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MECHANISMS OF SPERM COMPETITION: TESTING THE FAIR RAFFLE
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Abstract. Sperm competition is a major force of sexual selection, but its implications for mating system and life-
history evolution are just beginning to be understood. Of particular importance is understanding the mechanisms of
sperm competition. Models have been developed to determine if sperm competition operates in a fair raffle process,
whereby each sperm from competing males has an equal chance of fertilizing a female’s ova, or if it operates in a
loaded raffle process, whereby one male’s sperm has a fertilization advantage. These models require data on relative
sperm and offspring (paternity) numbers of competing males. Here we develop a model based on maximum-likelihood
methods for differentiating between the fair and loaded raffle processes. The model calculates the relative competi-
tiveness of two males’ sperm (loadings) as well as the economy of scale (nonlinear returns to sperm number). Previous
models implicitly assumed that there is no economy of scale, which may not be the case when there is cooperation
or interference among sperm from a given male. We demonstrate that our model has superior power—in some instances
more than double—than previous models. We apply our model to an example of sperm competition in the guppy
(Poecilia reticulata) and show that the system may be characterized by a loaded raffle attributable to effects of second
male precedence.
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Sperm competition is a major force of sexual selection
(Birkhead and Møller 1998; Birkhead and Pizzari 2002).
Parker (1998) defines sperm competition as the competition
between the sperm from two or more males for the fertiliza-
tion of a given set of ova. Sperm competition is widespread
in nature and because the mechanism of competition varies
across mating systems, mating success typically is a poor
indicator of reproductive success. Thus, there has been a
growing interest in understanding the mechanisms of sperm
competition in mating systems (Birkhead and Møller 1998;
Wedell et al. 2002).

A fundamental mechanism in sperm competition is called
the raffle (Parker 1990, 1998), whereby a male’s probability
of fertilizing a female’s ova is related to the proportion of
all sperm provided to the female that is his. A fair raffle
occurs when this probability is simply equal to each male’s
proportion of sperm. A loaded raffle occurs when one male’s
sperm has a competitive advantage. Such an advantage may
come from, for example, sperm displacement, whereby one
male’s sperm is displaced from the female by a more recent
mating partner; sperm ejection, whereby a more recent mating
partner’s sperm is ejected by the female; or differences in
sperm quality (Pizzari and Birkhead 2000; Simmons 2001;
Neff et al. 2003).

Parker et al. (1990) develop a linear model designed to
differentiate between the processes of the fair and loaded
raffles (for two competing males). The underlying assumption
of this model is that

N rS2 2P 5 5 , (1)2 N 1 N S 1 rS1 2 1 2

where P2 is defined as the paternity of the second male, N1
and N2 are the number of offspring sired by male 1 and male
2, respectively, and S1 and S2 are the numbers of sperm trans-
ferred to the female by the first and second male. Equation

(1) does not allow for the possibility of sperm limitation;
that is, ejaculates are assumed to contain enough sperm for
complete fertilization in the absence of competition. This
assumption has implications from a game theory perspective
(Mesterton-Gibbons 1999).

The parameter r in equation (1) is a measure of the loading
given to the second male’s sperm relative to the first male’s
sperm. Note that Parker et al. (1990) originally defined r in
reference to the first male’s sperm relative to the second
male’s sperm. We elected to redefine r here in reference to
the second male because it is a more natural fit with our focus
on the paternity of the second male (P2; also see Eggert et
al. 2003). When r . 1, each sperm from the second male is
worth more than that of the first male’s. For example, when
r 5 2 each sperm from the second male is twice as likely to
fertilize the female’s ova than the first male’s sperm. This
may be true when the second male has competitively superior
sperm, possibly attributed to increased swimming speed or
longevity, or when the female is twice as likely to eject or
otherwise incapacitate a sperm from the first male than the
second male. Alternatively, when r , 1 the first male has
competitively superior sperm. For a fair raffle, r 5 1.

Inverting equation (1) and rearranging yields

1 1 S15 1 1. (2)
P r S2 2

Parker et al. (1990) therefore suggest plotting 1/P2 (y-vari-
able) versus S1/S2 (x-variable), and performing a least-squares
linear regression fit to these data. In a fair raffle, the data
should be consistent with a slope of one (i.e., r 5 1) and an
intercept of one.

Analysis by Eggert et al. (2003), however, shows that plot-
ting 1/P2 and S1/S2 results in nonnormally distributed data,
which violates the assumption of the least-squares linear re-
gression. This violation can lead to erroneous analysis of
sperm loading. From equation (1), Eggert et al. derived
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N S2 2log 5 log 1 log(r) (3)1 2 1 2N S1 1

(note that r 5 p1/p2 in Eggert et al. 2003). A least-squares
linear regression of log(N2/N1) (y-variable) versus log(S2/S1)
(x-variable) should yield a slope of one and a y-intercept of
zero if the raffle is fair.

By using logarithms, the method of Eggert et al. restores
normality in the proportional data (N2/N1 and S2/S1) and
therefore does not violate the assumption of the linear re-
gression. They demonstrated their method with data from a
study of the decorated cricket (Gryllodes sigillatus) and ini-
tially showed that based on equation (2) the fair raffle was
rejected, although the data appear skewed (see fig. 1b in
Eggert et al. 2003). When equation (3) instead was used, the
data appear less skewed and a fair raffle was not rejected (see
fig. 1c in Eggert et al. 2003).

A shortcoming of the method of Eggert et al. (2003) is
that it requires that N1 and N2 be nonzero. However, because
the number of ova that two males’ sperm compete for are
finite, it is possible that N1 or N2 can be zero due to chance.
This is especially probable when the total number of ova is
small—for example, when there is only one ovum either N1
or N2 must be zero, or when the relative number of sperm
given to a female from the males is highly skewed. When
N1 or N2 is zero, the brood must be omitted from the analysis
because in either case log(N2/N1) is undefined (i.e., either
negative or positive infinity).

In this paper, we develop an alternative model based on
maximum-likelihood methods. Our model enables all data to
be used (i.e., even when N1 or N2 is zero) and can be easily
generalized to analyze any function relating sperm numbers
to fertilization success (P2). For example, here we expand
Parker et al.’s (1990) original equation to include the pos-
sibility that there is an economy of scale in sperm number,
that is, nonlinear returns to sperm number (e.g., Moore et al.
2002). We show that our model has higher statistical power
to detect deviations from the fair raffle than the model of
Eggert et al. (2003). We demonstrate our model with a bi-
ological example of sperm competition in the guppy (Poecilia
reticulata). The guppy is a small (about 2–3 cm in length)
live-bearing fish with internal fertilization that inhabits trop-
ical freshwater streams (Houde 1997). Females encounter
males sequentially and often prefer males that have bright
orange coloration, but mate multiply and gain only sperm
from males. Females are able to store the sperm of males for
several months, but there appears to be last-male precedence
in fertilization success (Evans and Magurran 2001; Pitcher
et al. 2003).

MATERIALS AND METHODS

The Model

Although the maximum-likelihood method we develop can
be used with any equation relating sperm numbers to fertil-
ization success, we illustrate the technique using a variation
of Parker et al.’s (1990) raffle equation

tN S1 15 , (4)t tN 1 N S 1 rS1 2 1 2

where t is a measure of the economy of scale to sperm num-
ber. When t . 1 there is an increasing economy of scale and
a nonlinear return to sperm number. For example, when t 5
2 and the first male has placed twice as much sperm in the
female than the second male (and assuming r 5 1), the first
male will be four times more likely to fertilize any one of
the female’s ova and he will on average fertilize 80% of the
ova. When t , 1 there is a decreasing economy of scale, as
might be the case when there is interference or some other
form of diminishing returns to sperm number. When t 5 0.5
the first male would have to place 16 times as much sperm
in the female as the second male to be four times more likely
to fertilize her ova. When t 5 0 there is no relationship
between sperm number and fertilization success.

Equation (4) is an expectation and therefore does not ex-
plicitly deal with the chance variation that occurs in real
biological systems. The simplest model of this variation is
the binomial distribution, which assumes that offspring are
sired independently with the right side of equation (4) giving
the probability that a given offspring is sired by male 1. If
Pr(N1, N2 z S1, S2, r, t) denotes the probability of observing
exactly N1 and N2, given that the experimental conditions
were S1, S2, r, and t, we can write this value as

Pr(N , N z S , S , r, t)1 2 1 2

N N1 2t tS SN 1 N 1 11 25 1 2 . (5)t t t t1 21 2 1 2N S 1 rS S 1 rS1 1 2 1 2

Given a set of B broods for which Ni and Si are known, the
probability of making this exact set of observations is given by

Pr(obs) 5 Pr(N , N z S , S , r, t), (6)P 1 2 1 2

where the product is over all broods. Therefore, if we can
find the values of r and t that maximize equation (6), these
values will be the maximum-likelihood estimates of the un-
known parameters.

We developed an algorithm using the C11 programming
language to determine the most likely value of r and t based
on equation (6). The algorithm uses the downhill simplex
method (Nelder and Mead 1965) presented in Press et al.
(1992). This routine tries numerous values of r and t and, by
evaluating both the value of Pr(obs) and its gradient, is able
to efficiently search the plane and find where Pr(obs) reaches
its maximum. Our algorithm also determines if r and t are
significantly different from one (a fair raffle) and if t is sig-
nificantly different from zero (t 5 0 when fertilization success
is independent of sperm number) as described more fully in
the next section. We have made our algorithm available as
an executable file downloadable at http://publish.uwo.ca/
;bneff/links.htm.

Extending the approach of Eggert et al. (2003) to equation
(4), it can be shown that

N S2 2log 5 t log 1 log(r). (7)1 2 1 2N S1 1

Thus, using Eggert et al.’s least-squares linear regression of
log(N2/N1) (y-variable) versus log(S2/S1) (x-variable) should
yield a slope of t and a y-intercept of log(r).
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TABLE 1. Summary of the power analysis for our model and Eggert
et al. (2003). Parameters used for the simulation comprise the actual
r and t, the number of broods analyzed, and the number of offspring
per brood (range 5 Nmin–Nmax). Power is the proportion of datasets
in which the null hypothesis (r 5 1 or t 5 1) was rejected and the
mean number of usable broods refers to Eggert et al. When r 5 t
5 1, ‘‘power’’ refers to Type I error rate.

Broods Offspring

Power: our model

r t

Power:
Eggert et al.

r t
Usable
broods

r 5 1, t 5 1
5

10
20
40

5–10
5–10
5–10
5–10

.051

.050

.051

.050

.048

.050

.049

.049

.050

.050

.053

.049

.051

.050

.060

.075

4.6
9.2

18.3
36.7

5
10
20
40

10–20
10–20
10–20
10–20

.052

.051

.051

.054

.050

.055

.052

.047

.048

.049

.051

.051

.060

.063

.064

.067

4.9
9.8

19.7
39.4

r 5 2, t 5 1
5

10
20
40

5–10
5–10
5–10
5–10

.336

.724

.965
1.00

.058

.060

.059

.058

.174

.490

.849

.992

.049

.062

.090

.156

4.3
8.7

17.5
35.0

5
10
20
40

10–20
10–20
10–20
10–20

.631

.958
1.00
1.00

.062

.064

.064

.058

.338

.857

.996
1.00

.051

.054

.059

.051

4.8
9.6

19.3
38.6

r 5 1, t 5 2
5

10
20
40

5–10
5–10
5–10
5–10

.107

.091

.085

.080

.218

.568

.898

.997

.049

.051

.049

.053

.074

.136

.296

.862

3.7
7.6

15.3
30.6

5
10
20
40

10–20
10–20
10–20
10–20

.089

.083

.085

.083

.411

.875

.997
1.00

.047

.048

.048

.053

.203

.598

.939
1.00

4.4
8.8

17.6
35.2

r 5 2, t 5 2
5

10
20
40

5–10
5–10
5–10
5–10

.381

.701

.944

.999

.220

.557

.901

.998

.130

.330

.672

.949

.066

.131

.271

.540

3.5
7.4

14.7
29.5

5
10
20
40

10–20
10–20
10–20
10–20

.637

.937

.999
1.00

.418

.873

.997
1.00

.240

.689

.962
1.00

.189

.552

.898

.998

4.3
8.6

17.1
34.4

Significance Testing and Power Analysis

To compare the statistical power of our algorithm to the
model of Eggert et al. (2003), we performed several simu-
lations. First, for our model we established 95% confidence
intervals for r and t in the following way. A simulation gen-
erated B broods, each with a random number of offspring
uniformly distributed between Nmin and Nmax. For each brood,
sperm number was randomly assigned to each male as a uni-
formly distributed, real number between 1 and 10. Thus, S1/
S2 could take on any value between 0.1 and 10 (the subse-
quent analysis was similar when S1/S2 was instead allowed
to range between 0.5 and 2; data not shown). Then for each
offspring within the brood, a uniformly distributed random
number was generated between zero and one and if the num-
ber was less than /( 1 ) with r 5 t 5 1 (the null model)t t tS S rS1 1 2
the offspring was assigned to the first male; otherwise the
offspring was assigned to the second male. The process was
repeated until all offspring were assigned in the B broods.
The downhill simplex method was then used to estimate r
and t and this was all repeated for a total of 100,000 datasets
of B broods. The r and t estimates were then ranked from
which the 2.5% and 97.5% values were extracted.

Next, we generated 10,000 pseudo-datasets based on the
technique described above, but with a predetermined r and
t. From these pseudo-datasets our method and that of Eggert
et al. (2003) were used to estimate r and t, and these were
compared to the expectation under the null hypothesis of a
fair raffle (i.e., r 5 t 5 1). We then calculated the proportion
of the datasets in which the null hypothesis was rejected. For
our model, the 95% confidence interval was used to reject
or accept the null hypothesis, while for Eggert et al. (2003),
t-tests using the standard errors established by the linear re-
gression were used. In the case that the predetermined r and
t were set to one, these proportions represent Type I error
rate, otherwise they represent statistical power.

Biological Example

We used our algorithm and that of Eggert et al. (2003) to
examine sperm competition in the guppy (for full details of
the experiment see Pitcher et al. 2003). Briefly, females were
sequentially mated to two males presumably differing in their
genetic quality based on a sexual ornament (area of orange
coloration). In the first set of trials (B 5 8), females were
first mated to a high-quality male followed by a low-quality
male (‘‘showy/plain’’ trials in Pitcher et al. 2003). In the
second set of trials (B 5 9), females were first mated to a
low-quality male followed by a high-quality male (‘‘plain/
showy’’ trials in Pitcher et al. 2003). The sperm number
transferred to the female was estimated based on each male’s
sperm load, which was calculated by collecting and counting
the spermatozeugmata from each male three days after they
mated. This estimation method has been used by other re-
searchers (e.g., Pilastro and Bisazza 1999; Evans and Ma-
gurran 2001). In each brood, paternity was unambiguously
assigned using a Y-linked genetic marker that produced a
visible pattern on the offspring. On average 8.5 6 3.4 (SD;
range 5 4–16) offspring were analyzed per brood.

These data were used to calculate r and t for each set of
trials and for all trials combined. For our model, r and t were

compared to a 95% confidence interval generated as described
above with r 5 t 5 1 and with the actual offspring and sperm
numbers used in the experiment. Estimates of P-values were
established by comparing the calculated r and t to the ranking
of the 100,000 values generated for r 5 t 5 1. We also
compared the calculated t to a second 95% confidence interval
generated with t 5 0 and r 5 1. When t 5 0 fertilization
success is independent of sperm number and each offspring
is assigned randomly to either male (with equal probability).
We term this the ‘‘sperm independent model.’’

RESULTS

Significance Testing and Power Analysis

When r and t were set to one for the pseudodata generation,
we were able to assess the Type I error rate (Table 1). Across
the parameter sets that we examined, a t-test revealed that
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FIG. 1. The relationship between the number of broods and power
based on our model for (a) r 5 2 and t 5 1 and (b) r 5 1 and t 5
2. The lower line (squares) in each panel represents an offspring
range per brood of 5–10 and the upper line (circles) represents an
offspring range of 10–20. The solid horizontal line denotes 80%
power and the arrows denote the number of broods required to
obtain this level of power for each line.

the Type I error rate did not differ from the expected 0.05
for our model (r: t7 5 1.34, P 5 0.22; t: t7 5 1.40, P 5
0.20). For Eggert et al. (2003) there was no deviation for r
(t7 5 0.28, P 5 0.79), but t had a marginally higher rate than
expected (t7 5 3.87, P 5 0.006). To investigate further, we
considered the case of r 5 t 5 1, B 5 20 and 5–10 offspring
per brood in greater detail. For this case, the estimated values
of r and t were r 5 1.02 6 0.19 (SD) and t 5 1.03 6 0.27
by our method and for Eggert et al. (2003) they were r 5
1.02 6 0.19 and t 5 0.89 6 0.24. Thus, both methods over-
estimated r by about 2%, while our method overestimated t
by 3% and Eggert et al. underestimated t by 11%.

When either r or t was set to 2.0 for the data generation,
we were able to assess the statistical power (Table 1). In-
creasing either the number of offspring analyzed per brood
or increasing the number of broods increased power. In all
cases, our algorithm outperformed Eggert et al. (2003) lead-
ing to significantly higher power (paired t-test r: t15 5 4.63,
P , 0.001; t: t15 5 5.22, P , 0.001). This may partly be
attributable to the fact that Eggert et al. could not always use
all broods (i.e., when either N1 or N2 equaled zero). About
8% of broods could not be used in the analysis when each
brood contained between 5–10 offspring and about 2% could
not be used when each brood contained between 10–20 off-
spring. Consequently, the greatest difference in power was
evident when fewer offspring were analyzed per brood (5–
10 vs. 10–20) and when fewer broods were analyzed (5 vs.
10 or 20).

Our model performed least well when r 5 1 and t 5 2,
suffering from a slightly inflated Type I error rate for the
estimate of r. For our model the rate was about 8–10% (in-
stead of the expected 5%). The model of Eggert et al. (2003)
did not appear to have an elevated Type I error rate for r (see
Table 1).

Figure 1 presents the power analysis for our model when
either r or t equals 2.0 for brood sizes between 5–10 and 10–
20. As an example, when r 5 2 and t 5 1 about 12 broods
were required to obtain 80% power when 5–10 offspring were
analyzed per brood. Thus, 12 broods would be required to
correctly reject the null hypothesis (r 5 t 5 1) 80% of the
time. Seven broods were required to obtain the same power
when 10–20 offspring were analyzed per brood; when r 5 1
and t 5 2 about 9 and 16 broods were required for the two
respective brood size ranges.

Biological Example

In the guppy, for the showy/plain trials (B 5 8) our model
revealed that r 5 1.41, which was not significantly different
from one (P 5 0.153), and t 5 0.30, which was not signif-
icantly different from one (P 5 0.085). However, the sperm
independent model (t 5 0) could not be rejected (P 5 0.284).
For the plain/showy trials (B 5 9) our model revealed that
r 5 3.30, which was significantly different from one (P ,
0.0001), and t 5 0.15, which was significantly different from
one (P 5 0.0045). However, the sperm independent model
again could not be rejected (P 5 0.316).

When the trials were combined and analyzed (to increase
power), the model estimated r 5 2.15, which was signifi-
cantly different from one (P 5 0.0001), and t 5 0.34, which

was significantly different from one (P 5 0.0052). In this
case the sperm independent model did a poor job explaining
the data and the P-value was close to the level required to
reject the model (P 5 0.086).

Using Eggert et al. (2003) and all trials combined, t was
estimated to be 0.18 (95% CI: 20.76 to 1.12), which was
not significantly different from zero or one (P . 0.05 for
both). The parameter r was estimated to be 1.98 (95% CI:
1.04 to 3.77), which was significantly different from one (P
5 0.040). Only 12 of the 17 broods could be used in this
analysis because either N1 or N2 equaled zero for the other
five.

DISCUSSION

We developed a model based on maximum-likelihood
methods to calculate the loading and economy of scale as-
sociated with sperm number when two males compete for
fertilizations. Our model provides more precise estimates as
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FIG. 2. The effect of adding a small value d to N1 and N2, to
correct for either N1 or N2 5 0. We simulated nine broods, with 10
offspring analyzed per brood. S2 varied between 0.8 and 8.5, while
S1 5 5. N2 varied between zero and 6, with the zero occurring when
S2/S1 was smallest. Circles show the eight broods in which N2 .
0, and the solid line gives the linear regression through these data.
By adding either d 5 0.01 or d 5 0.001 to both N1 and N2, a new
point (star) is added to the plot. Dotted lines illustrate the regression
that would be obtained including all nine broods using these values
of d. Each value of d adds an arbitrary point to the plot to which
the regression may be extremely sensitive.

well as superior power for detecting statistical deviations
from a fair raffle than previous models. For example, when
brood number is low or when few offspring are analyzed per
brood, our model can increase power by more than two-fold
(see Table 1). The increased power is in part attributed to
the fact that our model can use broods in which one of the
two males does not fertilize any of the offspring (i.e., when
N1 or N2 equals zero). Such broods can be influential in the
analysis because they represent more extreme datapoints that
are especially informative. Indeed, when r 5 t 5 1 and 20
broods were analyzed with 5–10 offspring per brood, about
10% of broods could not be used in the Eggert et al. (2003)
approach. An important point to note is that the broods omit-
ted from the Eggert et al. method are not uniformly distrib-
uted across the range of the measured data, but tend to occur
when S1/S2 is either small or large. This effect leads to a
systematic underestimation of t and this bias can be large
(e.g., 11%; see Results).

To ensure that the increased power of our model was not
exclusively a result of being able to use all broods, we per-
formed an additional analysis with five broods, 20 offspring
per brood, a relative sperm number (S2/S1) ranging from 0.5
to 2.0, and r 5 2, t 5 1. In this case, all broods were used
by both methods and the power for our method still was
considerably higher at 0.842 than Eggert et al. (2003) at
0.507. We also considered adding a small value d to N1 and
N2 for the Eggert et al. method, so that all broods could always
be used. When N1 and N2 are large, this small value will have
negligible effect. When either N1 or N2 is zero, however, this
method replaces the undefined point on the plot with a point
that will have the original value of log(S2/S1) on the x-axis,
but will have an arbitrary value on the y-axis. When N2 5 0
and d is a very small value, log[(N2 1 d)/(N1 1 d)] 5 log(d)
2 log(N1 1 d) ø log(d), a large negative number. Similarly,
when N1 5 0, log[(N2 1 d)/(N1 1 d)] ø 2log(d), a large
positive number. This means that the point containing the
zero has not been salvaged, but has instead been replaced by
an arbitrary point on the plot. We illustrate this effect for
two values of d in Figure 2.

Our model appeared to have a slightly elevated Type I
error rate for r when t 5 2 (8–10%; see Table 1). However,
this was resolved when the null model used to generate the
expected 95% confidence interval for r was run with t 5 2
instead of t 5 1 (data not shown). Thus, researchers may
wish to run the null model with either r or t set to the value
calculated from their data in hand. Our executable program
allows any r and t to be specified for the null model. Thus,
researchers initially can run the program with r 5 t 5 1 for
the null distribution to generate the estimated r and t based
on the data in hand; then they can rerun the program with r
5 1 and t set to the value calculated from their data to test
for r ± 1; and a third time with t 5 1 and r set to the value
calculated from their data to test for t ± 1.

Our model revealed several interesting aspects of sperm
competition in the guppy. When all trials were analyzed si-
multaneously, we found that there was second male prece-
dence (r 5 2.15) and diminishing returns to sperm number
(t 5 0.34). However, we could not convincingly reject that
fertilization success was independent of sperm number al-
together (P 5 0.086). Power analysis assuming r 5 2.15 and

t 5 0.34, 17 broods and four to 16 offspring per brood re-
vealed that our analysis had power of only 0.355 to detect a
difference from t 5 0. Thus, we cannot confidently accept
the null hypothesis either. If t is in fact greater than zero,
then our model indicates that sperm from the second male
has about twice the probability of fertilizing a female’s ova
as sperm from the first male. Furthermore, there are dimin-
ishing returns to sperm number (i.e., t , 1), suggesting that
either male does not benefit much from placing significantly
more sperm in the female than his rival.

We were unable to detect an effect of male quality on the
sperm competitiveness even though previous work has re-
vealed that higher-quality males have more competitive
sperm. Evans et al. (2003) conducted artificial insemination
experiments using equal numbers of sperm from pairs of
males. When broods were born they used genetic markers to
assign paternity to each male, revealing that males with more
orange (our measure of quality) had significantly higher fer-
tilization success. Because the females did not get to see or
otherwise evaluate the males used to artificially inseminate
them, the data suggest that higher-quality males have more
competitive sperm. The apparent discrepancy between these
results and ours may be attributable to differences between
the studies in either statistical power or order effects. When
we analyzed the trials separately (i.e., showy/plain vs. plain/
showy) our sample was approximately halved. Analysis re-
vealed that this would reduced power to only 0.152 to detect
a significant deviation from t 5 0 (assuming r 5 2.15, t 5
0.34, and eight broods with four to 16 offspring per brood).
Alternatively, Evans et al. (2003) removed the order effect
by first combining equal numbers of sperm from high- and
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low-quality males. In our case, the order effect might mask
any effect of male quality on competitiveness.

There are two general mechanisms that could explain the
male order effect in the guppy. First, females may bias fer-
tilization success in favor of second males. This may be ac-
complished by increasing the efficiency of sperm transfer
through increased receptivity, thereby ensuring a greater pro-
portion of the second male’s ejaculate enters the female’s
gonoduct (Pilastro and Bisazza 1999; Evans and Magurran
2001; Pilastro et al. 2002). Females also may bias the use of
sperm that enter their ovaries. Complex structures that store
sperm such as epithelial folds have been identified and these
structures may be involved in female manipulation of sperm
use (Kadow 1954; Kobayashi and Iwamatsu 2002). Further-
more, females may even eject unwanted sperm from the gon-
oduct (Kadow 1954; also see Pizzari and Birkhead 2000).
Second, males that mate last (second male in our experiment)
may be able to displace or otherwise incapacitate the sperm
of previous sires (first male in our experiment). However,
such a mechanism for second male precedence in the guppy
has not been described.

In conclusion, we hope that our algorithm will help re-
searchers effectively address sperm competition mechanisms.
Specifically, the algorithm enables researchers to estimate
both r and t from any number of broods and determine wheth-
er these parameters differ from those expected by the fair
raffle or the sperm independent model. In addition, our max-
imum-likelihood approach can be easily generalized to other
models of sperm competition. Once the equation for expected
paternity has been derived (eq. 4), this relationship can be
used directly in equations (5) and (6) to find the maximum-
likelihood estimators of any unknown parameters. This ob-
viates the need to derive a means of parameter estimation
(such as linear regression of log ratios) for each new model.
We hope that this general aspect of our approach will prove
useful as the mechanisms underlying sperm competition be-
come better understood and improved modeling approaches
are suggested.
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