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Abstract. Non-normality in the distribution of indi-
vidual observations of production and quality traits in
forest tree breeding may cause inaccurate selection and
overestimation of predicted selection gain. The dis-
tribution of individual observations of traits such as
height, diameter, branch diameter, branch angle and
number of branches per whorl is not always normal.
We investigated how the observations were distributed
and to what degree it is possible to improve normality,
homogeneity of error variance and additivity by using
empirical power transformations. Computer simula-
tions showed that a seriously skewed distribution im-
pairs selection efficiency and exaggerates selection gain
expectations. If the distribution is heavily skewed,
transformation might be worthwhile. It does not seem
possible to offer any general advice about which vari-
ates should be transformed, but in most cases there
seems to be no need of any transformation.

Key words: Forest tree breeding — Non-normality —
Box-Cox transformations — Genetic evaluation —
Selection efficiency

Introduction

In progeny trials, variates such as height, diameter,
branch diameter, branch angle and number of
branches per whorl are often chosen for assessment
mainly from aspects concerning ease of assessment. In
the evaluation of progeny trials, these production and
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quality variates have sometimes shown non-normal
distributions. The effects of non-normality in the dis-
tribution of individual observations of production and
quality traits on selection and estimation of genetic
gain have attracted very little attention in the area of
forest tree breeding.

In genetic evaluations, linear models are used as
they have certain advantages regarding such matters as
calculations and interpretation. When using linear
models, we usually assume (1) normality of distribu-
tion, (2) homogeneity of error variance, (3) additivity
and (4) independence of observations. The breaking of
these conditions can lead to inaccurate selection and a
loss of efficiency in the estimation of effects. The as-
sumption of homogeneity of variance is also difficult to
fulfil because fast-growing families are often more vari-
able than slow-growing families. The distributions of
individual observations often have a heavy upper tail.
However, even if the individual observations are non-
normally distributed, the mean values may be approxi-
mately normal, according to ‘the central limit theorem’.
Thus, plot means might be sufficiently normal, unless
the observations per plot are few.

If assumptions 1-3 are not satisfied, a transform-
ation of the original observations may improve the
situation. Transformations such as logarithmic, angu-
lar, square root, etc. have been examined, and investi-
gators have suggested that they achieve normality and
homogeneity of variances (e.g. Bartlett 1947). Such
studies have concentrated on obtaining constant error
variances. Box and Cox (1964) suggested a procedure
for estimating the best transformation within the fam-
ily of power transformations. Their aim was to get the
observations normally distributed with constant vari-
ances. The transformation should be chosen partly on
the basis of information provided by the data and



488

partly on general considerations of simplicity and ease
of interpretation. A retransformation is needed to refer
back to the original scale, but this will not as a rule give
unbiased estimators (e.g. Neyman and Scott 1960).

Ibe and Hill (1988) used power transformations of
poultry egg production data to improve normality,
homoscedasticity and linearity of the genotypic re-
gressions. They found that a power transformation of
egg production data produced both normality of
distribution and homogeneity of variance. The trans-
formation also improved the linearity of genotypic
regressions and usually gave higher heritabilities. Their
conclusion was that the transformation predicts the
genetic worth of animals more efficiently, so that more
efficient selection decisions can be made.

Kung (1988) discussed the need for transformation
is forest genetics. His conclusion was that transform-
ations are of advantage for simplifying relationships,
for stabilizing variance and improving normality, but
that the transformed model should also be understand-
able and practical.

Most traits of commercial interest in forest tree
breeding have an assumed polygenic background,
which makes the expected distribution of individual
observations approximately normal. Therefore, a nor-
mally distributed ‘underlying’ variate value is justified
on theoretical grounds. For instance, skewness may be
considered to be introduced into the physiological
expressions of the underlying genetic values. Besides
the mathematical advantages of using linear models,
there are biological reasons to strive for normality in
variate values used in genetic evaluation and selection,
but there is no theoretical guidance on how to achieve
this. The alternatives are then to find the best trans-
formation from the data itself or to use a standard
transformation such as logarithmic, square root, etc.

The first objective of the study presented here was
to investigate the distributed properties of individual
observations for production and quality variates. For
variates with non-normal distributions, a second ob-
jective was to estimate empirical power transform-
ations that improve the distribution of the data to meet
the first three assumptions mentioned above (normal
distribution, homogeneity of error variance and ad-
ditivity). A third objective was to study how selection,
efficiency and expectancy of genetic gain are affected if
the variates are not normally distributed. Observed
trial data were used for the first and second objectives
and simulated data for the third objective.

Material and methods

Data were obtained from ten progeny trials with Scots pine
(Pinus sylvestris L.) in central Sweden. The trials were analysed as

unbalanced randomized blocks with single-tree plots. The trials

Table 1. Description of measured variates in the trial datasets
and the corresponding abbreviations

Measured variate Unit Abbreviation
Total height cm H1

Height 37 years earlier cm H2

Height increment, H1-H2 cm INC

Breast height diameter mm DIA

Volume dm?3 VOL

Branch diameter, thickest mm BD1

branch (whorl 1.5m)
Branch diameter, opposite mm BD2

to the thickest branch
Branch angle, thickest branch
Branch angle, opposite

to the thickest branch
Number of branches

Angle degrees BAL
Angle degrees BA2

BNUM

had attained an age between 5 and 18 years at measurement and
mean heights between 118 and 586 cm. Table 1 lists the variates
measured. Volume was estimated with volume functions, using
height and diameter as independent variables. Different func-
tions were used for trees with a breast height diameter below
{Andersson 1954) and above 5 cm (Ndslund 1947).

Finding transformations

The following fixed model was applied to find a suitable trans-
formation:

yy=u+bite, 1)
where

V= observed value for tree ij
4= grand mean
b, = fixed effect of block i
&, = residual effect for tree if, ~ (0, )

A more appropriate model would have been y,;=
(4 b+ fi; + e, where f;; is the random effect of family j in block
i. However, without replications of families within blocks this
model cannot be used if we want to study variance, skewness and
kurtosis for the residuals within each family. In model (1) the
residual is a composite of the two random effects, family and a
‘pure’ error. Thus, one can consider the residuals as a random
variable, but the residuals ¢ are not completely independent of
each other. The REML method in the SAS “Varcomp’ procedure
was used to estimate variance components (SAS 1990).

To estimate the best transformation within the family of
power transformations, an empirical maximum likelihood pro-
cedure developed by Box and Cox (1964) was applied in this
study. The first step was to obtain the transformation

E
y;._
= A
Iny (A=0)

(A #0) )

Since an analysis of variance is not affected by a linear transform-
ation, this is equivalent to

W (a#0)
¥ = {m vy (A=0) ®)



The first form is preferable for theoretical analysis because it is
continuous at 4 = 0 and has, therefore, been used here.

Transformations were made for different values for A, and
model (1) was then applied to estimate the residuals for the
different A. Setting 4 = 1 gives no change, 2 = 0.5 is equivalent to
a square root transformation, 4 = 0 means a logarithmic trans-
formation and A = — 1 is equivalent to a reciprocal transform-
ation. Other values for 4 give transformations between these
standard alternatives.

The second step was to find the value of 1 that maximizes the
log likelihood function

vlns; (A—1o

Lywcll) = =52+ 5=y Iny @

where

L,..(A) = log likelihood function
n =number of observations
s = residual variance of transformed y values from
model (1)
v = degrees of freedom for s7
> lny = sum of logarithms of the observed values.

To find the A that maximizes L, a second-degree polynomial was
fitted to describe the relationship between A and L:

L=k +k,A+kyl? 5)

where k, k, and k; are regression parameters.
The maximum value of L was then found by setting the
derivative of this function to zero and solving for /A, which gives:

ky

/1:@; ©

Confidence intervals were computed from the Box-Cox algo-
rithm in order to test whether the transformation parameter 1
differed from A = 1. The value —2L_,, follows approximately the
y2-distribution. The upper and lower confidence limits, 1, and
A, correspond to the pair of values of A that have L values equal
to

L= Lmax - %Xf(l) (7)

Solutions for A, and 4, were obtained by finding the roots of (5).

A method suggested by Sokal and Rohlf (1981) with which to
achieve normality and induce homogeneity of variances at the
same time was also tried. The method is a composite of (4) and
Bartlett’s test of homogeneity of variances. A new log-likelihood
function is defined as

L=L-}p ®)

where L is as defined in (4) and y? is Bartlett’s test of homogeneity
of variances computed as

/

¥ = {[z (n;— 1)}11152— Z (n;— 1)1ns,?}/ C 9)

i=1 i=1
where

S (n— 1)s?

52 =i=1

N—r

1 roq 1

=T Bmon

489

and

n,= number of observations in sample i
st = sample variance
N = total number of observations
r= number of samples
C=correction factor.

Checking assumptions on the transformed scale

After the best-fitted transformation had been applied to the data,
normality and homogeneity of variances were checked. Devi-
ation from normality was measured by skewness and kurtosis.
First, in order to standardize the values and make untrans-
formed and transformed values comparable, we made the follow-
ing calculations on the residuals from model (1) and on both
untransformed and transformed values:

Py,

x=r 1 10
v=r (10
-
=4 11
=3 1
T
=t 12
Ve s, (12)
whe;e

x = transformed value for each block expressed as deviation
from the mean of the blocks

p, = predicted value of the transformed variable

m, = mean of the transformed variable

s; =square root of the mean square error of the transformed
value

v, = residual of the untransformed observation expressed in
standard deviations

r, = residual of the untransformed observation

s, = square root of the mean square error of the untransformed
value

y, = residual of the transformed observation expressed in stan-
dard deviations

r, = residual of the transformed observation.

Second, linear regressions for variance, skewness and kurto-
sis of the x-values, as calculated above, on y, or y, were calculated
to cheek the effects of transformation. Means and the regression
coefficients were calculated both for the original values and the
transformed. A regression coefficient of zero denotes absence of
any trend between high and low values.

Bartlett’s test for homogeneity of variances was used to
measure the effect on homogeneity of variances in the transform-
ations.

Simulation study

Computer simulations were used to measure the effects of differ-
ent distributions on evaluation procedure and selection effi-
ciency in terms of achieved genetic gain. Simulations were made

for variables distributed as \/y, y, y2, ¥°, y'° and exp (y), i.e. these
are variate values for which Box-Cox transformations with
4=2,1,0.5,0.2,0.1 and 0 are the appropriate ones. The variable
y represents a normally distributed variate. As the exponential
distribution is dependent on the level of the values, these trans-
formations should be seen just as special examples. For the
power transformation it is the relation rather than the level of the
values that affects the result, which means that these results are
general.
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The simulations were exemplified for two situations, one
with a half-sib family structure (progeny testing) and one with
clonal propagation of the individual genotypes (clonal test). Two
ievels of genetic variation were chosen to cover the most com-
mon interval of the genetic coefficient of variation found in
Swedish test data with different variates. Twenty-five data sets
for these two situations were generated according to the follow-

ing models:

Half-sib data: yge = 1 + b + 5, /30% + rip /02 —305  (13)
Clone data: y;3 = p+ b; + cj\/a—é + rijk\/m : (14)
where

Vi = value for observation ik
u = grand mean, set to 8

b, =fixed effect of blocki,i=1,...,8,3 b; =0, b= — 1.25,
b, = 1.50
s; = a random number for effect of parent j, ~ NID(0, 1)

= a random number for effect of clone j, ~ NID(0, 1)
i = = a random number for each observation z]k ~ NID{(0,1)
% = additive genetic variance (= h* when g7 = 1)
aé = genotypic variance (= H*> when 7 = 1)
o2 = phenotypic variance (set to 1)
hz = narrow sense¢ heritability, 1.e. ¢ A/o- »
= broad sense heritability or ‘repeteability’, i.e. o 2/0 .

.

The assumptions used in the simulations are shown in
Table 2.

The unbalancedness in the data was created by giving all
trees a random number between 0 and 1, from a uniform
distribution, and then deleting all trees with a value above 0.8,
which corresponds to an expected survival rate of 80%.

Variance components were estimated in each of the gener-
ated datasets using the REML method in the SAS “Varcomp’
procedure (SAS 1990). Means of the estimated variance compo-
nents in the 25 datasets were used as prior variances when
calculating BLUP of family (parent) and clonal genetic values,
respectively, from Henderson’s Mixed Model Equations (Hen-
derson 1975) in each of the 25 datasets. The models are in matrix
notation

y=Xb+Zu+e (15)
where

y=a vector with untransformed and transformed observed
values, respectively

X = a design matrix of fixed effects

Z =a design matrix of random effects

b = a vector of fixed block effects

u = a vector of random family or clonal effects, respectively

e = a vector with residual effects.

b and 1 are solved as

XX X7Z -1 <
b _ , Y (16)
A~ = o, 7'y
i ZX 7 7+1-%

u
where

o2 = residual variance
o2 = family or clone variance, respectively.

Parents and clones, respectively, were then ranked and selected
in various proportions. The efficiency of the selection and the
effect on the genetic gain from the transformation were cal-
culated in the following way.

Table 2. Assumptions used in the simulations of test data

Half-sib families Clones

Number of half-sib families 40 40
or clones

Number of blocks 8 8

Number of seedlings per 40 8
genetic entry

Original number of seedling 3 1

per block or ramets
per clone and block
Survival rate (average) 80% 80%
Genetic coefficient of 5.6% and 11.2% 6.2% and 12.5%

variation®
Heritability h* =020 H?=025
Number of datasets 25 25

ag . G
2 IA for half-sib data, -2 for clone data, where o 4 and o, are

additive genetic and genotypic standard deviations, respectively

I
Actual selection efficiency = -———— p(rank 9
I, (rank n)

T (rank
Ratio of the predicted gains = ->——"" Llranks) (18)
I (rank n)

where

T, = mean BLUP of parent or clone effect of the selected part in

_ the normally distributed data

I, =mean BLUP of parent or clone effect of the selected part
within the generated skewed distribution of y

rank n indicates ranking obtained on BLUP computed from
normally distributed data

rank s indicates ranking obtained on BLUP computed with the
skewed distribution

The ratio of the predicted gains measures the bias in gain
expectations,

Results

Transformations required for the empirical data

Table 3 shows the transformation parameters (1) that
maximized the log-likelihood for different variates in
the different trials. The disparity between results with
the Box-Cox transformation and the modified pro-
cedure given by Sokal and Rohif (1981) was small,
which is why only the results from the Box-Cox trans-
formation are presented. The Box-Cox procedure ap-
peared simpler to use. From Table 3 itis not possible to
discern any general pattern in the transformation para-
meters. Transformation parameters were plotted ver-
sus the mean height, but they too displayed no specific
pattern of relationships for any of the variates. Gen-
erally speaking, height, height increment and diameter
seem to be variates with no need for transformation,
whereas volume, branch diameter, branch angie and
number of branches sometimes seem to be worth a
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Table 3. Transformation parameters which maximize the log-likelihood function for different variates and trails. Variate abbrevi-

ations are given in Table 1

Trial code Mean height Measured variates

cm

(om) H1 H2 INC DIA VOL BD1 BD2 BA1l BA2 BNUM
101A 470 1.02 0.44 1.13 0.74 0.27 0.12 0.40 0.24
101C 392 0.11 0.27 0.03 0.28 —0.11 0.16
101D 586 1.68 1.21 047
101E 484 117 1.01 0.38 0.46 0.13 —0.22
106C 348 0.82 0.67 0.86 —-007 -012 032 043 0.03 042 0.76
107D 404 0.90 1.17 0.83 1.14 038 056 065 098 056 1.21
108D 381 0.85 0.72 1.14 0.73 0.28 0.39 0.72 0.61 0.89 0.64
791A1 275 1.49 0.81 1.76 1.82 0.85
791A4 350 1.22 1.56 1.04 2.78 0.99 1.18 1.08 0.60 0.18 0.92
X441 501 0.80 0.71 0.29 0.25 0.15 0.38
Arithmetic 419 1.01 0.90 1.13 1.03 0.38 0.44 0.72 0.38 043 0.51

mean

transformation. Tables 4-6 give the result of Bartlett’s
test statistics for homogeneity of variances, skewness
and kurtosis for each of the variates measured in the
trials studied. A transformation was usually found to
increase the homogeneity of variances and reduce
skewness and kurtosis. Especially for volume, homo-
geneity of variance, skewness and kurtosis were im-
proved by a transformation. Branch angle and number
of branches seemed to be variates that often deviated
from normality or had heterogeneous variances, even
after application of a power transformation.

An example on the effects of using power trans-
formation is illustrated in Figs. 1-3 for volume in trial
101E. Figure ! shows the relationship between log-
likelihood and the transformation parameter A with a
95% confidence interval, Fig. 2 shows that the residuals
are more normally distributed after volume has been
transformed with a power transformation. The effects
on variance, skewness and kurtosis, respectively, in
different blocks are shown in Fig. 3. The left side of the
diagram shows the results before, and the right side
after, transformation. The variance of the transformed
values is more homogeneous. The residuals have been
standardized to have a mean of 1. Skewness and kurto-
sis in this example have come closer to zero, and the
slope of the lines has become lower. This means that
variance, skewness and kurtosis are essentially the
same in blocks with low values and in blocks with high
values.

Effects of ranking and selection in the simulation study

Half-sib progeny testing

Results of selection for higher trait values are shown in
Fig. 4. These diagrams show only the values for vari-
ables distributed as y°, y*® and exp ( y) vis-a-vis y, as the

less skewed distributions included in the simulations
affected the selection only slightly. The selection effi-
ciency decreases and the relative overestimation of the
predicted selection gain increases with higher selection
intensity. A 109 bias in a predicted selection gain of
say + 209, means that the actual gain is predicted
as -+ 22%,. The more skewed the distribution is, the
more these tendencies increase. In the half-sib case a
higher genetic coefficient of variation gave a lower
efficiency and a higher overestimation of the genetic
gain.

Results when selecting towards low trait values are
shown in Fig. 5. Even in this case, the efficiency was
lower and the selection gain was overestimated in the
skewed distribution. The curves were less steep for
higher selection intensity and were less affected by the
selection intensity than was selection for higher trait
values.

Clone tésting

Selection for higher trait values is illustrated in Fig. 6.
Contrary to the half-sib situation, the efficiencies were
greater and the predicted selection gains became less
exaggerated as the genetic coefficient of variation was
increased. Selection for lower trait values is illustrated
in Fig. 7. Efficiency was lower and the genetic gain was
overestimated to greater extent with the low genetic
coefficient of variation.

Table 7 shows that normally distributed data give
the highest heritability estimates.

Discussion

Common linear procedures are generally considered as
robust to slight departures from normality. A trans-
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our study was often successful in improving normality
and homogeneity of variances at the same timé. The
method suggested by Sokal and Rohlf (1981), model
(8) above, which is a composite of L and Bartlett’s
homogeneity of variances test statistic, did not improve
the situation significantly compared with a pure power
transformation. Even if, for example, ./y is found to be
the best transformation from the formal analysis, it
could be more convenient to work with the logarithm
of y, while there are arguments of ease of interpretation
(Box and Cox 1964).

According to Ibe and Hill (1988) there is some
evidence that transformed data yield higher heritabil-
ity estimates than untransformed data. A higher herita-
bility gives rise to higher expected selection responses
when testing efforts are constant. The simulation study
done here confirms this, although differences were
small unless the distribution was heavily non-normal
(Table 7).

A disadvantage of power transformations is that
there is no genetic or other biological justification for
the transformation, except that polygenic effects are
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expected to be normally distributed due to theoretical
considerations. Most variates are measured in easily
understood units, such as, cm, m> etc., but on the
transformed scale it is more difficult to understand the
meaning of a value. Therefore, a retransformation of
genetic values to the original scales is often desired.
For some scales the backward transformation is biased
and should be adjusted. Table 8 lists adjustment terms
that could be added to the retransformed values when
using transformations from the power family. These
approximate adjustments are derived from Taylor
series expansions and are one-half the product of the

second derivative of the backward transformation
function and the population variance of the trans-
formed variable, as suggested by Kung (1988) based on
Kruskal (1978).

The simulation study revealed two problems asso-
ciated with skewed distributions in genetic evaluation
and selection (1) lower efficiency, which means that
incorrect parents or clones are selected, and (2) over-
estimation of predicted selection gain.

In the simulation study the selection efficiency
proved to be dependent on the degree of genetic varia-
bility. With half-sib data, in contrast to clone data, a
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higher genetic coefficient of variation reduces the effi-
ciency. There is no obvious explanation for that. In
both cases with constant heritabilities, increased coeffi-
cients of variation produced proportionately similar
changes in variation between and within genetic en-
tries. The only clear difference between these two cases
is the distribution of variation between and within
genetic entries relative to large block effects. The rela-
tive increase in the residuals is larger in the half-sib
analyses. It was beyond the scope of this investigation
to study this aspect in depth, however. The simulations
will probably exaggerate the effects of the different
distributions to some extent. In the simulations with
unrestricted random numbers, extreme variate values
will presumably appear more frequently than they do

Table 7. Estimated heritabilities in the different distributions of
simulated data: narrow-sense heritability (h%) for half-sib data
and broad-sense heritability (H?) for clone data. Expected values
in the normal distribution are h? = 0.20 and H*> =0.25

in nature. For example, there are biological limits for
height or volume of a tree that were not implemented in
the simulation model.

With reference to the datasets available in this
study, there seems to be no general need for transform-
ations for height, height increment and diameter values
in tree breeding data. The distributions of volume,
branch diameter, branch angle and number of
branches often showed a positive skewness. Selection
for branch diameter and number of branches is usually
made towards lower values, which means selection
from the left tail of the distribution. Even though there
is a bias in selection gain, these selections are scarcely
affected in absolute values, as the real genetic gain is
small. For some variates, such as the number of
branches, it is difficult to remove skewness, kurtosis
and heterogeneity of variances, even with power trans-
formation; the power transformation may not be the
appropriate one for these variates. If needed at all, a

Table 8. Adjustment for bias in backward transformation. The

Distribution*® Assumed genetic coefficient of vari- adjustment should be added to the backward transformed value
ation (CV) (form Kung 1986)
h? H? Classification  Transformation Adjustment
5.6 11.2 6.2 12,5 Forward Backward

05 0.185 0192 0260 0240 o5 g 2

v (ie. normal 0.185 0196 0261 0243 Square root - y=X"" X=y 0y

distribution) Reciprocal  y=1/%x  %=1/y  &,/y

¥ 0.180 0191 0256  0.235 Logarithm — y=In(X) X=exp () 6,exp(5)2

¥ 0.140 0131  0.203 0.169 Exponential ~ j=exp(x) x=In(j) - ay2/2f2

yio 0065 0040 0102 0054 Quadratic j=x2 x=y"5  —8l8tt

exp (¥) 0056 0021  0.092 0.009 Power y=x X=gl GIFV(L — ¢) /27

* y normally distributed

@ 2 is the population variance of transformed values



simple normal scores approach (Danell 1988) may be
theoretically more suitable for categorical traits such
as number of branches.

The conclusion that was drawn from the simula-
tions in this study is that a heavily skewed distribution
both impairs the selection efficiency and exaggerates
the selection gain expectations. Our recommendation
in the context of forest tree breeding data is that, prior
to genetic evaluations, one should check the distribu-
tion of the variate measured. If the distribution is
seriously skewed, a transformation might be worth-
while. It does not seem possible, with reference to the
available empirical datasets in this study, to give any
general guidance about which variate should be trans-
formed, but in most cases there seems to be no need for
transformations.
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