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A non-exhaustive literature search revealed that samples often show heterogeneity in
the underlying developmental instability. As a consequence, the distribution of the signed
asymmetry is leptocurtic. Simulations presented in this paper showed that a recently
developed method to test heterogeneity in FA (likelihood ratio test of REML mixed
regression models) has inflated type I error rates, whereas Levene’s test suffered power
reduction. The latter appeared to be the result of a lower accuracy of the estimation of
population level FA. These effects became stronger with increasing leptokurtisis. In
contrast, the estimation of R became more accurate and precise with increasing hetero-
geneity (and thus expected value of R). The estimation of small values of R is subject to
extremely large sampling variation and were biased towards lower values. Implications
for the analysis of FA at the individual and population level are discussed.

1. Introduction

The statistical analysis of fluctuating asymmetry
(FA; small random deviations from perfect sym-
metry, Van Valen 1962) has received much at-
tention since the influential paper by Palmer and
Strobeck (1986) (e.g., Palmer & Strobeck 1992,
Swaddle et al. 1994, Merilä & Björklund 1995,

Whitlock 1996, Björklund & Merilä 1997, Pomory
1997, Smith et al. 1997, Swaddle & Cuthill 1997,
Thomas & Poulin 1997, Van Dongen 1998a, Van
Dongen et al. 1999a, Whitlock 1998, Van Dongen
1999). The use of fluctuating asymmetry as an
estimate of developmental instability has four in-
herent difficulties. Firstly, as FA is often small it
can be easily confounded with measurement er-
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ror (ME) and directional asymmetry (DA). The
use of within-subject repeats and mixed model
analysis allows the separation of FA, ME and DA
(Palmer & Strobeck 1986, Van Dongen et al.
1999a). Secondly, FA and antisymmetry cannot
be separated by mixed model analysis and the sta-
tistical detection of antisymmetry often has low
power (Palmer & Strobeck 1992). As antisym-
metry may be more common than previously
thought (e.g., Rowe et al. 1997) this poses a chal-
lenging problem for the statistical analysis of FA.
Thirdly, since population-level FA is expressed
as a variance, it cannot be estimated with great
accuracy which has important power conse-
quences (Palmer 1996, Björklund & Merilä 1997).
Therefore, high sample sizes and possibly also
high number of within-subject repeats (if ME is
relatively large) are required (Van Dongen 1999).
And finally, single trait individual asymmetry is
only a very crude measure of individual develop-
mental instability (Whitlock 1996), because it  is
an attempt to estimate a variance (developmental
instability) with only two data points (left and right
trait value). As a result, individual asymmetry is
only loosely correlated with the presumed under-
lying individual developmental instability. Con-
sequently, correlations between FA and other vari-
ables, between trait correlations in FA and herit-
ability estimates of FA are biased downwards
(Whitlock 1996, Houle 1997). The hypothetical
repeatability (R, i.e. an estimate of the proportion
of the total variation in the unsigned FA that can
be attributed to between-individual heterogene-
ity in the presumed underlying developmental
instability) can be used to correct for such biases
(see Whitlock (1996) for details and Van Dongen

(1998a) and Whitlock (1998) for a correction of
the computational formula of R). Because of these
four difficulties the use of FA as an estimate of
developmental instability requires careful meas-
urement and statistical analysis (see also Palmer
1996).

Palmer and Strobeck (1992) argued that dis-
tributions of the signed FA (left-right) deviating
from ideal FA (i.e. mean zero and normal distri-
bution) are unsuitable as descriptors of develop-
mental instability because a fraction of the asym-
metry variation may have a genetic basis. How-
ever, deviations from normality, and leptokurtisis
in particular, are very common in studies of FA
(Whitlock 1996, Björklund & Merilä 1997, Gan-
gestad & Thornhill 1999; Table 1). These devia-
tions may have different origins. The sample may
contain a minority of antisymmetrical individu-
als or may consist of a mixture of individuals ex-
hibiting different levels of developmental insta-
bility (Palmer & Strobeck 1992, Van Dongen
1998b). Since antisymmetry may have a genetic
basis it does not necessarily reflect developmen-
tal instability (Palmer & Strobeck 1992, but see
Graham et al. 1993). Developmental instability
on the other hand may be heritable as well (Møller
& Thornhill 1997, but see e.g. Leamy 1997, Mar-
kow & Clarke 1997, Whitlock & Fowler 1997),
and environmental conditions are often heteroge-
neous at a small spatial scale (e.g., Van Dongen
et al. 1997). Therefore, it can be expected that
samples will often contain individuals with dif-
ferent degrees of developmental instability and
thus leptokurtically distributed signed FA (as in-
dicated in Table 1). The estimation of individual
developmental instability via individual asymme-

Table 1. Hypothetical repeatabilities (R) of individual single trait fluctuating asymmetry for different species and
traits. The hypothetical repeatability equals zero for samples exhibiting normally distributed signed FA, and
increases with the degree of leptokurtisis (Van Dongen 1998a,1998b). The maximal value of R can be shown
to equal 0.637. Values of R were calculated following Van Dongen (1998a) or Whitlock (1998).
—————————————————————————————————————————————————
Species Trait R Reference
—————————————————————————————————————————————————
Agelaius phoeniceus various 0.31–0.54 Dufour & Weatherhead 1996
Various various 0–0.51 Van Dongen 1998b
Gorilla gorilla gorilla canines 0.38 Manning & Chamberlain 1994
Various birds wing/tail 0.42–0.63 Møller & Höglund 1991
Various various 0–0.63 Whitlock 1996
Forficula auricularia forceps 0.59 Radesäter & Halldòrdòttir 1993
Operophtera brumata tibia/wing 0–0.52 Van Dongen et al. 1999b
—————————————————————————————————————————————————
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try requires heterogeneity in the underlying de-
velopmental instability because otherwise all be-
tween-individual variation in the unsigned FA is
due to sampling variation. This lack of heteroge-
neity results in a hypothetical repeatability of zero
whereas leptokurtically distributed signed FA
yields positive values of R (Palmer 1996, Van
Dongen 1998a, Whitlock 1998). Heterogeneity in
developmental instability within a sample is, there-
fore, indispensable for the analysis of patterns in
individual FA (Van Dongen 1998a), whereas it
may hamper the analysis of population level FA
(Palmer & Strobeck 1992). As leptokurtisis is
common in FA studies, it is very useful to evalu-
ate its effects on accuracy, precision and power in
the statistical analysis of FA.

In this paper, I present simulation data inves-
tigating the effect of between-individual variation
in developmental instability within a sample, on
the performance of a newly developed technique
to test between sample heterogeneity based on
REML estimation (Van Dongen et al. 1999a). I
compare the performance of this test with Leve-
ne’s method, which has previously been shown
to be quite robust against deviations from nor-
mality and to have relatively high statistical power
(Palmer & Strobeck 1992). I also compare the ac-
curacy of the estimation of the hypothetical re-
peatability and of population level FA under vari-
ous degrees of between-individual heterogeneity
in developmental instability. I did not consider
antisymmetry as this form of asymmetry requires
different statistical methods. A SAS program was
used to perform accuracy and power estimation.

2. Simulations

Four different degrees of between-individual het-
erogeneity in developmental instability were ana-
lysed, ranging from no heterogeneity and conse-
quently a repeatability of zero, to relative high
heterogeneity and a repeatability of 0.48 (Table 2).
As a consequence of this heterogeneity, the dis-
tributions became leptokurtic and the coefficient
of variation of the unsigned FA became larger than
76% (i.e. the value expected under normality,
Björklund & Merilä 1997) (Table 2). For each of
these 4 degrees of heterogeneity (further called
no, low, moderate and high), 5 different levels of

overall developmental instability were modelled.
The lowest level of overall developmental insta-
bility was multiplied by 1.5, 2, 3 and 4 (Table 2).
In all simulations two within-subject repeats were
obtained and a low degree of measurement error
was modelled (Variance = 0.0625). Note that with-
in the four heterogeneity groups the value of R
slightly increases with increasing level of overall
developmental instability. This is because ME
remains constant and thus becomes relatively less
important for higher developmental instability.

The accuracy of the estimation of FA and R
was simulated for three different sample sizes (20,
40 and 80). Accuracy was expressed as the coef-
ficient of variation (CV) to allow comparison be-
tween estimates with different mean values (Sokal
& Rohlf 1995). Bias was calculated as the ex-
pected value minus the observed average. The
variance and mean squared error (MSE) (two other
commonly used accuracy measures) can be eas-
ily calculated from the CV, the observed average
and the bias (e.g., Sokal & Rohlf 1995) and were
not reported to promote readability of the table.
Effects of the degree of heterogeneity in develop-
mental instability on the power and type I error
rate of both Levene’s test (i.e. a one-way ANOVA
on the unsigned FA, e.g. Palmer & Strobeck 1992)
and the REML approach (i.e. likelihood ratio test,
Van Dongen et al. 1999a) were analysed for the
same three different sample sizes. The overall level
of developmental instability was compared be-
tween two samples. The lowest degree of overall
developmental instability was compared to all
different levels. In this way the ratio of the two
levels of overall developmental instability ranged
between 1 and 4. The proportion of significant
tests (p < 0.05) was used as an estimate of power.
In the simulations where the level of developmen-
tal instability was the same for the two samples,
this proportion is an estimate of the type I error
rate, which ideally should approach the nominal
level of 5%. All simulations were performed in
SAS (version. 6.12) and were of size 1000.

3. Results

3.1. The accuracy and precision of FA and R

The CV and bias of single sample FA values and
of the hypothetical repeatability are summarised
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in Table 3. As expected, both FA and R are esti-
mated more accurately when sample sizes are in-
creased. With increasing heterogeneity in be-
tween-individual variation in developmental in-
stability, the accuracy of the estimation of FA
decreased as judged from the 70%–80% increase
of CV. There was no consistent bias. The estima-
tion of R became more accurate with increasing
heterogeneity. For small sample sizes and low
heterogeneity in the underlying individual devel-
opmental instability, R was underestimated. This
bias decreased with increasing sample size and
expected value of R (Table 3). In Fig. 1, the dis-
tribution of R is given for the three sample sizes
and the low level of between-individual hetero-
geneity in developmental instability (i.e. expected
value of R = 0.08, see also Table 2). The mean of

the distribution approached the expected value of
R with increasing sample size. The distribution of
R for the smaller sample sizes (20 and 40) showed
a long tail towards lower values. Obviously, nega-
tive values of R are meaningless. However, the
median and mode of the distributions of R were
lower than the expected value as well. This effect
was again stronger for small samples and relative
low expected values of R (see also Fig. 1).

3.2. Power and type I error rate of Levene’s
and the likelihood ratio test

The likelihood ratio test had higher power rela-
tive to Levene’s test when all individuals within a
sample had the same level of developmental stabil-

Table 2. Distribution details of the different parameter combinations. For each parameter combination a sample
of 10 000 individuals was generated in SAS (Version. 6.12). Within population heterogeneity in developmental
instability (4 levels: no, low, moderate and high) was generated by up to three different degrees (FA1, FA2 and
FA3 with different frequencies (prop.)). The simulations are ordered in blocks with different levels of within-
sample heterogeneity. Within blocks, variation in overall developmental instability levels was generated by
multiplying FA1, FA2 and FA3 of each heterogeneity class with 1, 1.5, 2, 3, and 4. Measurement error (ME) was
held constant (= 0.0625). For each simulation, the expected variance (Vexp= weighed average of FA1, FA2 and
FA3 + ME) and observed variance (Vobs) as well as the kurtosis (K) of the signed FA are reported. For the
unsigned FA, the variance  (V|fa|) and the coefficient of variation (CV) are given. The hypothetical repeatabilities
were estimated following Van Dongen (1998a).
—————————————————————————————————————————————————
FA1 Prop. FA2 Prop. FA3 Prop. Vexp Vobs K V|fa| CV R
—————————————————————————————————————————————————
No
– – 0.25 (100) – – 0.31 0.31 0.04 0.12 0.76 0
– – 0.375 (100) – – 0.44 0.44 0.04 0.16 0.75 –0.01
– – 0.5 (100) – – 0.56 0.55 –0.03 0.20 0.75 –0.01
– – 0.75 (100) – – 0.81 0.83 0.02 0.31 0.76 0
– – 1 (100) – – 1.06 1.07 –0.01 0.39 0.76 0
Low
0.0625 (75) 0.25 (25) – – 0.17 0.17 0.72 0.07 0.81 0.08
0.0938 (75) 0.375 (25) – – 0.22 0.22 0.77 0.09 0.82 0.10
0.125 (75) 0.5 (25) – – 0.28 0.28 1.10 0.12 0.83 0.11
0.1875 (75) 0.75 (25) – – 0.39 0.39 1.20 0.16 0.84 0.11
0.25 (75) 1 (25) – – 0.50 0.49 1.26 0.21 0.85 0.13
Moderate
0.0625 (50) 0.25 (25) 1 (25) 0.41 0.39 2.80 0.19 0.97 0.25
0.0938 (50) 0.375 (25) 1.5 (25) 0.58 0.58 2.93 0.29 1.01 0.28
0.125 (50) 0.5 (25) 2 (25) 0.75 0.75 3.34 0.38 1.02 0.29
0.1875 (50) 0.75 (25) 3 (25) 1.09 1.09 3.75 0.57 1.04 0.30
0.25 (50) 1 (25) 4 (25) 1.44 1.42 3.75 0.74 1.04 0.30
High
0.0625 (75) – – 4 (25) 1.11 1.08 7.42 0.71 1.38 0.45
0.0938 (75) – – 6 (25) 1.63 1.61 7.14 1.07 1.42 0.46
0.125 (75) – – 8 (25) 2.16 2.19 7.19 1.50 1.47 0.47
0.375 (75) – – 12 (25) 3.20 3.21 7.17 2.22 1.50 0.48
0.25 (75) – – 16 (25) 4.25 4.38 7.53 3.04 1.51 0.48
—————————————————————————————————————————————————
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ity. However, the type I error rate was inflated
when the distribution of the signed FA was lepto-
curtic. This effect became stronger with increas-
ing values of R and thus with increasing between-
individual heterogeneity in developmental insta-
bility (Fig. 2). Higher values of R resulted in a
power reduction in Levene’s test (Fig. 2).

4. Discussion

The simulations presented here reveal four im-
portant patterns. Firstly, the recently developed
method for testing differences in FA based on a
REML mixed regression model (Van Dongen et
al. 1999a) is sensitive to departures from normal-
ity as the type I error rate is inflated. Thus, this
method is inappropriate to test for heterogeneity
in FA between samples if individuals differ strong-
ly in their developmental instability within sam-
ples. In the mixed regression model, individual
signed asymmetry is modelled as a random slope

Table 3. Accuracy and precision of the estimation of population level FA and the hypothetical repeatability (R).
Simulations of size 1 000 were performed for the four levels of between-individual heterogeneity in developmental
instability (no, low, moderate and high) and for 3 different sample sizes (20, 40 and 80). For each simulation FA
was estimated from a mixed regression model (Van Dongen et al. 1999a) and R was estimated following Van
Dongen (1998a). Mean (±SD) values of FA and R are given for all simulation conditions. Accuracy is expressed
by the coefficient of variation (CV) and the precision as the bias (expected value-observed mean). For the
hypothetical repeatability there was a consistent bias towards lower values, whereas for FA no consistent bias
was found. To illustrate the magnitude of the bias I also present it as a percentage. Note that for the simulations
where the expected value of R (Rexp.) equalled zero, the CV and proportional bias were not calculated as this
would involve division by values close to zero.
—————————————————————————————————————————————————
N Degree of heterogeneity

———————————————————————————————————————————————
No Low Moderate High

—————————————————————————————————————————————————
Rexp.: 0 0.08 0.25 0.45

FAexp.: 0.25 0.109 0.344 1.047

20 FA = 0.255 (0.10), CV = 40 FA = 0.115 (0.07), CV = 59 FA = 0.345 (0.21), CV = 60 FA = 1.077 (0.77), CV = 73
bias = 0.005 bias = 0.006 bias = –0.001 bias = 0.030

R = –0.061 (1.38) R = 0.017 (0.23), CV = 1360 R = 0.192 (0.19), CV = 98 R = 0.395 (0.15), CV = 37
bias = –0.061 bias = –0.063 (78.8%) bias = –0.058 (1.5%) bias = –0.055 (2.5%)

40 FA = 0.249 (0.08), CV = 30 FA = 0.111 (0.05) , CV = 45 FA = 0.355 (0.15), CV = 42 FA = 1.038 (0.54), CV = 52
bias = –0.001 bias = 0.002 bias = 0.011 bias = –0.009

R = –0.018 (0.44) R = 0.047 (0.15), CV = 328 R = 0.205 (0.13), CV = 64 R = 0.431 (0.08), CV = 18
bias = –0.018 bias = –0.033 (41.3%) bias = –0.045 (1.1%) bias = –0.019 (0.8%)

80 FA = 0.245 (0.05), CV = 21 FA = 0.110 (0.03), CV = 30 FA = 0.346 (0.10), CV = 28 FA = 1.050 (0.37), CV = 35
bias = –0.005 bias = 0.001 bias = –0.002 bias = 0.003

R = –0.008 (0.12) R = 0.059 (0.113), CV = 191 R = 0.224 (0.08), CV = 36 R = 0.439 (0.04), CV = 10
bias = –0.0008 bias = –0.021 (26.3%) bias = –0.026 (0.6%) bias = –0.011 (0.3%)

—————————————————————————————————————————————————

(Van Dongen et al. 1999a), hereby making the
assumption that the slope follows a normal distri-
bution (e.g., Verbeke 1997). The inflated type I
error rate is thus likely to be directly attributable
to the violation of this assumption. Secondly, the
power of Levene’s test is strongly reduced for lep-
tokurtic distributions, whereas the type I error rate
remains largely unaffected (see also Palmer &
Strobeck 1992 for similar results). Thirdly, and
related to the previous point, the accuracy of FA
estimation at the population level decreases with
increasing within-sample heterogeneity in devel-
opmental instability. And fourthly, the estimation
of the hypothetical repeatability is biased towards
lower values for small samples and relative low
degree of heterogeneity in individual developmen-
tal instability within a sample. In addition, the ac-
curacy of the estimation of R decreases with de-
creasing degree of heterogeneity as well. Thus, if
heterogeneity in individual developmental insta-
bility is low, FA can be estimated with relatively
high accuracy and differences can be tested with



Van Dongen • ANN. ZOOL. FENNICI Vol. 3650

relatively high power. Yet, the estimation of the
hypothetical repeatability then requires very high
sample sizes.

Palmer and Strobeck (1992) have argued that
only normally distributed FA should be used as
an estimate of population-level developmental
stability, because other forms, that cause devia-
tions from normality, may have a genetic basis
(but see Graham et al. 1993). Leung and Forbes
(1997) have argued that leptokurtic distributions
may also express ideal FA and therefore should
not be a priori discarded (see also Van Dongen
1998a). However, besides the statistical difficul-
ties shown the present paper (see also Palmer &
Strobeck 1992) and the problem that antisymmetry
in a small fraction of the population may result in
leptokurtisis as well, there are also difficulties in
interpreting patterns in population level FA for
leptocurtic distributed signed FAs. The simula-
tions presented here are relatively simplistic in
the sense that between population heterogeneity
in developmental instability is generated by a pro-
portional difference in all levels of developmen-
tal instability within a population. However, the
frequencies of these different levels as well as their

Fig. 1. Sampling distribution of the hypothetical re-
peatability. The  distribution is based on 1 000 simula-
tions for 3 different sample sizes (20, 40 and 80) with
a low between-individual heterogeneity in developmen-
tal instability. The inverse triangle indicates the expect-
ed value of R (i.e. = 0.08) whereas the different circles
represent the means of the three distributions. Fill col-
ours of the circles correspond to the different sample
sizes.

Fig. 2. Power curves for
Levene’s test (black sym-
bols) and the likelihood
ratio test based on a
REML mixed regression
model (open symbols)
testing heterogeneity in
developmental instability
between two samples
(FA1 and FA2). Power
curves were estimated for
the four levels of within-
sample heterogeneity in
developmental instability
(no, low, moderate and
high)
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magnitudes may vary with stress, but also with
several other factors. Suppose for example two
hypothetical populations each of which contain
two genotypes exhibiting different levels of FA
(or different levels of susceptibility to some forms
of stress). Due to random genetic drift, the allele
frequencies may change in time and differ between
the two populations such that observed differences
in FA may have various origins. Thus, heteroge-
neity within samples may complicate the inter-
pretation of patterns in FA. I therefore suggest
that population level studies should attempt to
sample as homogeneously as possible. Studies
analysing individual asymmetry on the other hand,
require heterogeneous sampling.

5. Conclusions

The results presented here have important conse-
quences for the planning of field work and ex-
periments. Depending on the degree of between-
individual heterogeneity in developmental insta-
bility, as well as on the type of analysis (popula-
tion vs. individual level analyses) that are planned,
sample size requirements are different. Popula-
tion-level analyses should attempt to sample as
homogeneously as possible in order to increase
power and accuracy. Individual-level analyses, on
the other hand, should try to sample populations
with high between-individual heterogeneity in de-
velopmental instability in order to increase the
power of finding a relationship between FA and
other measures. In addition, the bias as well as
the extremely low accuracy of the estimation of R
when its expected value is low can seriously bias
transformation of patterns in FA into patterns in
developmental instability. In particular, as these
translations involve a division by R (Whitlock
1996, 1998), an underestimation of R will result
in an overestimate of the patterns in developmen-
tal instability. Thus the application of R to trans-
late patterns in FA should be done with great cau-
tion. This bias should, off course, not result in
correlations between individual asymmetry and,
for example, fitness.
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