual counting. 

Mixed effects models 

 We used the R package glmmADMB to compute mixed effects models for each trait 

(Fournier et al., 2012; Skaug et al., 2013). Based on preliminary analyses of the trait data 

distributions, we chose to model pigmented spore size with a Gaussian distribution and all other 
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response variables with a negative binomial distribution. Our initial models included the 

following fixed effects: genetic distance (number of different SNPs between parents in a cross), 

geographic distance (km between strain locales), the squares of both genetic and geographic 

distance, and an interaction term for genetic and geographic distance. In each model, we also 

included maternal and paternal parentage as random effects, specifically to test the hypothesis 

that strains will vary in their ability, as mothers or fathers, to influence the target traits. For all 

five phenotypic traits we computed full models and then selected simplified final models using 

the quasi Akaike Information Criterion (qAIC) or Akaike Information Criterion (AIC) for 

models with negative binomial or Gaussian response variable distributions, respectively.  

Best linear unbiased predictors (BLUPs), also referred to as random effect coefficients or 

conditional modes, are model based estimates of the relative influence of a strain as a mother or a 

father on a given phenotype, after controlling for fixed effects. For each trait, we calculated the 

relative proportions of overall random effect variance attributed to the variance of maternal or 

paternal BLUPs and assessed correlations between maternal and paternal BLUPs. 

R2 GLMM calculations 

 To determine the relative importance of crossing distances (fixed effects) and the identity 

and sex of the parents (random effects) in selected models, we calculated the proportion of 

variance explained by either fixed effects or just random effects for each model using R2GLMM 

statistics (Nakagawa and Schielzeth 2013). For the pigmented spore size model, we used 

equations for calculating R2GLMM statistics for models with a Gaussian response distribution 

listed by Nakagawa and Schielzeth (2013). For the other models that use negative binomial 

response distributions, we derived the distribution specific variance (!!σ d
2 ) for negative binomial 

distributions with a log link function where α  is the negative binomial dispersion parameter. 
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Our derivation (Appendix 2.4) follows the derivation in Appendix 1 of Nakagawa and Schielzeth 

(2013).  

Highest posterior density of parameter estimates 

 We verified the significance of parameter values in each selected model by calculating 

HPD intervals for parameter values. HPD intervals, also known as Bayesian confidence 

intervals, are based on the observed data and indicate the range of values in which the true 

parameter value is found with a 95% probability. HPD intervals of model parameter values that 

do not span zero are deemed significant. We calculated HPD intervals of the parameters in each 

model using the built-in Markov chain Monte Carlo (MCMC) functionality of glmmADMB that 

uses parameter estimates calculated from the model as priors. We used a chain of 10000 MCMC 

iterations and verified MCMC chain convergence by plotting the distributions of samples drawn 

from the chain. Parameter estimates with HPD intervals that did not span zero were deemed 

significant. 
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RESULTS 

Offspring phenotypes from a full diallel cross are evidence of maternal effects in N. crassa 

 All crosses resulted in perithecia and viable spores, except crosses involving strain FGSC 

10968 (mat-a), which was infertile as both male and female and grew abnormally. We excluded 

crosses involving FGSC 10968 from all subsequent analyses.  

 Offspring phenotypes varied, and differences between reciprocal crosses were observed 

for most traits (Fig 2.3). When crosses involving a particular strain acting as a female are 

grouped, the maternal effects of different strains are obvious. For example, when strain 10951 

(mat-A) is used as a female, crosses appear to have the same level of spore production no matter 

the identity of the male strain (Fig 2.3C). These kinds of patterns are also observed for data on 

pigmented spore germination, see for example crosses involving 8850 (Fig 2.3I) or 1165 (Fig 

2.3J). But when crosses involving a particular strain acting as a male are grouped, patterns are 

more variable; for example, the influence of strain 8783 (mat-A) when it is used as a male 

depends on the pairing: when crossed with 8845 (mat-a) many spores are produced, but with 

1165 (mat-a), few spores are produced (Fig. 3D). These patterns—consistent maternal influence, 

and variable paternal influence—are not easily observed within the data for proportion 

pigmented (Fig 2.3E, F) or pigmented spore size (Fig 2.3G, H), but as predicted, are observed for 

perithecia count (Fig 2.3A, B), a maternal trait. 

More generally, whether reciprocal crosses result in different phenotypes depends on the 

traits involved. Spore count and germination data are often different between reciprocal crosses, 

for example few spores are produced by crossing 10951 as female and 10961 as male (Fig 2.3C), 

but many spores are produced by crossing 10951 as male with 10961 as female (Fig 2.3D). 

However, there is very little difference in the proportion of pigmented spores (Fig 2.3E, F) or 
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pigmented spore size (Fig 2.3G, H) as shown by the almost identical reciprocal heat maps for 

these traits.  
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Figure 2.3 
Trait phenotypes for all 
crosses. Heat maps show 
crosses between mat-a fathers 
and mat-A mothers (panels A, 
C, E, G, and I) and reciprocal 
crosses between mat-a mothers 
and mat-A fathers (panels B, 
D, F, H, and J). Scales at right 
are values for a particular trait; 
black bars on scales are mean 
values for the trait, calculated 
from all crosses. Grey boxes 
mark missing data caused by 
instrument error. 
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Mixed effects models confirm parental effects exert greater influence on trait outcomes 

than crossing distances 

 Visual inspection of trait phenotypes suggests that mothers have more control over spore 

production and spore germination than fathers. But to more carefully explore the relationship 

between spore characteristics and the multiple influences of parental effects and crossing 

distances, we constructed generalized linear mixed effects models for each measured trait (Table 

2.3).  Highest posterior density intervals for the selected parameters indicate that parameters for 

all models are significantly different from zero, except the genetic distance parameter in the 

spore count model (Fig 2.4).  
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Table 2.3 
Summary of best models. By default, all models include the random effects of maternal and 
paternal parentage. 

Trait Equation Distribution Link Offset 

Model 
Selection 
Method 

Perithecia 
Count 

Perithecia Count ~  
Genetic Distance +  
(Genetic Distance)2  
 

Negative 
Binomial 

log --- qAIC 

Spore 
Count 

Total Spore Count ~  
Genetic Distance + 
(Genetic Distance)2 + 
Geographic Distance 
 

Negative 
Binomial 

log Sample 
Run time 
(FCS) 

qAIC 

Proportion 
Pigmented 

Pigmented Spore Count ~ 
Genetic Distance + 
Geographic Distance + 
(Geographic Distance)2 + 
(Genetic Distance)2 + 
Genetic Distance: 
Geographic Distance 
 

Negative 
Binomial 

log Total Spore 
Count 

qAIC 

Pigmented 
Spore Size 

Pigmented Spore Size ~ 
Geographic Distance + 
(Geographic Distance)2  
 

Gaussian --- --- AIC 

Pigmented 
Spore 
Germination 

Germinated Spore Count ~  
(Genetic Distance)2 

Negative 
Binomial 

log Pigmented 
Spore 
Count 

qAIC 
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Figure 2.4 
Summary of model parameter values for each measured trait. Parameter values returned from the 
mixed effects models are represented as points with error bars displaying the 95% Highest 
Posterior Density (HPD) from 10000 iterations of Markov chain Monte Carlo (MCMC) 
parameter estimation. Absence of points indicates parameters that were dropped from a model 
based on qAIC or AIC metrics. Dotted lines indicate the zero values. If the HPD interval 
overlaps with zero, then the parameter is not different from a null model. Only the genetic 
distance parameter in the spore count model overlaps with zero. Parameter values for all models 
except ‘Pigmented Spore Size’ are on a log link scale. Values are listed in Appendix 2.5. 
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 The proportions of variance explained by the fixed effects (crossing distance) and the 

random effects (maternal or paternal parentage), or not explained by the model, vary widely 

among traits (Fig 2.5). However, in every model, the random effects of maternal and paternal 

strain identity explain more variance than the fixed effects of genetic and geographic distance 

(Table 2.4). 
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Figure 2.5 
Proportions of variance explained by maternal and paternal random effects, fixed effects 
(crossing distances), or other unexplained variance. Proportions were calculated using the 
R2GLMM values in Table 2.4 along with the individual random effect variances returned from 
the models. 
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Table 2.4 
Percentage of variance explained by fixed effects (crossing distances) or maternal and paternal 
random effects for each modeled trait. Percentages are based on the marginal and conditional 
R2GLMM values calculated for each model (Nakagawa & Schielzeth, 2013). 

.. . Variance Explained 

.. . Fixed Effects Random effects 
Perithecia Count 0.24% 28.39% 
Spore Count 3.03% 51.28% 
Proportion Pigmented 0.11% 1.52% 
Pigmented Spore Size 0.24% 12.60% 
Pigmented Spore Germination 0.06% 7.00% 
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Maternal strain identity explains most of the variation in spore production and 

germination, but not size and pigmentation 

Maternal identity explains most of the random effect variation in models of perithecia count, 

spore count and pigmented spore germination (Fig 2.6). For these traits, the correlations between 

maternal and paternal BLUPs are weak or non-existent (BLUPs are the relative influence of a 

strain as a mother or a father on a given phenotype)  (Fig 2.7). However, there is no significant 

difference in the proportion of variance explained by maternal or paternal strains in the models 

of proportion pigmented and pigmented spore size (Fig 2.6) and correlations between maternal 

and paternal BLUPs for these traits are strong (Fig 2.7). 
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Figure 2.6 
Proportions of random effect variance explained by strains acting as mothers or fathers. Female 
versus male random effect variances (statistically significant differences in bold): perithecia 
count ratio of male:female variance = 0.076, F20,20 = 0.0756, P = 3.00e-7; spore count ratio 
of male:female variance = 0.26, F20,20 = 0.2582, P = 0.0039;  proportion pigmented ratio of 
male:female variance = 0.92, F20,20 =  .9226, P = 0.86; pigmented spore size ratio of male:female 
variance = 0.82, F20,20 = 0.8206,  P = 0.66; pigmented spore germination male:female 
variance = 0.087, F20,20 = 0.0874, P = 1.05e-6. 
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Figure 2.7 
Correlations between male and female BLUPs for all models. Points represent strains. Values are 
a measure of the relative influence of strains (as mothers or fathers) on phenotype outcomes. 
Shading shows the 95% confidence interval of the line. Correlations (significant correlations in 
bold): perithecia count r2 0.0067, F1,19 = 0.1287, P = 0.72; spore count r2 = 0.15, F1,19 = 3.257, P 
= 0.087; proportion pigmented r2 = 0.86, F1,19 = 119.5, P = 1.23e-09; pigmented spore size r2 
= 0.73, F1,19 = 52.38, P = 7.18e-7; pigmented spore germination r2 = 0.027, F1,19 = 0.5259, P = 
0.48. 
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DISCUSSION 

 Maternal effects emerge as a major feature of the reproductive biology of Neurospora 

crassa. We find strong evidence for maternal effects acting on spore production and spore 

germination (Fig 2.3). While phenotypes are consistent for any particular mother, they vary 

widely among mothers, and fathers have no consistent influence (Roff, 1998). We find no 

evidence for strong maternal effects on spore size or the proportion of pigmented spores (Fig 

2.3).  

Our mixed effects models confirm the visual evidence by controlling for potentially 

important confounding variables: genetic and geographic distances between parents. Crossing 

distances account for a small proportion of the overall variation in reproductive outcomes, 

suggesting that inbreeding and outbreeding depression do not substantially influence the success 

of crosses among our collection of strains (Fig 2.5 and Table 2.4). 

In fact, after controlling for the fixed effects of crossing distances in our models, we find 

that the random effects of parental strain identity account for most of the variance in 

reproductive outcomes (Fig 2.5). Furthermore, variation among strains acting as mothers 

accounted for most of the explained variation in our models of perithecial production, spore 

production, and spore germination (Fig 2.6). Perithecial production appears to be under strong 

maternal control (Raju, 1992; E. Turner et al., 2010), while maternal effects appear to play a 

dominant role in spore production and spore germination. We distinguish perithecial production 

as under maternal control—rather than influenced by maternal effects—because maternal effects 

can only be determined by measuring offspring phenotypes.  

Maternal effects do not play a role in spore size or pigmentation; these traits are equally 

influenced by both parents in a cross, regardless of their roles as mother or father. In fact, the 
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effect of each strain acting as a mother is highly correlated with that strain's effect when it acts as 

a father (Fig 2.7), and mothers exert no more influence than fathers (Fig 2.6). Taken together, the 

analyses suggest that spore size and pigmentation are controlled mainly by direct genetic effects; 

the large proportion of variance not explained by crossing distance or parental effects for both 

traits (98.37% and 87.16%) is consistent with direct genetic effects caused by specific allelic 

variants at one or more loci. 

Observed maternal effects are not an artifact of correlations in trait values, and the 

number of perithicia generated by a cross does not predict subsequent spore phenotypes. 

Perithecial production, spore production, and spore germination are not correlated with each 

other (Appendix 2.6).     

Mapping maternal effects onto reproductive development: A model 

The dynamic maternal effects we document are a clear reflection of N. crassa ontogeny, 

and correlate with what is known about the species’ reproduction (Fig 2.8). Maternal effects 

influence spore production, but are not a feature of spore maturation; as spores germinate, 

maternal effects are observed once again. Spore production takes place within maternal tissues, 

while spore maturation occurs after spore walls separate developing spores from maternal 

cytoplasm. Germination draws on resources provided by the mother. 

 The apparent lack of maternal effects associated with spore maturation, and the 

suggestion that the spore cell wall limits contact between the maternal cytoplasm and the 

developing spore (Fig 2.8), is supported by analyses of spore maturation mutants. These mutants 

suggest that spore maturation is controlled by the genetic material inherited by each spore (Raju 

& Leslie, 1992). Genes appear to be expressed autonomously within each of the spores of an 

ascus (Freitag, Hickey, Raju, Selker, & Read, 2004). Both studies suggest mothers have limited 
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control over spore maturation, instead, the genetic material of the spores themselves appears to 

be in direct control of pigmentation and size. 

Mechanisms causing the maternal effects associated with the germination of pigmented 

spores are less clear, but possible conduits include the carbohydrates and lipids packaged within 

spores. The raw materials used to form a spore are derived from the maternal parent. 

Germinating spores use stored materials for energy production during germination, and the 

amount of lipids in a spore can influence germination (Budd, Sussman, & Eilers, 1966; Lingappa 

& Sussman, 1959). Maternal strains may differ in their ability to supply carbohydrates and lipids 

to developing spores, resulting in maternal effects. Maternal effects on ascospore germination 

may also be mediated by mitochondria. 
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Figure 2.8 
Maternal effects vary dynamically across N. crassa reproductive development. Spores are 
generated within maternally derived asci, and maternal effects play a role in the total number of 
spores produced.  Maternal effects do not influence spore pigmentation or size; these phenotypes 
develop after spore walls separate the spores from maternal cytoplasm. Maternal effects 
influence germination; germinating spores use maternally supplied nutrient stores. 
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Mitochondria and maternal effects 

 Maternal effects caused by the expression of maternally inherited organellar genomes are 

often discussed as cytoplasmic-genetic maternal effects (Roach & Wulff, 1987). To test whether 

observed maternal effects on spore germination were partly mediated by mitochondrial genetic 

variation, we tested for associations between mitochondrial DNA polymorphisms and one key 

component of our data, the maternal BLUPs for proportion pigmented germinated (Appendix 

2.7). We found very low levels of mitochondrial DNA polymorphism in our collection of strains 

and no polymorphisms were associated with ascospore germination (Appendix 2.7).  

 Although we found no evidence of an association between mitochondrial DNA 

polymorphisms and spore germination, we note that mitochondria may still mediate maternal 

effects in a non cytoplasmic-genetic manner. For example, in germinating spores of Neurospora 

tetrasperma, a species closely related to N. crassa (Dettman, Jacobson, & Taylor, 2003a), the 

maternal mitochondria—built entirely from maternally derived membranes and proteins—are 

responsible for all energy synthesis until 90 mins. after germination initiates (Hill, Plesofsky-

Vig, Paulson, & Brambl, 1992). After 90 mins., a germinating spore begins to synthesize its own 

mitochondria using both its own mitochondrial genome and nuclear mitochondrial genes. 

Therefore, germination success may be influenced by the supply of mitochondria or other 

organelles provided directly from the maternal cytoplasm as well as the maternal provision of 

nutrients.   

Anisogamy and maternal effects in other fungi and diverse eukaryotes 

 Anisogamy is commonly referenced as the basis for maternal effects. While anisogamy 

is widespread among eukaryotes, maternal effects are thoroughly studied in only two 

kingdoms—animals and plants. Our discovery of maternal effects in N. crassa, an anisogamous 
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fungus, suggests anisogamy as a strong predictor of maternal effects across the fungi and the 

eukaryotic domain.   

Within the fungi, maternal effects are likely to influence the life histories of numerous 

anisogamous species within the Ascomycota (Billiard et al., 2010), as well as species of 

Allomyces and Monoblepharis in the Chytridiomycota (James et al., 2006). Maternal effects may 

also play a role in the life histories of Basidiomycetes. While the majority of Basidiomycetes do 

not produce specialized sexual structures, when small and large haploid mycelia fuse, 

disproportionate cytoplasmic inheritance (from the larger mycelium) can result (Griffiths, 1996).  

 Anisogamy also occurs in groups besides animals, plants, and fungi. Anisogamous 

eukaryotes include apicomplexans, dinoflagellates, diatoms, parabasalans, and red algae (Dacks 

& Kasinsky, 1999). The life cycles of red algae in particular are very similar to life cycles of 

fungi like N. crassa (Demoulin, 1985). Cytoplasmic inheritance in the malaria parasite 

Plasmodium falciparum, an anisogamous apicomplexan, is predominantly female (Vaidya, 

Morrisey, Plowe, Kaslow, & Wellems, 1993). We hypothesize that maternal effects occur in, and 

have important implications for the evolution of, these anisogamous taxa.  

Conclusions 

 A simple crossing experiment suggests maternal effects profoundly influence 

fundamental aspects of individual fitness in the genetic model N. crassa. The maternal influence 

on spore production and viability is stronger than the influence of genetic divergence or 

geographic isolation—two essential aspects of any cross thought to influence reproductive 

success and speciation in all sexually reproducing organisms. Our experiment increases the 

number of eukaryotic clades known to house organisms influenced by maternal effects from two, 

the plants and animals, to three—the plants, animals, and fungi. Given the distribution of 
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anisogamy across many other eukaryotic clades, and the correlation between anisogamy and 

maternal effects, we hypothesize that maternal effects influence the evolution and ecology of 

additional eukaryotic organisms. 
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CHAPTER 3 

Genome-wide antagonistic pleiotropies underlie a trade-off between sexual and asexual spore 

viabilities in the genetic model Neurospora crassa 

ABSTRACT 

Life history parameters, including growth and reproduction, are complex traits shaping 

the fitness of organisms. These kinds of traits are likely subject to strong natural selection. When 

conflicting selective pressures shape two traits, limited genetic variation and pleiotropy may 

result in a trade-off. Few experiments document the genetic basis of life history trade-offs across 

entire genomes. After documenting a striking trade-off between the viabilities of sexual and 

asexual spores among 21 wild isolated Neurospora crassa strains, we use genome-wide 

polymorphism data to determine its genetic basis. By jointly analyzing the results of two separate 

and independent genome-wide association studies for sexual or asexual spore viablities, we 

identified 36 single nucleotide polymorphisms (SNPs) significantly associated with both traits. 

All 36 SNPs are antagonistically pleiotropic—each has opposing effects on sexual and asexual 

spore viabilities. Some of the SNPs occur in well-characterized genes involved in sexual 

reproduction, asexual reproduction, or both. Furthermore, an analysis of the entire set of over 

50,000 SNPs across the N. crassa genome shows a negative correlation between effects of all 

SNPs on sexual and asexual viabilities. Data suggest a life history trade-off between sexual and 

asexual spore viabilities drives a large portion of the genetic variation in the N. crassa genome.* 

  

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
* Contributors to this chapter include: Daniel Levitis and Anne Pringle. 
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INTRODUCTION 

 Life history traits are the variable components of organismal biology that impact fitness 

(Lande, 1982; Stearns, 1976; 1977). Most life history parameters—including the parameters 

driving growth, reproduction, and lifespan—are polygenic complex traits encompassing multiple 

components of an organism’s phenotype (Roff, 1993). Analyses of species from diverse 

kingdowns, including Drosophila melanogaster (Remolina, Chang, Leips, Nuzhdin, & Hughes, 

2012), Saccharomyces cerevisiae (Tomar et al., 2013), and Arabidopsis thaliana (Y. Li, Cheng, 

Spokas, Palmer, & Borevitz, 2014) prove that life history traits are often under the control of 

many loci. Because of their impact on fitness, natural selection almost certainly shapes the 

evolution of the many loci underlying life history traits (Ellegren & Sheldon, 2008; Lande, 

1982). In fact, because life history traits have a large effect on fitness, they have been used to 

explain differences in the amounts of neutral and non-neutral molecular evolution within 

organisms (Figuet et al., 2016). 

 Although life history traits are polygenic, there is strong evidence for genetic correlation 

among different life history traits (Roff, 2007). Genetic correlations among traits can be caused 

by linkage disequilibrium or pleiotropy (Solovieff, Cotsapas, Lee, Purcell, & Smoller, 2013). For 

example, linkage disequilibrium between two genes that each influence one of two traits would 

cause the two traits to co-vary. But for the correlation to persist through time and throughout a 

population, the linkage would have to be in a region of suppressed recombination. By contrast, 

pleiotropy is a much simpler and more robust explanation for genetic correlations, and would 

explain the persistence of life history trade-offs even in sexually reproducing populations (Hall, 

2005).  
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 Pleiotropy can cause traits to co-vary because, for example, a pleiotropic mutation 

affecting two traits can increase the fitness associated with both traits, decrease the fitness 

associated with both traits, or increase the fitness associated with one trait and decrease the 

fitness associated with the other. This last hypothetical is an example of antagonistic pleiotropy, 

a phenomenon which can cause life history trade-offs. Antagonistic pleiotropies persist when the 

fitnesses with one or the other trait are dependent on an organism’s environment, life stage, or 

sex (Moran, 1992). For example, antagonistic pleiotropies are the basis of one hypothesis 

explaining the evolution of senescence. According to this hypothesis, mutations with positive 

effects on early life stages have negative effects later in life (Williams, 1957). Antagonistic 

pleiotropies are common and have been evaluated on a gene-by-gene basis in Saccharomyces 

cerevisiae (Qian, Di Ma, Xiao, Wang, & Zhang, 2012), documented as the result of chromosome 

rearrangements in Schizosaccharomyces pombe (Avelar, Perfeito, Gordo, & Ferreira, 2013), and 

found to be a basis for sex-based gene expression differences in Drosophila melanogaster 

(Bochdanovits & de Jong, 2004). However, few studies have analyzed the extent of antagonistic 

pleiotropies across existing genetic variation in natural populations.  

 Here we compare sexual and asexual spore viabilities among wild-isolated strains of the 

genetic model Neurospora crassa. We use RNA sequencing based genetic polymorphism data 

and genome-wide association studies (GWAS) to decipher the molecular genetic basis of the 

spore viabilities. N. crassa is a hermaphroditic, obligately-outcrossing haploid fungus that 

reproduces both sexually and asexually, even in laboratory conditions (Davis, 2000). Sexual 

spores (ascospores) are morphologically distinct from asexual spores (conidia). Ascospores have 

melanized cell walls, are much larger than conidia, and are actively dispersed. The 

morphological differences between sexual and asexual spores reflect functional differences in 
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hardiness and germination dynamics. The fungus is a fire-adapted organism—ascospores only 

germinate after they are exposed to high temperatures or the byproducts of combustion. By 

contrast, conidia are produced in much greater numbers and can germinate immediately if 

sufficient water and nutrients are available. While the ecology of the fungus remains poorly 

understood, sexual reproduction may be adaptive in harsh environments with a constant fire 

pressure, while asexual reproduction may be adaptive in resource-rich environments or over 

shorter time scales.  

 We hypothesized that potential differences associated with the different life history 

strategies provided by sexual and asexual reproduction would result in a trade-off between the 

two traits. However, the fact that transcription factors are shared by developmental pathways 

controlling the formation of ascospores and conidia (Colot et al., 2006) also suggests many genes 

are shared across the two developmental pathways. If there is a trade-off, it may be controlled by 

antagonistically pleiotropic genes or loci.  

 To test these hypotheses, we measured the viabilities of sexual and asexual spores from 

21 previously sequenced wild-isolated N. crassa (Ellison et al., 2011). We document a striking 

trade-off between sexual and asexual spore viability. We performed a GWAS for each trait and 

by jointly analyzing the results, we identified SNPs significantly associated with both traits. 

These SNPs are in fact antagonistically pleiotropic, with opposing effects on sexual and asexual 

spore viabilities. Finally, we extended our analysis to compare the effects of over 50,000 SNPs 

(from across the genome) on both traits. We found a significant negative correlation between the 

effects of SNPs on sexual and asexual spore viabilities. This comprehensive SNP effect analysis 

indicates that most SNPs in the N. crassa genome have antagonistically pleiotropic effects on 

two life-history traits.  
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METHODS 

Measuring the viability of sexual and asexual spores 

We measured the viability of ascospores and conidia produced by 21 N. crassa strains 

collected from the wild (Table 2.2). Strains are sequenced (Ellison et al., 2011) and various 

ascospore characteristics were phenotyped in an experiment designed to measure maternal 

effects (Chapter 1 and 2). In brief, after obtaining the 21 strains from the Fungal Genetics Stock 

Center (McCluskey et al., 2010), the experiment used a fully reciprocal cross design to derive 

breeding values (“best linear unbiased predictors” or “BLUPS”) for each strain first acting as a 

mother, and then as a father (the fungus is hermaphroditic). We used the maternal breeding 

values derived from proportions of pigmented spores as a measure of sexual viability. Ascospore 

pigmentation is a proxy for viability; darkly pigmented spores are viable and unpigmented spores 

are inviable (Davis, 2000). Maternal breeding values measure both nuclear and mitochondrial 

genetic effects and their interactions; the higher the breeding value, the more effective a strain is 

as a mother across crosses.  

 Because asexual viability was not measured in the previous study (maternal effects cite), 

we used plating assays to measure the viability of conidia. We inoculated each strain onto a slant 

containing Vogel’s medium N (VM) (Vogel, 1956) plus 1% sucrose and 1.5% agar. After 

incubating slants for 7 days at 25°C, we harvested conidia by adding 10 mL of diH2O to each 

slant and filtered the resulting suspension through cotton to remove hyphal fragments. We 

dropped 10 µL of the conidial suspension onto each of four replicate Petri dishes (filled with 

VM) and spread the conidia using a bent Pasteur pipette (to minimize spore loss). After an 

overnight incubation at 25°C, we counted the colonies resulting from germinated conidia on each 

plate using a dissecting microscope. 



! 71 

Comparing viabilities of sexual and asexual spores 

 We tested for a relationship between sexual (BLUP values for proportions of pigmented 

spores) and asexual (conidial germination means) viabilities while accounting for phylogenetic 

relatedness among strains by using a phylogenetic generalized least squares model (PGLS). The 

phylogeny of the 21 strains was derived by trimming tips from a previously published phylogeny 

(Ellison et al., 2011). In PGLS, the phylogenetic signal can be approximated using Pagel’s 

lambda or trait evolution across the phylogeny can be modeled using Brownian motion 

(Symonds & Blomberg, 2014). We first used Pagel’s lambda in our PGLS model, however the 

estimate was not significantly different from the extreme lambda values of 0 or 1 (ANOVA for 

estimated lambda vs. lambda of 0: p=0.126; estimated lambda vs. lambda of 1: p=0.169). 

Therefore, we used the more conservative Brownian motion model of trait evolution in our 

PGLS calculations. Phylogeny trimming and PGLS computations were performed with the ape 

version 3.4 in R version 3.2.3 (Paradis, Claude, & Strimmer, 2004).  

SNP Identification 

We identified polymorphic sites across the transcriptomes of the 21 N. crassa strains 

using the Broad Institute’s best practices guide for calling variants from RNA-seq data 

(http://gatkforums.broadinstitute.org/discussion/3891/calling-variants-in-rnaseq). The N. crassa 

reference genome sequence (version NC12) and transcript annotations were downloaded from 

http://www.broadinstitute.org/annotation/genome/neurospora/MultiDownloads.html. For each 

strain, we aligned the raw reads downloaded from the Sequence Read Archive 

(http://www.ncbi.nlm.nih.gov/Traces/sra/?study=SRP004848) to the reference genome using 

STAR (Dobin et al., 2012) with a maximum of 2 mismatches per read. STAR is a splice-aware 

aligner that uses gene annotations to align reads across splice junctions, increasing accuracy. 
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Following alignment, we used Picard (http://broadinstitute.github.io/picard/) to flag duplicate 

reads stemming from the PCR used to prepare libraries. The Genome Analysis Toolkit 

(McKenna et al., 2010) HaplotypeCaller function was used to identify variants (including SNPs, 

insertions, and deletions) in each strain, followed by joint genotyping of all strains using the 

GenotypeGVCFs function. We filtered variants to exclude those with Fisher Strand (FS) values 

> 30.0 and Quality-by-Depth (QD) values < 2.0. In subsequent association analyses, we filtered 

variants to include only biallelic SNPs genotyped in all 21 strains, and excluded sites with a 

minor allele count of one.  

GWAS and characterization of pleiotropic SNPs 

 We performed generalized linear model (GLM) based genome-wide association analyses 

independently for each trait (proportion pigmented BLUPs and conidial germination) and 

corrected for population structure by including the first three principal components from a 

principal components analysis (PCA) on 3943 unlinked (separated by at least 5000 bp) genome 

wide SNPs. GLM based association analyses and PCA were computed in TASSEL version 5.0 

20151113 (Bradbury et al., 2007). P-values from both analyses were used to find pleiotropic 

SNPs significantly associated with both sexual and asexual offspring viability. We used the GPA 

package version 0.9-3 (Chung, Yang, Li, Gelernter, & Zhao, 2014) in R version 3.2.3 to 

calculate local false discovery rate (FDR) values for each SNP. Pleiotropic SNPs were deemed 

significant if their local FDR value was less than 0.01. We used SnpEff (Cingolani et al., 2014) 

to determine the effect of SNPs on genes and the FungiDB (www.fungidb.com) database to 

determine gene names, functions, and other annotations. For each significant pleiotropic SNP, 

we calculated linkage disequilibrium using PLINK version 1.07 (Purcell et al., 2007) between 
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the SNP and other biallelic variants (such as indels) within 20 kb upstream and downstream of 

the SNP. 

 We next calculated the genome-wide correlation between asexual and sexual viability 

genotype effects (the estimated effect of a SNP’s major allele on a trait) for all SNPs. To assess 

the significance of the genome-wide genotype effect correlation we performed a permutation 

test. We generated 1000 random genotype-phenotype datasets by shuffling the strain identities 

while holding the two trait values constant. This preserved the correlation between trait 

phenotypes while permuting the underlying genotypes. For each simulated dataset, we performed 

GWAS as outlined above and calculated a correlation value. The 1000 correlation values were 

used as the null distribution from which we calculated the p-value of our real-data correlation 

value. 
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RESULTS 

A trade-off between sexual and asexual viability in N. crassa 

 A clear trade-off between the viabilities of sexual and asexual spores is apparent within 

our sample of wild N. crassa strains (Fig 3.1). Strains that produce a high proportion of viable 

ascospores produce a smaller proportion of viable conidia, and those producing a high proportion 

of viable conidia produce a smaller proportion of viable ascospores. The trade-off is not caused 

by phylogenetic relationships among strains, as evident from the phylogenetic least squares 

(PGLS) model (Fig 3.1).  
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Figure 3.1 
Trade-off between sexual and asexual offspring viabilities across 21 N. crassa strains. Sexual 
spore viability values are the BLUPs for the proportion of pigmented ascospores. Asexual spore 
viability values are the proportion of conidia that germinated after plating on nutrient media. 
Solid trend line marks a linear model calculated with a Brownian-motion based PGLS: y = -
0.9507x + 0.5402; slope P-value = 0.038, intercept P-value = 0.0834. Dashed trend line shows 
linear model without phylogenetic correction.  
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SNP Calling and Genotyping 

 We identified 113,635 biallelic SNPs with sequencing coverage across all 21 strains. 

After removing sites with minor allele counts of one, our final dataset included 55,929 biallelic 

SNPs. This dataset represents an average of 26 SNPs per gene, with 88.48% of annotated genes 

containing 5 or more SNPs; 293 genes had zero SNPs.  

SNPs significantly associated with sexual and asexual spore viabilities 

 Our joint analysis of the independent GWAS statistics from each trait (sexual and asexual 

spore viabilities) identified 36 SNPs in 30 genes with FDR < 0.01. SNPs are distributed across 

all seven linkage groups of N. crassa (Table 3.1 and Fig 3.2). Given the number of SNPs 

identified, an FDR < 0.01 suggests that fewer than one SNP (0.36 SNP) will be a false positive. 

Linkage analysis between identified pleiotropic SNPs and other SNPs and biallelic variants (for 

example indels) within a 20 kb region around each identified SNP revealed only one additional 

pleiotropic variant not included in our biallelic SNP data; an indel at 1_5446579 (linkage group _ 

position) linked to SNP 1_5460481 (R2 =.70833) (Appendix 3.1 and Table 3.1). This indel 

occurs in the NCU09132 gene (annotated as tubulin-alpha 1) and is a 3’UTR variant. The linked 

SNP, 1_5460481, occurs in the NCU09136 gene, which shares homology with casein-kinase II.  
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Table 3.1 
36 SNPs with joint association FDR < 0.01. “LG:Pos” = SNP linkage group:position. Alternative 
transcripts denoted by “.1/.2”. “Sex/Asex” = published evidence for involvement in sexual 
reproduction (“Sex”), asexual reproduction (“Asex”), or both (“Sex+Asex”).   

LG:Pos Joint FDR Gene ID Gene Name Sex/Asex  
1:4393284 3.272E-03 NCU03062 formin binding protein  
1:5389199 4.070E-03 NCU09117 extracellular cell wall glucanase Crf1 

(gh16-11)  
 

1:5460481 4.070E-03 NCU09136 hypothetical protein  
1:5460585 3.443E-04 NCU09136  hypothetical protein   
1:5597118 4.070E-03 NCU08370 sporulation protein RMD8  Sex 
1:5597243 2.592E-03 NCU08370 sporulation protein RMD8  Sex 
1:5597438 4.070E-03 NCU08370 sporulation protein RMD8  Sex 
1:7717031 2.592E-03 NCU00646.1/.2 Methyltransferase LaeA Asex 
1:8132004 4.070E-03 NCU00523.1/.2 NAD-dependent deacetylase sirtuin-2 

(nst-2)  
 

1:8219686 7.709E-03 NCU00499  
NCU16460 

all development altered-1 (ada-1) 
hypothetical protein 

Sex+Asex 

1:8776338 4.070E-03 NCU02895 MutT/nudix family protein   
2:858912 4.654E-03 NCU03396  nucleolar protein nop-58 (rbg-18)   
2:2709175 4.070E-03 NCU01689.1/.2 Mitochondrial DNA replication protein 

YHM2 
 

2:2710398 4.070E-03 NCU01689.1/.2 Mitochondrial DNA replication protein 
YHM2 

 

2:2897423 4.070E-03 NCU01632  aromatic-1 gene cluster (aro-1)  
2:3572532 4.070E-03 NCU08457  easily wettable (eas) (bli-7; ccg-2) Asex 
2:3983907 4.070E-03 NCU08417  hypothetical protein   
3:1305132 4.070E-03 NCU06410 GTP-binding protein YPT52   
3:1327364 4.070E-03 NCU06417  uracil-5-carboxylate decarboxylase (uc-7)   
3:2341803 4.070E-03 NCU00027 

NCU00028.1/.2 
hypothetical protein (tsp-1) 
unspecified product  

 

3:2414685 4.070E-03 NCU00050  pyruvate dehydrogenase X component   
4:1837361 5.910E-03 NCU06623  hypothetical protein   
4:3454583 4.070E-03 NCU04413.1/.2 UPF0132 domain-containing protein   
4:3606693 4.070E-03 NCU04370  ubiquitin-activating enzyme E1 1  Sex 
4:3825401 2.906E-03 NCU07989 

NCU07990  
AP-2 complex subunit sigma (cas-1) 
hypothetical protein  

Sex 

4:3825534 2.906E-03 NCU07989 
NCU07990  

AP-2 complex subunit sigma (cas-1) 
hypothetical protein  

Sex 

4:5272509 4.070E-03 NCU09929  hypothetical protein   
4:5445949 4.070E-03 NCU05290 orotate phosphoribosyltransferase (pyr-2)   
5:3510818 4.070E-03 NCU01282 vacuolar-sorting protein snf-7 (vsp-3)   
5:3674509 4.070E-03 NCU01328  transketolase  
5:3674599 4.070E-03 NCU01328  transketolase  
5:3675389 4.070E-03 NCU01328  transketolase  
5:3675440 4.070E-03 NCU01328  transketolase  
5:4407710 4.070E-03 NCU06727  spermidine-3 (spe-3) Asex 
6:15444 4.070E-03 NCU07139  beak-2 (bek-2) Sex+Asex 
7:3334928 9.984E-03 NCU02207 T-complex protein 1 subunit beta (cpn-2)  



! 78 

 

Figure 3.2  
Pleiotropic SNPs found across the N. crassa genome. This Manhattan plot maps the results of the 
genome wide pleiotropy analysis across each linkage group. Significant SNPs (FDR<0.01) are 
black, all others are grey. The dotted line marks the threshold for significance (FDR = 0.01). 
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 The majority of identified pleiotropic SNPs occur in 5’ or 3’ UTRs (24 of the 47 gene 

modifications annotated by the snpEff tool) (Table 3.2). The number of gene modifications is 

greater than the number of pleiotropic SNPs because there is overlap of the UTR regions 

between inverted gene pairs; several SNPs impacted multiple genes (Table 3.1). Direct evidence 

is available in the published literature that 7 of the 30 genes influence either asexual 

reproduction, sexual reproduction, or both (Table 3.1; references in Appendix 3.2). Three of 

these seven genes are well characterized (NCU0499 ada-1, NCU08457 eas, NCU07139 bek-2; 

Table 3.1). Other genes we identified which have no direct evidence for influencing sexual or 

asexual reproduction are involved in fundamental cellular processes including DNA and RNA 

processing, nuclear dynamics, and cellular development (Appendix 3.2).  

 

Table 3.2 
Summary of effects of SNPs on genes. Note: total number of effects, 47, is greater than the 
number of significantly associated SNPs because some SNPs have effects on multiple genes or 
transcripts. 
SNP Effect  Count 
3' UTR 14 
5' UTR Premature Start 3 
5' UTR 7 
Missense 2 
Synonymous 21 
  



! 80 

 All 36 SNPs identified by our joint GWAS analysis are antagonistically pleiotropic. In 

other words, the effects of the major allele of each SNP were positive for one trait and negative 

for the other trait, but never both positive or both negative. 30 of the 36 SNPs had a positive 

effect on asexual viability and a negative effect on sexual viability, and six SNPs had a negative 

effect on asexual viability and a positive effect on sexual viability (Appendix 3.3). 

Genome-wide antagonistic pleiotropy 

 A genome-wide negative correlation (R2 = -0.7612) between effects on sexual and 

asexual viabilities is apparent when all 55,929 SNPs are analyzed as a group (Fig 3.3). The 36 

SNPs we identified as significantly associated with both sexual and asexual viability fall at the 

extremes of this correlation (Fig 3.3). Permutation testing reveals the observed correlation as 

significantly different from random (in fact none of the 1000 randomly generated datasets 

produced a stronger negative correlation) (Appendix 3.4). SNPs with antagonistic effects are 

evenly distributed across the genome of N. crassa (Appendix 3.5). 
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Figure 3.3 
The effects of all 55,929 SNPs on sexual vs. asexual spore viabilities. Red points are the 36 
SNPs (Table 2) significantly associated with both sexual and asexual spore viabilities (FDR < 
0.01). All other points are plotted in translucent gray; darker grey indicates overplotting.  
Pearson’s product moment correlation: R2 = -0.7612, P = 2E-16.   
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DISCUSSION 

 Strains of N. crassa can reproduce both sexually and asexually, but our results show that 

any particular individual cannot use both forms of reproduction equally well. We found a 

striking trade-off between the viabilities of sexual and asexual spores (Fig 3.1) and we identified 

specific SNPs strongly associated with this trade-off (Fig 3.2, Table 3.1). We also demonstrated 

that antagonistic pleiotropy for these two traits is common across the entire N. crassa genome 

(Fig 3.3, Appendix 3.5). In sum, our results suggest that a trade-off between two traits critically 

relevant to fitness—viabilities of sexual and asexual spores—can influence much of the natural 

genetic variation in an organism.  

 Many life history trade-offs are known to have a genetic basis based on experiments that 

control for physiological or environmental variables or show heritability of the trade-off (Flatt & 

Heyland, 2011). In our experiment, we confirmed the trade-off as having a genetic basis because 

the N. crassa strains were grown and measured in identical conditions in the laboratory. The 

results of our PGLS model suggest the genetic-basis of the trade-off is likely to have been the 

result of adaptation to environmental conditions and driven by ecological pressures, rather than 

drift. The negative relationship between traits persists even after accounting for simulated drift 

across the phylogeny of the 21 strains (Fig 3.1). We cannot confirm what kind of environmental 

parameters drive the trade-off because the strain collection data does not include specific 

descriptions substrates, habitats, or environmental histories of collection sites. However, we did 

compare the latitude of the strains, as a proxy for environment, to their trait values and found no 

significant relationship (Appendix 3.6).   

 Although the ecological parameters driving the trade-off between viabilities of sexual and 

asexual spores remain unknown, our genome wide association analysis identified specific genes 
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and genetic polymorphisms associated with this trade-off. We identified 36 SNPs across 30 

genes significantly associated with both sexual and asexual spore viabilities (Table 3.1). The 

majority of significantly associated SNPs occur in 3’ and 5’ UTRs of genes (Table 3.2). UTRs of 

genes are involved in transcriptional regulation (Araujo et al., 2012), post transcriptional 

regulation (Lai, 2002), and transcript targeting and stability (Giorgi & Moore, 2007).  In 

particular, in many animals and plants, 3’ UTRs contain binding sites for micro RNAs (miRNA) 

that can regulate translation by blocking translational machinery (Bartel, 2009). Although N. 

crassa and other fungi possess the machinery for producing miRNA, small interfering RNA 

(siRNA), and micro-RNA-like small RNA (milRNA) (H.-C. Lee et al., 2010), there are no 

existing databases with which we could interrogate the 3’UTRs of genes we identified. Whether 

these 3’ UTRs contain binding sites for such regulatory RNA remains an open question.   

 Two lines of evidence suggest the SNPs we identified are functionally tied to the trade-

off between sexual and asexual spore viabilities. First, we used a conservative FDR cut-off of 

0.01, so from a statistical perspective the SNPs have a very low probability of being false 

positives.  Second, from a biological perspective, seven of the genes containing significantly 

associated SNPs have known effects on sexual and asexual spore production (Table 3.1). Three 

of these seven genes are well characterized in the N. crassa genetic literature: ada-1 (NCU0499), 

eas (NCU08457), and bek-2 (NCU07139). The gene ada-1 encodes a basic leucine zipper (bZIP) 

transcription factor essential for both asexual and sexual development (Chinnici, Fu, Caccamise, 

Arnold, & Free, 2014; Colot et al., 2006). Gene expression analysis indicates ada-1 may be 

involved in carbon compound and carbohydrate metabolism (Tian, Li, & Glass, 2011). A gene 

involved in the development of conidia, eas (ccg-2, bli-7) is a well-characterized circadian-clock 

controlled gene that encodes a protein critical to the hydrophobicity of conidia !
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(Bell-Pedersen, Dunlap, & Loros, 1992; Bell-Pedersen, Lewis, Loros, & Dunlap, 2001; 

Selitrennikoff, P. C., 1976). In N. crassa, the circadian clock is entrained by light exposure and 

regulates genes like eas that play a role in sexual or asexual development (Baker, Loros, & 

Dunlap, 2012). The gene bek-2 is a transcription factor essential for the formation of the 

perithecial beak, which is a sub-structure of the perithecia from which sexual spores are 

dispersed (Colot et al., 2006). When bek-2 is deleted, the deletion causes a defect in sexual 

reproduction, but it also increases hyphal growth rates and aerial hyphal extension, two processes 

linked to asexual spore formation (Colot et al., 2006). In summary, the functional data provide 

ample support that ada-1, bek-2, and eas are pleiotropic genes influencing sexual and asexual 

reproduction.  

 Our results support the hypothesis that mutations or genes with antagonistically 

pleiotropic effects are the basis of genetic trade-offs; all 36 SNPs significantly associated with 

both traits have opposite effects on sexual and asexual spore viabilities (Appendix 3.3). The 

majority of these jointly associated SNPs had a negative effect on sexual spore viability and a 

positive effect on asexual spore viability. To determine if this result was a product of the number 

of low p-value SNPs in each separate GWAS, we separately analyzed the distribution of GWAS 

statistics for each trait and found 31 low p-value SNPs (p < 0.001) associated with asexual spore 

viability, compared to eight low p-value SNPs associated with sexual spore viability. All of these 

low p-value SNPs had positive effects on their respective traits. Therefore, the prevalence of 

identified pleiotropic SNPs with negative effects on sexual spore viability and positive effects on 

asexual spore viability may be caused by the greater number of SNPs with low p-values in the 

asexual spore viability GWAS. The greater number of low p-value SNPs associated with asexual 
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spore viability is not surprising, because our measure of asexual spore viability is direct, 

compared to the inferred BLUP values used to measure sexual spore viability for each strain.  

 Theory predicts that traits with large fitness effects, including life history traits, will 

reduce genetic variation because of rapid selection for beneficial alleles and against deleterious 

alleles (Mousseau & Roff, 1987). In reality, many traits with large fitness effects are genetically 

variable. One explanation for genetic variation in traits with large fitness effects is pleiotropy—

the same genes may control multiple traits with different effects on fitness!

(Charlesworth & Hughes, 1996; Prout, 1980; Roff, 1996). Despite the potential for pleiotropy to 

maintain genetic variation in life history traits, few studies have explicitly tested for pleiotropy 

within life history traits (Walsh & Blows, 2009). Our analysis of all 55929 SNPs across the N. 

crassa genome documents widespread antagonistic pleiotropy associated with the trade-off 

between viabilities of sexual and asexual spores (Fig 3.3). The majority of SNPs are 

antagonistically pleiotropic; the estimated effect of the major allele is positive for one trait and 

negative the other. On an individual basis, most of these SNPs are not significantly associated 

with both traits. However, the negative correlation between SNP effect values is significant when 

all of the SNPs of the genome are analyzed together and compared to correlations of simulated 

SNP effect values (Appendix 3.5). Most GWAS-based research focuses on identifying individual 

SNPs associated with a trait or disease of interest. However, analyzing the overall distribution of 

SNP effects and comparing the real distribution to distributions calculated for randomly 

generated genotype-phenotype datasets (e.g. Supplementary Fig 3) may be useful for 

understanding the amount of genetic variation influenced by a given trait. 

 The genome-wide antagonistic pleiotropy we identify within N. crassa may be 

particularly strong because of a genome defense mechanism causing reduced gene duplication 
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due to repeat-induced point mutation (RIP) (Galagan et al., 2003). RIP is a process occurring 

during meiosis that mutates all copies of duplicated DNA (Cambareri, Jensen, Schabtach, & 

Selker, 1989). A lack of gene duplication may increase pleiotropy because one way to escape the 

adaptive constraints of pleiotropy is through gene duplication, either through aneuploidy or 

duplication of chromosomal segments (segmental duplication). Reduced gene duplication is 

found not only in N. crassa, but also in other Euascomycota fungi (Wapinski, Pfeffer, Friedman, 

& Regev, 2007), and there may be higher prevalence of pleiotropy in these fungi.   

Conclusion 

 Characterizing life history traits in natural populations provides insights about the 

population dynamics, demography, and ecology of organisms. Using a genetic model organism, 

in particular, provides insights about the molecular basis of life history traits and the effects of 

life history traits on genetic variation. Our work with wild isolates of the genetic model N. crassa 

reveals the specific genes associated with a life history trade-off between sexual and asexual 

spore viabilities. By extending analyses across the entire genome, we find that the majority of 

SNPs spanning the genome are antagonistically pleiotropic. This finding confirms theory 

predicting that genetic variation in traits with large fitness effects is caused by trade-offs among 

those traits. 
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APPENDICES 

APPENDIX 1.1  

Formalization of the SPREAD algorithm 
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APPENDIX 1.2 

Summary of negative binomial model from which data were simulated 

Call: 

glmmadmb(formula = total_char_ascospores ~ geo * gen_dis + 

geo_sq + gen_dis_sq + offset(logtime), data = 

total_ascospore_data, family = "nbinom", zeroInflation = F) 

 

Coefficients: 

            Estimate Std. Error z value Pr(>|z|)     

(Intercept)   4.1191     0.0652   63.16  < 2e-16 *** 

geo           0.3973     0.0768    5.17  2.3e-07 *** 

gen_dis      -0.4475     0.0699   -6.40  1.6e-10 *** 

geo_sq       -0.1505     0.0364   -4.14  3.5e-05 *** 

gen_dis_sq   -0.2233     0.0386   -5.78  7.3e-09 *** 

geo:gen_dis   0.1816     0.0786    2.31    0.021 *   

--- 

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

 

Negative binomial dispersion parameter: 0.80096 (std. err.: 

0.033179) 
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APPENDIX 2.1  

Example flow-cytometry plot of spore sample 
 

!
Example plot of forward scatter height (FSC-H) vs. side scatter width (SSC-W) of clustered flow 
cytometry data from a pooled set of 96 analyzed ascospore samples. Colors represent cluster 
assignment based on all measured flow cytometry parameters. Black and orange are conidia, 
yellow is fluorescent beads, green is pigmented ascospores, tan is hyaline ascospores and small 
grey dots represent outliers. 
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APPENDIX 2.2  

Verification of flow-cytometry method – Proportion pigmented 
 

!
Asymptotic non-linear least squares regression of the proportion of pigmented spores measured 
by flow cytometry vs. counting. Asymptote =  0.984  (standard error = 0.0326,  p  < 2e-16), y-
intercept = 0.0423 (standard error = 0.0326, p = 0.199), log of rate constant = 1.844 (standard 
error = 0.109, p < 2e-16). 
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APPENDIX 2.3 

Verification of flow-cytometry method – Germination 
 

.
Asymptotic non-linear least squares regression of the proportion of germinated spores measured 
by counting vs. flow cytometry. Asymptote =  0.891 (standard error = 0.0868,  p  = 1.46e-14), y-
intercept = 0.333 (standard error = 0.0247, p < 2e-16), log of rate constant = 0.786 (standard 
error = 0.353, p = 0.0301).!
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APPENDIX 2.4 

Derivation of distribution specific variance (σ d
2 ) for the negative binomial distribution  

 
This derivation follows Appendix 1 of Nakagawa and Schielzeth (2013). 
 
For a random variable distributed according to the negative binomial distribution we define the 
mean and variance respectively as: 
 
(0.1)  E(x) = µ   

(0.2)  var(x) = µ 1+ µ
α

⎛
⎝⎜

⎞
⎠⎟   

 
Approximating the distribution of ln(x) we use the natural logarithm of a log-normal distribution 
and the variance is thus defined as: 
 

(0.3)  var(ln(x)) = ln 1+ var(x)
µ2

⎛
⎝⎜

⎞
⎠⎟  

 
The variance defined in (0.2) is then substituted into (0.3) 
 

(0.4)  var(ln(x)) = ln 1+
µ 1+ µ

α
⎛
⎝⎜

⎞
⎠⎟

µ2

⎛

⎝

⎜
⎜
⎜

⎞

⎠

⎟
⎟
⎟

 
 
This is simplified to: 
 

(0.5)  var(ln(x)) = ln 1+ 1
µ
+ 1
α

⎛
⎝⎜

⎞
⎠⎟  

 
Finally, we replace var(ln(x)) with σ d

2  and µ  with exp(β0 ) : 
 

(0.6)  σ d
2 = ln 1+ 1

exp(β0 )
+ 1
α

⎛
⎝⎜

⎞
⎠⎟  

 
The models with a negative binomial response distribution are calculated using multiplicative 
overdispersion. To obtain the residual variance, we multiplied σ d

2  by the overdispersion 
parameter (α  in the above equations) instead of adding the additive dispersion component to σ d

2  
as in Nakagawa and Schielzeth (2010) (Nakagawa & Schielzeth, 2010). 
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APPENDIX 2.5  

Model parameter values with the lower and upper bound of the parameter value HPD  
 

Model Parameter Value lower upper 
PeritheciaCount (Intercept) 5.48 5.19 5.76 
PeritheciaCount Genetic Distance 0.08 0.03 0.15 
PeritheciaCount (Genetic Distance)2 0.04 0.01 0.07 
PeritheciaCount Geographic Distance NA NA NA 
PeritheciaCount (Geographic Distance)2 NA NA NA 
PeritheciaCount Genetic:Geographic Distance NA NA NA 
TotalAscospores (Intercept) 3.43 2.95 3.84 
TotalAscospores Genetic Distance -0.13 -0.29 0.01 
TotalAscospores (Genetic Distance)2 -0.09 -0.14 -0.03 
TotalAscospores Geographic Distance 0.18 0.06 0.31 
TotalAscospores (Geographic Distance)2 NA NA NA 
TotalAscospores Genetic:Geographic Distance NA NA NA 
ProportionPigmented (Intercept) -0.4 -0.58 -0.2 
ProportionPigmented Genetic Distance -0.18 -0.25 -0.11 
ProportionPigmented (Genetic Distance)2 -0.05 -0.08 -0.02 
ProportionPigmented Geographic Distance 0.1 0.04 0.17 
ProportionPigmented (Geographic Distance)2 -0.07 -0.1 -0.04 
ProportionPigmented Genetic:Geographic Distance -0.06 -0.11 -0.02 
PigmentedSize (Intercept) 1.85 1.8 1.9 
PigmentedSize Genetic Distance NA NA NA 
PigmentedSize (Genetic Distance)2 NA NA NA 
PigmentedSize Geographic Distance 0.03 0.01 0.04 
PigmentedSize (Geographic Distance)2 -0.01 -0.02 0 
PigmentedSize Genetic:Geographic Distance NA NA NA 
PigmentedGermination (Intercept) -1.05 -1.32 -0.76 
PigmentedGermination Genetic Distance NA NA NA 
PigmentedGermination (Genetic Distance)2 -0.03 -0.06 0 
PigmentedGermination Geographic Distance NA NA NA 
PigmentedGermination (Geographic Distance)2 NA NA NA 
PigmentedGermination Genetic:Geographic Distance NA NA NA 
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APPENDIX 2.6 

Correlogram showing comparing phenotype values across traits 
 

 
Correlogram showing all possible pairwise comparisons between the five measured traits. The 
values shown are Pearson’s correlation coefficients with 95% confidence intervals.  
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APPENDIX 2.7  

Testing for associations between mitochondrial DNA SNPs and ascospore germination 

Methods 

Identifying mtDNA SNPs  

 To characterize the influence of mitochondrial genetic variation on ascospore 

germination (proportion pigmented germinated), we first identified SNPs in the mitochondrial 

genome. Previously published SNP data (Ellison et al., 2011) do not target the mtDNA, and so 

we called variants from the raw sequencing data available through the Sequence Read Archive 

for each of the 21 strains used in our experiment 

http://www.ncbi.nlm.nih.gov/Traces/sra/?study=SRP004848. We adopted the Broad Institute’s 

currently available best practices for calling variants from RNA-seq data 

http://gatkforums.broadinstitute.org/discussion/3891/calling-variants-in-rnaseq, and our complete 

workflow is available online http://dx.doi.org/10.5281/zenodo.46345. 

 Briefly: the reference N. crassa nuclear (version NC12) and mitochondrial genome 

sequences (version mito10) as well as their corresponding transcript annotations (.gtf files) were 

downloaded from 

http://www.broadinstitute.org/annotation/genome/neurospora/MultiDownloads.html. For each 

strain, we aligned the raw sequencing reads to both the reference nuclear and mitochondrial 

genomes simultaneously. This approach minimizes mapping of nuclear mitochondrial genes to 

their orthologs in the mitochondrial genome and increases the accuracy of mtDNA variant 

detection (P. Zhang et al., 2015). We aligned reads using STAR (Dobin et al., 2012) with a 

maximum of 2 mismatches per read. STAR is a splice-aware aligner that uses gene annotations 

to align reads across splice junctions. Following alignment, we flagged duplicate reads 
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(stemming from PCR used in the original sequencing library preparation for each strain) using 

Picard (http://broadinstitute.github.io/picard/). The Genome Analysis Toolkit (McKenna et al., 

2010) HaplotypeCaller function was next used to identify variants for each strain followed by 

joint genotyping of all strains using the GenotypeGVCFs function. We filtered variants to 

exclude those with Fisher Strand (FS) values greater than 30.0  and Quality-by-Depth (QD) 

values less than 2.0. Finally, we filtered variants to include only biallelic SNPs.   

 To assess the completeness of sequencing of the mitochondrial genome across strains, we 

used allelic coverage values (the number of strains in which a given allele was sequenced) and 

calculated number of sites within the mitochondrial genome sequenced in 10 or more of the 21 

N. crassa strains. Allelic coverage was determined for all sites by running the above variant 

calling pipeline for each strain with options enabled to also call non-variant alleles for every 

reference base.  

Association study 

 We used a generalized linear model (GLM) based association analysis to test for 

associations between the mitochondrial SNPs (using only SNPs with allelic coverage in 10 or 

more strains and an alternate allele count greater than one) and maternal BLUP values from the 

proportion pigmented germinated mixed effects model. We corrected for population structure by 

including the first three principal components from a principal components analysis (PCA) of 

3273 unlinked genomic variant sites (separated by at least 5000 bp) from the SNP dataset of 

Ellison et al. (2011). GLM based association analysis and PCA were computed in TASSEL 

version 5.0 20151113 (Bradbury et al., 2007). 
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Results and Discussion 

Variant Calling 

 Among the 21 strains, we identified 34 sites within the mtDNA with biallelic SNPs 

(Table 1). For all but one of the SNPs (at 4013bp), alleles could not be called across all strains 

(Table 1). But, we identified nine SNPs with allelic coverage across 10 or more strains (Table 1 

and Figure 1).   

 More generally, only 0.028% of all sites  (variant and non-variant) with coverage across 

10 or more strains were polymorphic. One explanation for the lack of variability would be lack 

of sequencing coverage. But this does not seem to be the cause of the lack of variability in the 

current dataset—our variant calling pipeline identified 6755 sites (variant and non-variant) in 

which alleles were called across all 21 strains, and 32441 sites (variant and non-variant) in which 

alleles were called across 10 or more strains. The 32441 sites with allelic coverage in 10 or more 

strains were evenly distributed across the mitochondrial genome (Figure 1 – outer ring). The lack 

of variability does not appear to be the result of low sequencing coverage, rather there seems to 

be a genuine lack of variation in the mitochondrial genome. A recent analysis of mitochondrial 

genomes from 18 classical mutant strains of N. crassa also found very little genetic variation 

(McCluskey, 2012).   

Association Analysis 

 None of the 9 SNPs—with allelic coverage in 10 or more strains—were associated with 

proportion pigmented germinated BLUP values (Table 2). The lack of association between 

mitochondrial genetic variation and germination ability suggests that mitochondria are not 

involved in the maternal effect on germination.  

  



! 99 

Conclusions 

• There is very low variation in mitochondrial DNA compared to nuclear DNA, and this 

result is not an artifact of low sequencing coverage. 

• There is no significant association between any of the mitochondrial DNA variants we 

identified from RNA-seq data and proportions of pigmented spores that germinated. 

• Therefore, variation in the mitochondrial genome is probably not responsible for the 

significant maternal effect on germination observed in our experiment. 
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Table 1. A list of all variable sites within the mitochondrial genome. Some sites were not located 
in annotated genes (denoted by: --). Allelic coverage is the number of strains in which the allele 
(either alternate or reference) could be called. Gray rows indicate the sites selected for 
association analyses.  
 
Position Gene Name Reference 

Allele 
Alternate 
Allele 

Allelic 
Coverage  

Count of Alternate 
Allele 

2246 -- C G 6 6 
4013 small subunit ribosomal 

RNA 
C G 21 4 

32246 NADH Dehydrogenase 
Subunit 5 

C A 20 9 

34253 cytochrome B A C 17 2 
34619 cytochrome B A G 1 1 
34623 cytochrome B A G 1 1 
35465 cytochrome B A G 4 1 
35471 cytochrome B T G 4 1 
35494 cytochrome B G A 6 1 
35514 cytochrome B T C 4 1 
39471 cytochrome c oxidase 

subunit 1 
G C 18 1 

39475 cytochrome c oxidase 
subunit 1 

T C 18 1 

40880 cytochrome c oxidase 
subunit 1 

T C 7 4 

40895 cytochrome c oxidase 
subunit 1 

T G 6 2 

40923 cytochrome c oxidase 
subunit 1 or hypothetical 
protein 

C A 13 5 

42497 hypothetical protein A C 14 4 
42499 hypothetical protein A T 14 3 
42504 hypothetical protein C T 13 4 
50172 hypothetical protein C A 4 2 
50407 hypothetical protein T A 6 2 
50474 -- A G 7 4 
50490 -- C G 8 3 
50588 -- G T 7 3 
50705 hypothetical protein T C 2 2 
51762 -- A C 7 4 
51764 -- T G 8 4 
53903 -- A C 12 3 
53915 -- C T 8 1 
57811 -- T G 17 6 
62732 -- G T 3 1 
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Figure 1. Map of N. crassa mitochondrial genome and identified alleles. Outer ring of points 
represents sites with base calls in 10 or more strains; this is a measure of overall sequencing 
coverage. Blue rectangles are exons, whose positions were derived from the N. crassa 
mitochondrial genome .gtf file. The inner rings plot points based on the allelic coverage (the 
number of strains for which there is sequencing data). Orange stars highlight the points 
corresponding to the SNP sites used in the association analyses. The cluster of SNP sites near 
42500bp represents three sites (42497bp, 42499bp, and 42504bp). 
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 Table 2. Results of association analyses. Listed are the p-values for the probability of 
association between the pattern of polymorphism at each site and the proportion pigmented 
germinated maternal BLUP values using a generalized linear model with population structure (as 
the first three principal components) of the 21 N. crassa strains as a covariate. F is the F-statistic 
and R2 is the correlation statistic. 
Position p-value F R2 
4013 0.78656 0.07582 0.00451 
32246 0.21875 1.67009 0.11019 
34253 0.22664 1.62416 0.11555 
40923 0.2623 1.45427 0.11926 
42497 0.79872 0.069 0.00557 
42499 0.27811 1.33237 0.09447 
42504 0.65242 0.21882 0.02485 
53903 0.71223 0.14762 0.01952 
57811 0.14565 2.42143 0.13463 
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APPENDIX 3.1 

SNPs in high LD with identified pleiotropic SNPs 
 

 
 

Linkage disequilibrium between SNPs within 20 kb upstream and downstream of identified 
pleiotropic SNPs. Only SNPs with linkage disequilibrium R2 values > 0.5 are shown. Dotted line 
indicates the relative position of the identified pleiotropic SNPs.  
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APPENDIX 3.2 

Known functions of identified pleiotropic genes 
 

LG:Pos Gene ID Gene Name Sex/Asex 
Role 

Function 
Notes 

References 
(see below) 

1:4393284 NCU03062 formin binding protein  Regulation of 
hyphal polarity 
and polar 
growth 

1 

1:5389199 NCU09117 extracellular cell wall glucanase Crf1 
(gh16-11)  

 Glycosyl 
hydrolase 

2 

1:5460481 NCU09136 hypothetical protein  Antisense RNA 
overlaps part of 
NCU09136 

3 

1:5460585 NCU09136  hypothetical protein   antisense rna 
overlaps part of 
NCU09136 

3 

1:5597118 NCU08370 sporulation protein RMD8  Sex In yeast, 
required for 
sporulation and 
meiosis 

4 

1:5597243 NCU08370 sporulation protein RMD8  Sex In yeast, 
required for 
sporulation and 
meiosis 

4 

1:5597438 NCU08370 sporulation protein RMD8  Sex In yeast, 
required for 
sporulation and 
meiosis 

4 

1:7717031 NCU00646.1/.2  Methyltransferase LaeA Asex Regulator of 
secondary 
metabolite 
synthesis and 
conidiation in 
Aspergillus 

5 

1:8132004 NCU00523.1/.2  NAD-dependent deacetylase sirtuin-2 
(nst-2)  

   

1:8219686 NCU00499  
NCU16460 

all development altered-1 (ada-1) 
hypothetical protein 

Sex+Asex See Chapter 3 
Discussion 

See Chapter 3 
Discussion 

1:8776338 NCU02895 MutT/nudix family protein     
2:858912 NCU03396  nucleolar protein nop-58 (rbg-18)     
2:2709175 NCU01689.1/.2  Mitochondrial DNA replication protein 

YHM2 
   

2:2710398 NCU01689.1/.2  Mitochondrial DNA replication protein 
YHM2 

   

2:2897423 NCU01632  aromatic-1 gene cluster (aro-1)    
2:3572532 NCU08457  easily wettable (eas) (bli-7; ccg-2) Asex See Chapter 3 

Discussion 
See Chapter 3 
Discussion 

2:3983907 NCU08417  hypothetical protein     
3:1305132 NCU06410 GTP-binding protein YPT52     
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3:1327364 NCU06417  uracil-5-carboxylate decarboxylase 
(uc-7)  

   

3:2341803 NCU00027 
NCU00028.1/.2 

hypothetical protein (tsp-1) 
unspecified product  

   

3:2414685 NCU00050  pyruvate dehydrogenase X 
component  

   

4:1837361 NCU06623  hypothetical protein     
4:3454583 NCU04413.1/.2  UPF0132 domain-containing protein     
4:3606693 NCU04370  ubiquitin-activating enzyme E1 1  Sex Expressed in 

perithecia and 
unfertilized 
sexual tissue  

6 

4:3825401 NCU07989 
NCU07990  

AP-2 complex subunit sigma (cas-1) 
hypothetical protein  

Sex Ascospore 
lethal. AP-2 is 
involved in 
clathrin 
mediated 
endocytosis 

7 

4:3825534 NCU07989 
NCU07990  

AP-2 complex subunit sigma (cas-1) 
hypothetical protein  

Sex Ascospore 
lethal. AP-2 is 
involved in 
clathrin 
mediated 
endocytosis 

7 

4:5272509 NCU09929  hypothetical protein     
4:5445949 NCU05290 orotate phosphoribosyltransferase 

(pyr-2)  
   

5:3510818 NCU01282 vacuolar-sorting protein snf-7 (vsp-3)     
5:3674509 NCU01328  transketolase    
5:3674599 NCU01328  transketolase    
5:3675389 NCU01328  transketolase    
5:3675440 NCU01328  transketolase    
5:4407710 NCU06727  spermidine-3 (spe-3) Asex Involved in 

circadian 
conididation 

8 

6:15444 NCU07139  beak-2 (bek-2) Sex 
+Asex 

See Chapter 3 
Discussion 

See Chapter 3 
Discussion 

7:3334928 NCU02207 T-complex protein 1 subunit beta 
(cpn-2) 

   

 
1: (LI, CHEN, & CHEN, 2013) 
2: (Kasbekar & McCluskey, 2013) 
3: (Arthanari, Heintzen, Griffiths-Jones, & Crosthwaite, 2014) 
4: (Enyenihi & Saunders, 2003) 
5: (P.-K. Chang et al., 2012) 
6: (Perkins, Radford, & Sachs, 2000) 
7: (Kalkman, 2007) 
8: (Katagiri, Onai, & Nakashima, 1998) 
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APPENDIX 3.3 

Genotype effects of identified pleiotropic SNPs for each strain 
 

 
Strains are organized according to their phylogeny. For each SNP, the major allele is colored 
according to its genotype effect, and the minor allele is classified as having no effect. 
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APPENDIX 3.4 

Permutation test for genome-wide genotype effect correlation 

 
Histogram showing distribution of correlation coefficients from a permutation test of genome 
wide sexual and asexual viability genotype effects. Blue line is the correlation value (-0.7612) of 
the experimental dataset. 
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APPENDIX 3.5 

Distribution of antagonistically pleiotropic SNPs across the N. crassa genome 
 

 
Genome wide histogram showing distribution of SNPs with antagonistic effects on viabilities of 
sexual and asexual spores across each linkage group. 
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APPENDIX 3.6 

Asexual or sexual spore viability vs. strain latitude 
 

 
Comparison of trait values to latitude. A) Sexual spore viability vs. latitude of strain; R2 = 
0.0928, p = 0.1794. B) Asexual spore viability vs. latitude of strain; R2 = 0.03619, p = 0.4088.  
  



! 110 

REFERENCES 

 
Araujo, P. R., Yoon, K., Ko, D., Smith, A. D., Qiao, M., Suresh, U., et al. (2012). Before It Gets 

Started: Regulating Translation at the 5′ UTR. Comparative and Functional Genomics, 
2012(4), 1–8. http://doi.org/10.1186/1471-2350-10-105 

 
Arthanari, Y., Heintzen, C., Griffiths-Jones, S., & Crosthwaite, S. K. (2014). Natural Antisense 

Transcripts and Long Non-Coding RNA in Neurospora crassa. PLoS ONE, 9(3), e91353. 
http://doi.org/10.1371/journal.pone.0091353.s009 

 
Ashworth, C. J., Toma, L. M., & Hunter, M. G. (2009). Nutritional effects on oocyte and embryo 

development in mammals: implications for reproductive efficiency and environmental 
sustainability. Philosophical Transactions of the Royal Society B-Biological Sciences, 
364(1534), 3351–3361. http://doi.org/10.1530/jrf.0.1100099 

 
Avelar, A. T., Perfeito, L. I. L., Gordo, I., & Ferreira, M. G. (2013). Genome architecture is a 

selectable trait that can be maintained by antagonistic pleiotropy. Nature Communications, 4, 
1–10. http://doi.org/10.1038/ncomms3235 

 
Baddeley, A., & Turner, R. (2005). Spatstat: An R Package for Analyzing Spatial Point Patterns. 

Journal of Statistical Software, 12(6), 1–42. Retrieved from 
http://www.jstatsoft.org/v12/i06/ 

 
Badyaev, A. V., & Uller, T. (2009). Parental effects in ecology and evolution: mechanisms, 

processes and implications. Philosophical Transactions of the Royal Society B-Biological 
Sciences, 364(1520), 1169–1177. http://doi.org/10.1016/j.tig.2005.03.006 

 
Baker, C. L., Loros, J. J., & Dunlap, J. C. (2012). The circadian clock of Neurospora crassa. 

FEMS Microbiology Reviews, 36(1), 95–110. http://doi.org/10.1111/j.1574-
6976.2011.00288.x 

 
Bartel, D. P. (2009). MicroRNAs: Target Recognition and Regulatory Functions. Cell, 136(2), 

215–233. http://doi.org/10.1016/j.cell.2009.01.002 
 
Bell-Pedersen, D., Dunlap, J. C., & Loros, J. J. (1992). The Neurospora circadian clock-

controlled gene, ccg-2, is allelic to eas and encodes a fungal hydrophobin required for 
formation of the conidial rodlet layer. Genes & Development, 6, 2382–2394. 

 
Bell-Pedersen, D., Lewis, Z. A., Loros, J. J., & Dunlap, J. C. (2001). The Neurospora circadian 

clock regulates a transcription factor that controls rhythmic expression of the output eas(ccg-
2) gene. Molecular Microbiology, 41(4), 897–909. 

 
 
 
 



! 111 

Billiard, S., López-Villavicencio, M., Devier, B., Hood, M. E., Fairhead, C., & Giraud, T. 
(2010). Having sex, yes, but with whom? Inferences from fungi on the evolution of 
anisogamy and mating types. Biological Reviews, 86(2), 421–442. 
http://doi.org/10.1111/j.1469-185X.2010.00153.x 

 
Birky, C. W. (2001). The inheritance of genes in mitochondria and chloroplasts: laws, 

mechanisms, and models. Annual Review of Genetics, 35, 125–148. 
http://doi.org/10.1146/annurev.genet.35.102401.090231 

 
Bloomfield, G., Skelton, J., Ivens, A., Tanaka, Y., & Kay, R. R. (2010). Sex determination in the 

social amoeba Dictyostelium discoideum. Science (New York, NY), 330(6010), 1533–1536. 
http://doi.org/10.1126/science.1197423 

 
Bochdanovits, Z., & de Jong, G. (2004). Antagonistic pleiotropy for life-history traits at the gene 

expression level. Proceedings of the Royal Society B: Biological Sciences, 271(Suppl_3), 
S75–S78. http://doi.org/10.1098/rsbl.2003.0091 

 
Bradbury, P. J., Zhang, Z., Kroon, D. E., Casstevens, T. M., Ramdoss, Y., & Buckler, E. S. 

(2007). TASSEL: software for association mapping of complex traits in diverse samples. 
Bioinformatics, 23(19), 2633–2635. http://doi.org/10.1093/bioinformatics/btm308 

 
Budd, K., Sussman, A. S., & Eilers, F. I. (1966). Glucose-C14 metabolism of dormant and 

activated ascospores of Neurospora. Journal of Bacteriology, 91(2), 551–561. 
 
Cambareri, E., Jensen, B., Schabtach, E., & Selker, E. (1989). Repeat-induced G-C to A-T 

mutations in Neurospora. Science (New York, NY), 244(4912), 1571–1575. 
http://doi.org/10.1126/science.2544994 

 
Chang, P.-K., Scharfenstein, L. L., Ehrlich, K. C., Wei, Q., Bhatnagar, D., & Ingber, B. F. 

(2012). Effects of laeA deletion on Aspergillus flavus conidial development and 
hydrophobicity may contributeto loss of aflatoxin production. Fungal Biology, 116(2), 298–
307. http://doi.org/10.1016/j.funbio.2011.12.003 

 
Charlesworth, B., & Hughes, K. A. (1996). Age-specific inbreeding depression and components 

of genetic variance in relation to the evolution of senescence. Pnas, 93(12), 6140–6145. 
 
Chinnici, J. L., Fu, C., Caccamise, L. M., Arnold, J. W., & Free, S. J. (2014). Neurospora crassa 

Female Development Requires the PACC and Other Signal Transduction Pathways, 
Transcription Factors, Chromatin Remodeling, Cell-To-Cell Fusion, and Autophagy. PLoS 
ONE, 9(10), e110603. http://doi.org/10.1371/journal.pone.0110603.s003 

 
Chung, D., Yang, C., Li, C., Gelernter, J., & Zhao, H. (2014). GPA: a statistical approach to 

prioritizing GWAS results by integrating pleiotropy and annotation. PLoS Genetics, 10(11), 
e1004787. 

 
 



! 112 

Cingolani, P., Platts, A., Wang, L. L., Coon, M., Nguyen, T., Wang, L., et al. (2014). A program 
for annotating and predicting the effects of single nucleotide polymorphisms, SnpEff. Fly, 
6(2), 80–92. http://doi.org/10.4161/fly.19695 

 
Clark, P. J., & Evans, F. C. (1954). Distance to Nearest Neighbor as a Measure of Spatial 

Relationships in Populations. Ecology, 35(4), 445–453. 
http://doi.org/10.2307/1931034?ref=search-gateway:37fc1fc6d1c28ad1ee9773bab6e6a4be 

 
Colot, H. V., Park, G., Turner, G. E., Ringelberg, C., Crew, C. M., Litvinkova, L., et al. (2006). 

A high-throughput gene knockout procedure for Neurospora reveals functions for multiple 
transcription factors. Pnas, 103(27), 10352–10357. http://doi.org/10.1073/pnas.0601456103 

 
Crepieux, S., Lebreton, C., Servin, B., & Charmet, G. (2004). Quantitative trait loci (QTL) 

detection in multicross inbred designs: recovering QTL identical-by-descent status 
information from marker data. Genetics, 168(3), 1737–1749. 
http://doi.org/10.1534/genetics.104.028993 

 
Cushman, S. A. (2014). Grand challenges in evolutionary and population genetics: the 

importance of integrating epigenetics, genomics, modeling, and experimentation. Frontiers 
in Genetics, 5, 1–5. http://doi.org/10.3389/fgene.2014.00197/full 

 
Dacks, J. B., & Kasinsky, H. E. (1999). Nuclear condensation in protozoan gametes and the 

evolution of anisogamy. Comparative Biochemistry and Physiology Part a: Molecular & 
Integrative Physiology, 124(3), 287–295. http://doi.org/10.1016/S1095-6433(99)00117-8 

 
Davis, R. H. (Ed.). (2000). Neurospora: Contributions of a Model Organism. Oxford University 

Press. 
 
Dean, R., van Kan, J. A. L., Pretorius, Z. A., Hammond-Kosack, K. E., Di Pietro, A., Spanu, P. 

D., et al. (2012). The Top 10 fungal pathogens in molecular plant pathology. Molecular 
Plant Pathology, 13(4), 414–430. http://doi.org/10.1111/j.1364-3703.2011.00783.x 

 
Debuchy, R., Berteaux-Lecellier, V., & Silar, P. (2010). Mating systems and sexual 

morphogenesis in Ascomycetes. In K. Borkovitch & D. Ebbole (Eds.), Cellular and 
Molecular Biology of Filamentous Fungi (pp. 501–535). Washington, D.C.: ASM Press. 

 
Demoulin, V. (1985). The red algal-higher fungi phylogenetic link: the last ten years. Bio 

Systems, 18(3-4), 347–356. http://doi.org/10.1016/0303-2647(85)90034-6 
 
Dettman, J. R., Anderson, J. B., & Kohn, L. M. (2008). Divergent adaptation promotes 

reproductive isolation among experimental populations of the filamentous fungus 
Neurospora. BMC Evolutionary Biology, 8(1), 35. http://doi.org/10.1186/1471-2148-8-35 

 
 
 
 



! 113 

Dettman, J. R., Jacobson, D. J., & Taylor, J. W. (2003a). A MULTILOCUS GENEALOGICAL 
APPROACH TO PHYLOGENETIC SPECIES RECOGNITION IN THE MODEL 
EUKARYOTE NEUROSPORA. Evolution, 57(12), 2703–2720. 
http://doi.org/10.1111/j.0014-3820.2003.tb01514.x 

 
Dettman, J. R., Jacobson, D. J., Turner, E., Pringle, A., & Taylor, J. W. (2003b). 

REPRODUCTIVE ISOLATION AND PHYLOGENETIC DIVERGENCE IN 
NEUROSPORA: COMPARING METHODS OF SPECIES RECOGNITION IN A MODEL 
EUKARYOTE. Evolution, 57(12), 2721–2741. http://doi.org/10.1111/j.0014-
3820.2003.tb01515.x 

 
Dobin, A., Davis, C. A., Schlesinger, F., Drenkow, J., Zaleski, C., Jha, S., et al. (2012). STAR: 

ultrafast universal RNA-seq aligner. Bioinformatics, 29(1), 15–21. 
http://doi.org/10.1093/bioinformatics/bts635 

 
Donohue, K. (2009). Completing the cycle: maternal effects as the missing link in plant life 

histories. Philosophical Transactions of the Royal Society B-Biological Sciences, 364(1520), 
1059–1074. http://doi.org/10.1146/annurev.arplant.56.032604.144201 

 
Ellegren, H., & Sheldon, B. C. (2008). Genetic basis of fitness differences in natural populations. 

Nature, 452(7184), 169–175. http://doi.org/10.1038/nature06737 
 
Ellis, B., Haaland, P., Hahne, F., Meur, N. L., Gopalakrishnan, N., & Spidlen, J. (n.d.). 

flowCore: Basic structures for flow cytometry data. 
 
Ellison, C. E., Hall, C., Kowbel, D., Welch, J., Brem, R. B., Glass, N. L., & Taylor, J. W. (2011). 

Population genomics and local adaptation in wild isolates of a model microbial eukaryote. 
Proceedings of the National Academy of Sciences of the United States of America, 108(7), 
2831–2836. http://doi.org/10.1073/pnas.1014971108 

 
Enyenihi, A. H., & Saunders, W. S. (2003). Large-scale functional genomic analysis of 

sporulation and meiosis in Saccharomyces cerevisiae. Genetics, 163(1), 47–54. 
 
Faretra, F., Antonacci, E., & Pollastro, S. (1988). Sexual behaviour and mating system of 

Botryotinia fuckeliana, teleomorph of Botrytis cinerea. Journal of General Microbiology, 
134, 2543–2550. http://doi.org/10.1099/00221287-134-9-2543 

 
Figuet, E., Nabholz, B., Bonneau, M., Mas Carrio, E., Nadachowska-Brzyska, K., Ellegren, H., 

& Galtier, N. (2016). Life History Traits, Protein Evolution, and the Nearly Neutral Theory 
in Amniotes. Molecular Biology and Evolution, msw033. 
http://doi.org/10.1093/molbev/msw033 

 
 
 
 
 



! 114 

Flatt, T., & Heyland, A. (2011). Mechanisms of Life History Evolution. OUP Oxford. 
Fournier, D. A., Skaug, H. J., Ancheta, J., Ianelli, J., Magnusson, A., Maunder, M. N., et al. 

(2012). AD Model Builder: using automatic differentiation for statistical inference of highly 
parameterized complex nonlinear models. Optimization Methods and Software, 27(2), 233–
249. http://doi.org/10.1080/10556788.2011.597854 

 
Freitag, M., Hickey, P. C., Raju, N. B., Selker, E. U., & Read, N. D. (2004). GFP as a tool to 

analyze the organization, dynamics and function of nuclei and microtubules in Neurospora 
crassa. Fungal Genetics and Biology : FG & B, 41(10), 897–910. 
http://doi.org/10.1016/j.fgb.2004.06.008 

 
Galagan, J. E., Calvo, S. E., Borkovich, K. A., Selker, E. U., Read, N. D., Jaffe, D., et al. (2003). 

The genome sequence of the filamentous fungus Neurospora crassa. Nature, 422(6934), 
859–868. http://doi.org/10.1038/nature01554 

 
Galloway, L. F. (2005). Maternal effects provide phenotypic adaptation to local environmental 

conditions. New Phytologist, 166(1), 93–100. http://doi.org/10.1111/j.1469-
8137.2004.01314.x 

 
Giorgi, C., & Moore, M. J. (2007). The nuclear nurture and cytoplasmic nature of localized 

mRNPs. Seminars in Cell & Developmental Biology, 18(2), 186–193. 
http://doi.org/10.1016/j.semcdb.2007.01.002 

 
Gosden, R. G. (2002). Oogenesis as a foundation for embryogenesis. Molecular and Cellular 

Endocrinology, 186(2), 149–153. http://doi.org/10.1016/S0303-7207(01)00683-9 
 
Griffing, B. (1956).  Concept of General and Specific Combining Ability in  Relation to Diallel 

Crossing Systems. Australian Journal of Biological Sciences, 9(4), 463–493. 
http://doi.org/10.1071/BI9560463 

 
Griffiths, A. (1996). Mitochondrial inheritance in filamentous fungi. Journal of Genetics, 75(3), 

403–414. http://doi.org/10.1007/BF02966318 
 
Guarro, J., Gené, J., & Stchigel, A. M. (1999). Developments in fungal taxonomy. Clinical 

Microbiology Reviews, 12(3), 454–500. 
 
Hahne, F., Gopalakrishnan, N., Khodabakhshi, A. H., Wong, C., & Lee, K. (n.d.). flowStats: 

Statistical methods for the analysis of flow cytometry data. 
 
Hall, M. C. (2005). Pleiotropic Quantitative Trait Loci Contribute to Population Divergence in 

Traits Associated With Life-History Variation in Mimulus guttatus. Genetics, 172(3), 1829–
1844. http://doi.org/10.1534/genetics.105.051227 

 
Hill, E. P., Plesofsky-Vig, N., Paulson, A., & Brambl, R. (1992). Respiration and gene 

expression in germinating ascospores of Neurospora tetrasperma. FEMS Microbiology 
Letters, 69(2), 111–115. http://doi.org/10.1111/j.1574-6968.1992.tb05136.x 



! 115 

Holliday, J. D., Ranade, S. S., & Willett, P. (1995). A fast algorithm for selecting sets of 
dissimilar molecules from large chemical databases. Quantitative Structure-Activity 
Relationships, 14(6), 501–506. 

 
James, T. Y., Letcher, P. M., Longcore, J. E., Mozley-Standridge, S. E., Porter, D., Powell, M. J., 

et al. (2006). A molecular phylogeny of the flagellated fungi (Chytridiomycota) and 
description of a new phylum (Blastocladiomycota). Mycologia, 98(6), 860–871. 
http://doi.org/10.3852/mycologia.98.6.860 

 
Jinks, J. L. (1963). Cytoplasmic inheritance in fungi. In W. J. Burdette (Ed.), Methodology in 

basic genetics (pp. 325–354). San Francisco, California: Holden-Day. 
 
Jui, P. Y., & Lefkovitch, L. P. (1992). Selecting the size of a diallel cross experiment. TAG. 

Theoretical and Applied Genetics. Theoretische Und Angewandte Genetik, 85(1), 21–25. 
http://doi.org/10.1007/BF00223840 

 
Kalkman, E. (2007). Endocytosis in filamentous fungi. 
 
Kasbekar, D. P., & McCluskey, K. (2013). Neurospora. Horizon Scientific Press. 
 
Katagiri, S., Onai, K., & Nakashima, H. (1998). Spermidine determines the sensitivity to the 

calmodulin antagonist, chlorpromazine, for the circadian conidiation rhythm but not for the 
mycelial growth in Neurospora …. Journal of Biological Rhythms. 

 
King, J. R., & Jackson, D. A. (1999). Variable selection in large environmental data sets using 

principal components analysis. Environmetrics, 10(1), 67–77. 
 
Kirkpatrick, M., & Lande, R. (1989). The evolution of maternal characters. Evolution, 43, 485–

503. http://doi.org/10.2307/2409054 
 
Lai, E. C. (2002). Micro RNAs are complementary to 3′ UTR sequence motifs that mediate 

negative post-transcriptional regulation. Nature Genetics, 30(4), 363–364. 
http://doi.org/10.1038/ng865 

 
Lande, R. (1982). A quantitative genetic theory of life history evolution. Ecology, 63(3), 607–

615. 
 
Lee, H.-C., Li, L., Gu, W., Xue, Z., Crosthwaite, S. K., Pertsemlidis, A., et al. (2010). Diverse 

Pathways GenerateMicroRNA-like RNAs and Dicer-Independent Small Interfering RNAs in 
Fungi. Molecular Cell, 38(6), 803–814. http://doi.org/10.1016/j.molcel.2010.04.005 

 
Leslie, J. F., & Raju, N. B. (1985). Recessive mutations from natural populations of Neurospora 

crassa that are expressed in the sexual diplophase. Genetics, 111(4), 759–777. 
 
 
 



! 116 

LI, N., CHEN, D. D., & CHEN, Z. L. (2013). Formin-binding Protein is Implicated in the 
Regulation of Hyphal Polarity Growth of Neurospora crassa. Chinese Journal of 
Biochemistry and Molecular Biology, 29(6), 543–548. 

 
Li, R., & Albertini, D. F. (2013). The road to maturation: somatic cell interaction and self-

organization of the mammalian oocyte. Nature Reviews. Molecular Cell Biology, 14(3), 
141–152. http://doi.org/10.1038/nrm3531 

 
Li, Y., Cheng, R., Spokas, K. A., Palmer, A. A., & Borevitz, J. O. (2014). Genetic variation for 

life history sensitivity to seasonal warming in Arabidopsis thaliana. Genetics, 196, 569–577. 
http://doi.org/10.1534/genetics.113.157628/-/DC1 

 
Lindström, J. (1999). Early development and fitness in birds and mammals. Trends in Ecology & 

Evolution, 14(9), 343–348. http://doi.org/10.1016/S0169-5347(99)01639-0 
 
Lingappa, B. T., & Sussman, A. S. (1959). Endogenous Substrates of Dormant, Activated and 

Germinating Ascospores of Neurospora Tetrasperma. Plant Physiology, 34(4), 466–472. 
 
Lo, K., Brinkman, R. R., & Gottardo, R. (2008). Automated gating of flow cytometry data via 

robust model-based clustering. Cytometry. Part a : the Journal of the International Society 
for Analytical Cytology, 73(4), 321–332. http://doi.org/10.1002/cyto.a.20531 

 
Lo, K., Hahne, F., Brinkman, R. R., & Gottardo, R. (2009). flowClust: a Bioconductor package 

for automated gating of flow cytometry data. BMC Bioinformatics, 10(1), 145. 
http://doi.org/10.1186/1471-2105-10-145 

 
Lynch, M. (1991). The genetic interpretation of inbreeding depression and outbreeding 

depression. Evolution, 45(3), 622–629. http://doi.org/10.2307/2409915 
 
Martin, E. J., & Critchlow, R. E. (1999). Beyond Mere Diversity:  Tailoring Combinatorial 

Libraries for Drug Discovery. Journal of Combinatorial Chemistry, 1(1), 32–45. 
http://doi.org/10.1021/cc9800024 

 
McCluskey, K. (2012). Variation in mitochondrial genome primary sequence among whole-

genome- sequenced strains of Neurospora crassa. IMA Fungus, 3(1), 93–98. 
http://doi.org/10.5598/imafungus.2012.03.01.10 

 
McCluskey, K., Wiest, A., & Plamann, M. (2010). The Fungal Genetics Stock Center: a 

repository for 50 years of fungal genetics research. Journal of Biosciences, 35(1), 119–126. 
 
McKenna, A., Hanna, M., Banks, E., Sivachenko, A., Cibulskis, K., Kernytsky, A., et al. (2010). 

The Genome Analysis Toolkit: A MapReduce framework for analyzing next-generation 
DNA sequencing data. Genome Research, 20(9), 1297–1303. 
http://doi.org/10.1101/gr.107524.110 

 
 



! 117 

Moran, N. A. (1992). The evolutionary maintenance of alternative phenotypes. American 
Naturalist, 139(5), 971–989. 

 
Mousseau, T. A., & Roff, D. A. (1987). Natural selection and the heritability of fitness 

components. Heredity, 59, 181–197. 
 
Nakagawa, S., & Schielzeth, H. (2010). Repeatability for Gaussian and non-Gaussian data: a 

practical guide for biologists. Biological Reviews, 85(4), 935–956. 
http://doi.org/10.1111/j.1469-185X.2010.00141.x 

 
Nakagawa, S., & Schielzeth, H. (2013). A general and simple method for obtaining R2 from 

generalized linear mixed‐effects models. Methods in Ecology and Evolution, 4(2), 133–142. 
http://doi.org/10.1111/j.2041-210x.2012.00261.x 

 
Pandit, N. N., & Russo, V. E. A. (1993). Simple methods for crossing and genetic analysis 

of Neurospora crassa strains. Fungal Genetics Newsletter, (40), 32–33. 
 
Paradis, E., Claude, J., & Strimmer, K. (2004). APE: Analyses of Phylogenetics and Evolution in 

R language. Bioinformatics, 20(2), 289–290. http://doi.org/10.1093/bioinformatics/btg412 
 
Pauli, F., & Coles, S. (2001). Penalized likelihood inference in extreme value analyses. Journal 

of Applied Statistics, 28(5), 547–560. 
 
Perkins, D. D., Radford, A., & Sachs, M. S. (2000). The Neurospora Compendium. Academic 

Press. 
 
Prout, T. (1980). Some Relationships between Density-Independent Selection and Density-

Dependent Population Growth. In link.springer.com.ezp-prod1.hul.harvard.edu (pp. 1–68). 
Boston, MA: Springer US. http://doi.org/10.1007/978-1-4615-6962-6_1 

 
Purcell, S., Neale, B., Todd-Brown, K., Thomas, L., Ferreira, M. A. R., Bender, D., et al. (2007). 

PLINK: A Tool Set for Whole-Genome Association and Population-Based Linkage 
Analyses. The American Journal of Human Genetics, 81(3), 559–575. 
http://doi.org/10.1086/519795 

 
Qian, W., Di Ma, Xiao, C., Wang, Z., & Zhang, J. (2012). The Genomic Landscape and 

Evolutionary Resolution of Antagonistic Pleiotropy in Yeast. CellReports, 2(5), 1399–1410. 
http://doi.org/10.1016/j.celrep.2012.09.017 

 
Raju, N. B. (1992). Genetic control of the sexual cycle in Neurospora. Mycological Research, 

96(4), 241–262. http://doi.org/10.1016/S0953-7562(09)80934-9 
 
Raju, N. B., & Leslie, J. F. (1992). Cytology of recessive sexual-phase mutants from wild strains 

of Neurospora crassa. Genome, 35(5), 815–826. http://doi.org/10.1139/g92-124 
 
 



! 118 

Raju, N. B., Perkins, D. D., & Newmeyer, D. (1987). Genetically determined nonselective 
abortion of asci in Neurospora crassa. Can. J. Bot., 65(7), 1539–1549. 
http://doi.org/10.1139/b87-212 

 
Rando, O. J., & Simmons, R. A. (2015). I’m Eating for Two: Parental Dietary Effects on 

Offspring Metabolism. Cell, 161(1), 93–105. http://doi.org/10.1016/j.cell.2015.02.021 
 
Remolina, S. C., Chang, P. L., Leips, J., Nuzhdin, S. V., & Hughes, K. A. (2012). GENOMIC 

BASIS OF AGING AND LIFE-HISTORY EVOLUTION IN DROSOPHILA 
MELANOGASTER. Evolution, 66(11), 3390–3403. http://doi.org/10.1111/j.1558-
5646.2012.01710.x 

 
Roach, D. A., & Wulff, R. D. (1987). Maternal effects in plants. Annual Review of Ecology and 

Systematics, 18, 209–235. 
 
Roche, C. M., Loros, J. J., McCluskey, K., & Glass, N. L. (2014). Neurospora crassa: Looking 

back and looking forward at a model microbe. American Journal of Botany, 101(12), 2022–
2035. http://doi.org/10.3732/ajb.1400377 

 
Roff, D. (1993). Evolution Of Life Histories. Chapman and Hall. 
 
Roff, D. A. (1996). The Evolution of Genetic Correlations: An Analysis of Patterns. Evolution, 

50(4), 1392. http://doi.org/10.2307/2410877 
 
Roff, D. A. (1998). The Detection and Measurement of Maternal Effects. In T. A. Mousseau & 

C. W. Fox (Eds.), Maternal Effects as Adaptations (pp. 83–96). Oxford University Press. 
 
Roff, D. A. (2007). Contributions of genomics to life-history theory. Nature Reviews Genetics, 

8(2), 116–125. http://doi.org/10.1038/nrg2040 
 
Sakwinska, O. (2004). Persistent maternal identity effects on life history traits in Daphnia. 

Oecologia, 138(3), 379–386. http://doi.org/10.1007/s00442-003-1434-x 
 
Saleh, D., Xu, P., Shen, Y., Li, C., Adreit, H., Milazzo, J., et al. (2012). Sex at the origin: an 

Asian population of the rice blast fungus Magnaporthe oryzae reproduces sexually. 
Molecular Ecology, 21(6), 1330–1344. http://doi.org/10.1111/j.1365-294X.2012.05469.x 

 
Schneider, C. A., Rasband, W. S., & Eliceiri, K. W. (2012). NIH Image to ImageJ: 25 years of 

image analysis. Nature Methods, 9(7), 671–675. http://doi.org/10.1038/nmeth.2089 
 
Selitrennikoff, P. C. (1976). Easily-wettable, a new mutant. Neurospora Newsletter, 23(23). 
 
Skaug, H., Fournier, D., Nielsen, A., Magnusson, A., & Bolker, B. (2013, July). Generalized 

Linear Mixed Models using AD Model Builder.  R package 
version 0.7.7. 
 



! 119 

Solovieff, N., Cotsapas, C., Lee, P. H., Purcell, S. M., & Smoller, J. W. (2013). Pleiotropy in 
complex traits: challenges and strategies. Nature Reviews Genetics, 14(7), 483–495. 
http://doi.org/10.1038/nrg3461 

 
Stearns, S. (1976). Life-history tactics: a review of the ideas. Quarterly Review of Biology, 51(1), 

3–47. 
 
Stearns, S. C. (1977). The evolution of life history traits: a critique of the theory and a review of 

the data. Annual Review of Ecology and Systematics, 8, 145–171. 
 
Symonds, M. R. E., & Blomberg, S. P. (2014). A Primer on Phylogenetic Generalised Least 

Squares. In Modern Phylogenetic Comparative Methods and their Application in 
Evolutionary Biology (pp. 105–130). Berlin, Heidelberg: Springer. 
http://doi.org/10.1007/978-3-662-43550-2_5 

 
Tian, C., Li, J., & Glass, N. L. (2011). Exploring the bZIP transcription factor regulatory 

network in Neurospora crassa. Microbiology, 157(3), 747–759. 
http://doi.org/10.1099/mic.0.045468-0 

 
Tomar, P., Bhatia, A., Ramdas, S., Diao, L., Bhanot, G., & Sinha, H. (2013). Sporulation Genes 

Associated with Sporulation Efficiency in Natural Isolates of Yeast. PLoS ONE, 8(7), 
e69765. http://doi.org/10.1371/journal.pone.0069765.s004 

 
Turner, E., Jacobson, D., & Taylor, J. W. (2010). Reinforced postmating reproductive isolation 

barriers in Neurospora, an ascomycete microfungus. J Evol Biol, 23, 1642–1656. 
http://doi.org/10.1111/j.1420-9101.2010.02030.x 

 
Vaidya, A. B., Morrisey, J., Plowe, C. V., Kaslow, D. C., & Wellems, T. E. (1993). 

Unidirectional dominance of cytoplasmic inheritance in two genetic crosses of Plasmodium 
falciparum. Molecular and Cellular Biology, 13(12), 7349–7357. 
http://doi.org/10.1128/MCB.13.12.7349 

 
Vogel, H. J. (1956). A convenient growth medium for Neurospora (medium N). Microbial 

Genetics Bulletin, 13(4), 2–43. 
 
Walsh, B., & Blows, M. W. (2009). Abundant Genetic Variation + Strong Selection = 

Multivariate Genetic Constraints: A Geometric View of Adaptation. Annual Review of 
Ecology, Evolution, and Systematics, 40(1), 41–59. 
http://doi.org/10.1146/annurev.ecolsys.110308.120232 

 
Wang, X., & Cumming, S. G. (2011). Measuring landscape configuration with normalized 

metrics. Landscape Ecology, 26(5), 723–736. http://doi.org/10.1007/s10980-011-9601-7 
 
Wapinski, I., Pfeffer, A., Friedman, N., & Regev, A. (2007). Natural history and evolutionary 

principles of gene duplication in fungi. Nature, 449(7158), 54–61. 
http://doi.org/10.1038/nature06107 



! 120 

Westergaard, M., & Mitchell, H. K. (1947). Neurospora V. A synthetic medium favoring sexual 
reproduction. American Journal of Botany, 34(10), 573–577. 

 
Westneat, D. F., & Craig Sargent, R. (1996). Sex and parenting: the effects of sexual conflict and 

parentage on parental strategies. Trends in Ecology & Evolution, 11(2), 87–91. 
http://doi.org/10.1016/0169-5347(96)81049-4 

 
Weston, S., & Analytics, R. (2014). foreach: Foreach looping construct for R. Retrieved from 

http://CRAN.R-project.org/package=foreach 
 
Wickham, H. (2007). Reshaping data with the reshape package. Journal of Statistical Software, 

21(12), 1–20. 
 
Wickham, H. (2009). ggplot2: elegant graphics for data analysis. New York: Springer. Retrieved 

from http://had.co.nz/ggplot2/book 
 
Wickham, H. (2011). The Split-Apply-Combine Strategy for Data Analysis. Journal of 

Statistical Software, 40(1), 1–29. Retrieved from http://www.jstatsoft.org/v40/i01/ 
 
Williams, G. C. (1957). Pleiotropy, Natural Selection, and the Evolution of Senescence. 

Evolution, 11(4), 398–411. 
 
Wisz, M. S., Hijmans, R. J., Li, J., Peterson, A. T., Graham, C. H., Guisan, A., NCEAS 

Predicting Species Distributions Working Group†. (2008). Effects of sample size on the 
performance of species distribution models. Diversity and Distributions, 14(5), 763–773. 
http://doi.org/10.1111/j.1472-4642.2008.00482.x 

 
Zhang, P., Samuels, D. C., Lehmann, B., Stricker, T., Pietenpol, J., Shyr, Y., & Guo, Y. (2015). 

Mitochondria sequence mapping strategies and practicability of mitochondria variant 
detection from exome and RNA sequencing data. Briefings in Bioinformatics, bbv057. 
http://doi.org/10.1093/bib/bbv057 

 
Zheng, W., Cho, S. J., Waller, C. L., & Tropsha, A. (1999). Rational Combinatorial Library 

Design. 3. Simulated Annealing Guided Evaluation (SAGE) of Molecular Diversity: A 
Novel Computational Tool for Universal Library Design and Database Mining. Journal of 
Chemical Information and Modeling, 39(4), 738–746. http://doi.org/10.1021/ci980103p 

 
Zhu, J., & Weir, B. S. (1996). Diallel analysis for sex-linked and maternal effects. TAG. 

Theoretical and Applied Genetics. Theoretische Und Angewandte Genetik, 92(1), 1–9. 
http://doi.org/10.1007/BF00222944 

 
Zimmerman, K., Levitis, D., Addicott, E., & Pringle, A. (2015). Selection of pairings reaching 

evenly across the data (SPREAD): A simple algorithm to design maximally informative fully 
crossed mating experiments. Heredity, 1–8. http://doi.org/10.1038/hdy.2015.88 

 


