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Abstract
The genomic basis of adaptation to novel environments is a fundamental problem in evolutionary biology that has gained additional importance in the light of the
recent discussion about global change. Here, we combined experimental evolution in
Drosophila melanogaster with the genome-wide next-generation sequencing of DNA
pools to identify alleles that are favorable in a different laboratory environment and
traced their trajectories during the adaptive process. We applied logistic regression
analysis to detect alleles that showed changes over time using the maximum likelihood
method. After applying Bonferroni correction to adjust for multiple comparisons we
found 12,166 significant genetic markers using a logistic regression approach whereas
the commonly used Cochran-Mantel-Haenszel test identified 2254 significant genetic
markers. Our results provide a useful tool for testing the time-dependency of allele
frequencies in genome-wide evolutionary experiment data.
Keywords: Drosophila, evolutionary experiment, high-throughput sequencing, genomewide test, logistic regression.

1. Introduction
Most biological processes involve changes over time and the analysis of time-series data is
necessary to understand dynamic processes. Recent advances in high-throughput sequencing
(HTS) technologies have made it feasible to conduct new experimental approaches to collect
genome-wide scan data over time. For example, experimental evolution now uses a new
evolve and resequence approach to explore which genes are targeted by selection (TelonisScott et al., 2012; Kawecki et al., 2012). Such experiments produce phenotypic divergence
related to changes in a few controlled environmental conditions in the laboratory while other
conditions are kept constant. The evolved populations are then subjected to HTS.
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Experimental evolution in microorganisms has focused on the pattern of new mutations.
For example, with Escherichia coli (Barrick et al., 2009) and Saccharomyces cerevisiae (Lang
et al., 2013) new mutations were studied. However, evolve and resequence experiments with
sexually reproducing multicellular organisms can address selection on regular variation and
allele frequency changes in small populations where genetic drift plays an important role. For
example, for Drosophila melanogaster, several phenotypic trait, such as accelerated development, body size variation, hypoxia tolerance and temperature adaptation have been studied
(Zhou et al., 2011). Motivated by these experimental studies, we believe that experimental
evolution combined with HTS supplies a good basis for studying allele frequency changes
over time in each individual gene.
To perform allele frequency comparisons, previous studies (Burk et al., 2010, Burk and
Long, 2012) have combined experimental evolution with Fisher’s exact tests to identify genes
that show allele frequency differences between populations selected for accelerated development and controls without direct selection. Turner et al. (2011) developed a pairwise summary statistic called ‘diff-Stat’ to estimate the observed distribution of allele frequency differences and compared this to the expected distribution without selection. Orozco-terWengel
et al. (2012) identified single nucleotide polymorphisms (SNPs) with consistent allele frequency changes among replicates by performing a Cochran-Mantel-Haenszel (CMH) test
(Agresti, 2002). All these statistical methods are based on pairwise comparisons between
the base and evolved populations and they do not take full advantage of the time-series data
available thanks to multiple genome scans.
Several previous studies using asexual populations have analyzed the pattern of allele
frequency changes and grouped them into several categories of genetic mutations (Lang et
al., 2011; Park et al., 2010; Rouzine et al., 2008). Using the natural logarithm of the ratio as
the response outcome, those studies measured the generation at which the response reaches
a certain threshold to identify mutational activity. Ewens (2004) used an approximation
to the discrete Wright-Fisher and Moran models to model allele frequency time-series data
via transition probability estimation. In addition, Illingworth et al. (2012) compared two
phenotypically different yeast strains by constructing likelihoods under a range of proposed
evolutionary scenarios and Topa et al. (2015) applied a Gaussian process to explain the
allele frequency changes over time and rank individual genes based on Bayes factors.
Evolutionary adaptation is driven by the accumulation of beneficial mutations. A number
of questions regarding the fate of those mutations have arisen. In this study, we focused on
detecting genetic markers that show changes in allele frequency over time. We used logistic
regression to identify the candidate alleles that monotonously evolve under selection; in other
words, alleles that gradually increase or decrease in frequency throughout the generations or
alleles that reach a plateau at some new frequency in the middle of the experimental period.
Logistic modeling is a well-known statistical approach that is extremely well suited for
modeling binary outcomes. We identified SNPs that showed changes in allele frequency
over time using the maximum likelihood method to estimate the parameters of the logistic
regression model. We compared the results of the proposed logistic model approach to those
of the commonly used CMH test.
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2. Materials and methods
2.1. Data structure
We sought to identify a bi-allelic candidate marker. The most common type of allele
variation, SNPs consist of a major allele (A) and a minor allele (a). Multi-allelic SNPs could
exist in theory, but they are rare, and many of those identified using current methods are
likely to be sequencing errors (Burk et al., 2010; Burk and Long, 2012); thus, when a multiallelic SNP was detected, we ignore the least frequent allele to obtain bi-allelic site. Here, we
assumed that only two of the alleles from (A,T,C,G) can be observed at each SNP position.
We refer to generations as time points for simplicity. After determining the abundances of
these two specific alleles, we summarized the data into the following count table for each
SNP.
We denoted the replicate index of each observation by r, r = 1, . . . , rj , and the time point
by tj , j = 1, . . . , J, with J denoting the total number of time points. At each generation,
(r)
we assumed that HTS reads had been aligned to a reference genome with amj reads with
(r)

a specific allele at SNP position m. We used nmj to denote the total sequencing depth at
each position.
Table 2.1 Observed allele counts at a bi-allelic marker with alleles A and a for the r-th replicate of the
m-th SNP
t1
···
ti
···
tj
···
tJ
Total
(r)

A

am1

a

(r)
bm1
(r)
nm1

Total

(r)

···

ami

···

(r)
bmi
(r)
nmi

···

(r)

···

amj

···

(r)
bmj
(r)
nmj

···

···

amJ

(r)

am·

···

(r)
bmJ
(r)
nmJ

(r)
bm·
(r)
nm·

···

(r)

2.2. Cochran-Mantel-Haenszel (CMH) test
SNPs showing a consistent change in allele frequency can be identified using the CMH test
as Orozo-TerWengel et al. (2012). The CMH test is an extension of Fisher’s exact test for
testing equivalence of proportions in a 2 × 2 contingency table to replicate tables sampled
from the same underlying population. Allele counts for the different replicates are assumed
to be independent. For the comparison of allele frequencies at generations ti and tj , following
the definition of the CMH by Agresti (2002), the test statistic can be written as
CMH =

[

(armi
rP

P

2

− E(armi ))]
,
r
r V ar(ami )

where the mean E(armi ) and the variance Var(armi ) of armi under the null hypothesis are given
by
E(armi ) =

(armi + armj )nrmi
,
(nrmi + nrmj )

Var(armi ) =

(armi + armj )(brmi + brmj )nrmi nrmj
.
(nrmi + nrmj )2 (nrmi + nrmj − 1)
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The CMH test essentially compared the observed allele counts to their expected values
under the null distribution. Under the null hypothesis of the unit odds ratio, the CMH
test statistic approximately follows a chi-square distribution with one degree of freedom.
Although the CMH test has been proven to be the best-performing test statistic applied on
HTS evolutionary data so far17 the CMH test only performs pairwise comparisons between
two fixed generations, for example, the base generation versus the end generation.
2.3. Logistic regression analysis
To identify the candidate alleles that monotonously evolve under selection over time, we
considered logistic model for bi-allelic outcomes. Each observed allele count in Table 1 can be
viewed as a draw from a binomial distribution with parameters changing over generations.
For example, at generation tj for the r-th replicate of the m-th SNP, the observed allele
(r)
(r)
count amj in Table 1 can be modeled using a binomial distribution with parameters nmj
and pmj
(r)

(r)

(r)

amj |nmj , pmj ∼ Bin(nmj , pmj ),
where pmj denotes the true unknown probability of the specific allele A in the population at
generation tj , i.e., pmj = Pr(allele A | t = tj ). For a fixed SNP position, the probability pmj
of the specific allele A may remain constant over generations if no mutation occurs at that
SNP. Thus we are interested in testing the time effect in the dynamics of evolving Drosophila
populations at the genomic level. For each SNP, we considered the following logistic model
pmt =

exp(βm0 + βm1 t)
,
1 + exp(βm0 + βm1 t)

t ∈ {t1 , . . . , tJ },

(2.1)

where the parameters βm0 and βm1 represent the intercept and the slope of the pmt trajectory
over time for the m-th SNP. This is a logistic regression with time as a covariate and testing
the null hypothesis H0 βm1 = 0 for the m-th SNP may correspond to testing the timedependency of the true probability trajectory pmt at that SNP.
Using the model (2.1), for each mth SNP we construct the likelihood function as
(r)

(r)

amt 
nm
rj 
tJ Y
Y
exp(βm0 + βm1 t)
1
L(β m |Data) =
1 + exp(βm0 + βm1 t)
1 + exp(βm0 + βm1 t)
t=t r=1

(r)

−amt

,

1

(2.2)
where β m = (βm0 , βm1 ) is the regression parameter for the m-th SNP. The maximum
likelihood estimates βbm are the values of β m that maximize the likelihood function in (2.2).
Equivalently we find the solution of the estimating equations by equating the first derivative
∂
of the natural logarithm of the likelihood (2.2) as 0, i.e., ∂β
log L(β m ) = 0. The statistical
properties of the maximum likelihood estimator βbm are well studied in many statistical
treatises including that by Lehmann (1983). To test the null hypothesis H0 βm1 = 0 for the
m-th SNP we use the asymptotic normality of the maximum likelihood estimator βbm1 .
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2.4. Multiple comparisons
In statistical hypothesis testing with multiple hypotheses to be tested, the chance of a
rare event increases, and therefore, the likelihood of incorrectly rejecting a null hypothesis, i.e., making false positive error, increases. The Bonferroni correction compensates for
that increased risk of familywise error rate by testing each individual hypothesis at a significance level of α/M , where α is the desired overall false positive error level and M is
the number of hypotheses. For example, we have M = 957, 259 SNPs to be tested using
the CMH and logistic regression methods. Instead of using a desired α = 0.05, we employ
the Bonferroni correction to test the null hypothesis at each SNP by comparing each pvalue to α = 0.05/(number of SNPs), which corresponds to comparing −log10 (p-value) to
−log10 0.05/(number of SNPs) = 7.28.

3. Results
3.1. Description of Drosophila population
The isofemale lines from a fresh collection of Drosophila melanogaster from northern Portugal in 2008 were kept in the laboratory for five generations before the start of the experiment
to acclimate flies, confirm their species status, and identify lines infected with parasites. The
populations were propagated at a constant size of 1000 individuals for 37 generations under
fluctuating temperature regime. DNA pools of 500 females were sequenced at multiple time
points, three replicates at the base generation 0; two replicates at generation 15, an additional replicate at generations 23 and 27; and three replicates at generation 37. The HTS
data of Drosophila melanogaster analyzed in this paper can be downloaded from the Dryad
database (http://datadryad.org) under the accession: doi:10.5061/dryad.60k68. Details
of the Drosophila population were provided in Orozco-terWengel et al. (2012).
3.2. Allele frequency trajectories
We were interested in the temporal changes in allele frequencies in the time frame between
base generation and the end generation. We defined observed allele frequency as the observed
count of allele A over the total sequencing depth at each SNP position at a certain generation.
In Table 1, the allele frequency pbmt at time t for the r-th replicate of the m-th SNP can be
(r)
(r)
calculated by pbmt = amt /nmt , t ∈ {t1 , . . . , tJ }. We observed that the trajectories of pbmt over
the generations one of four different patterns. First, the observed allele frequency pbmt rises
from 0 and increases over time until it reaches 1. This implies the selective sweep. Second,
the observed allele frequency pbmt rises to a frequency but then falls to 0, resulting in single
local maximum in the trajectory, which implies clonal interference. Third, the observed allele
frequency pbmt rises and falls several times between the base and end generations resulting in
multiple local maxima in the trajectory. This could reflect one or more competing occurring
in the background. Fourth, the observed allele frequency pbmt rises to a frequency less than
1 and remains there, suggesting the action of frequency-dependent selection. Figure 1 shows
representative examples of these four dynamics of the observed trajectory of pbmt .
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3.3. CMH vs logistic regression method
We performed CMH on a genome-wide basis to identify statistically significant allele frequency changes between the base and the end populations. We applied the logistic regression
method with 957,259 SNPs and compared the results with those of the base-end(B-E) comparisons using the CMH test. After applying the Bonferroni correction to adjust p-values,
we identified 2,254 significant SNPs using the CMH test and 12,166 significant SNPs using
the logistic regression method, respectively. The overlap between the significant SNPs of the
CMH and logistic regression methods was rather small (1,596 SNPs). However, the peaks of
both methods covered similar regions (Figure 3.1).

Manhattan plot of genome-wide –log10(p-values) for CMH test.

Manhattan plot of genome-wide –log10(p-values) for testing H0 : βm0 = 0 using
logistic regression models.

Figure 3.1 Manhattan plot of genome-wide log10 (p-values)

Table 3.1 presents the number of statistically significant SNPs by chromosome identified
using either method after applying the Bonferroni correction. For example, on chromosome
‘2R’, 1168 SNPs were identified as significant using either the CMH B-E comparison or
the logistic regression method. Out of 1168 SNPs, 250 SNPs were identified as significant
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using both the CMH B-E comparison and the logistic regression method. One hundred and
ninety-seven SNPs were identified significant using the CMH B-E comparison but were not
identified as significant using the logistic regression method. Seven hundred and twenty-one
SNPs were identified significant using the logistic regression method but were not found
to be significant using the CMH B-E comparison. These results imply that the CMH BE comparison and the logistic regression method may detect different patterns of allele
frequency changes. In comparison to the four possible patterns of allele frequency changes
over time shown in Figure 3.2, we present in Figure 3.3 the profile plots of four selected
trajectories - (A) significant under both the CMH and the logistic methods;(B) significant
under the logistic method only;(C,D) significant under the CMH only. The logistic regression
method seems to be more sensitive to monotone increases or decreases of allele frequencies.
Although there appeared to be some sensitivity for detecting single or multiple peaks in
the trajectory using the CMH test, the number of SNPs identified using CMH test only
was quite small compared to that identified using the logistic regression method only - 658
significant SNPs under the CMH test only versus 10,570 significant SNPs under the logistic
regression method only.
Table 3.1 Number of statistically significant SNPs after applying the Bonferroni correction using CMH
B-E comparison and logistic regression method (LOGIT)
Chromosome
2L
2R
3L
3R
X
Total
∗

CMH∗ & LOGIT∗
250
177
364
769
36
1596

CMH∗ & LOGIT
197
105
145
153
57
658

CMH& LOGIT∗
721
701
1734
7110
299
10570

CMH & LOGIT
248311
166566
219349
200671
108368
944435

means statistically significant after applying the Bonferroni correction.

4. Discussion
Techniques for experimental evolution have advanced to the point where the fate of a novel
mutant strain within a controlled population can be followed over many generations. Recent
HTS technologies have made it feasible to sequence entire genomes to examine the occurrence
of progressive mutations over time. Finding genes associated with a developmental process
can be accomplished in various ways but is most often associated with a forward genetic
screen. Our results provide a useful tool for testing the time-dependency of allele frequencies
in genome-wide evolutionary experiment data.
Our results identified some SNPs that exhibited evolution under selection over generations
using a logistic regression model, clearly demonstrating the importance of carefully modeling
the whole set of measurements over multiple generations. In particular, when the trajectory
of allele frequency shows an overall linear trend across generations, testing with the logistic
regression model leads to the detection of a much larger number of genetic markers while
controlling the false positive error rate below nominal level.
Our results imply that the logistic regression method can be used to detect SNPs that
show significant changes in allele frequency when the allele frequencies change linearly over
time. In reality, an initially rare allele frequency may increase (or decrease) slowly or rapidly
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Figure 3.2 Examples of four general patterns of allele frequency trajectories: (A) allele frequency
increases until it reaches 1, i.e., it changes entirely from one allele to the other allele (selective sweep); (B)
allele frequency increases until it reaches a certain frequency and remains there; (C) allele frequency
increases and decreases multiple times; (D) allele frequency increases to a certain frequency and later
decreases back to around the initial frequency

to reach a different frequency and remain there or the allele frequencies may fluctuate over
time until they start to increase (or decrease) linearly at a later generation. Thirty-seven
generations were analyzed in this experimental evolution study, which may be an insufficient
number of generations to observe the delayed signal in some SNPs.
When declaring the statistical significance determined at each SNP, we applied the Bonferroni correction with the nominal level divided by the number of SNPs to keep the false
positive error rate under the nominal level. We note that both the CMH and logistic regression methods calculate p-values based on an asymptotic distribution under the null
hypothesis. Kosorok and Ma19 showed that applying the Bonferroni correction or false discovery rate (FDR) method for identifying significant genes based on approximate p-values is
uniformly valid for all genes. Since the Drosophila HTS data obtained in this study appear to
satisfy the applicable conditions for validity regarding the number of SNPs and the number
of counts at each SNP, the inferences at the SNP level may be valid for the whole genome.
The dynamics of adaption determine which mutations become fixed in a population and
hence how reproducible evolution will be. This is central to understanding the spectra of
mutations recovered in the evolution of antibiotic resistance (Weinreich et al., 2007), the
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Figure 3.3 Examples of four general patterns of allele frequency trajectories for the single nucleotide
polymorphisms that were statistically significant using either the CMH test or logistic model test: (A)
allele frequency increases until it reaches 1, i.e., it changes entirely from one allele to the other allele
(selective sweep); (B) allele frequency increases until it reaches a certain frequency and remains there; (C)
allele frequency increases and decreases multiple times; (D) allele frequency increases to a certain
frequency and later decreases back to around the initial frequency

response of pathogens to immune selection (Strelkowa and Lassig, 2012; Levin and Bull,
1994), and the dynamics of cancer progression (Sprouffske et al., 2012; Greaves and Maley,
2012). Although we followed the trajectories of allele frequencies over a relatively short time
frame, our results provide some insight into the dynamics of allele frequencies in genome-wide
evolutionary experiment data.
Although Drosophila generally has rather low levels of linkage, linkage disequilibrium might
have increased during the experiment. Indeed linkage disequilibrium had a major effect on
the number of identified SNPs in studies with both plants (Chao et al., 2010) and animals
(Khatkar et al., 2008). Further research topics include the impact of population size and the
effect of linkage disequilibrium of our proposed method on the empirical performance of the
whole-genome screening approach for genetic markers.

5. Conclusion
In this article, we considered a statistical method that is based on the logistic regression
analysis of evolutionary sequencing data and compared it with the CMH method, which
allows the pairwise comparison of base and end populations across several replicate experiments.
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Our results demonstrate that logistic regression models are well suited for analyzing biallelic genomic time-series data because they can effectively utilize the available data, making
good use of additional time points, whereas the CMH test only allows the comparison of allele
frequencies at two fixed time points. Testing of the slope parameter in the logistic model
can be readily translated to detect the increase or decrease of allele frequencies over time.
As logistic models can easily incorporate additional data with a reasonable computational
feasibility, we foresee that further promising combinations of the logistic regression approach
with evolutionary count data will be developed.
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