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The Influence of Aberrant Values on the Statistics Related 
to a Selection Program 
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Summary Examples are presented to illustrate some of the 
effects aberrant values, in particular, measurement errors, 
may have on estimates of the genetic parameters related 
to selection studies. It is shown that aberrant values may 
cause observed response to selection pressure to differ 
considerably from predicted response. Possible dangers of 
indiscriminate screening are also discussed. 
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Introduction 

The set of  measurements obtained from almost any gene- 
tic experiment concerned with quantitative characters will 
include outlying observations. Some of these outliers will 
be 'true values' arising from the tails of the underlying 
distribution; others may be 'aberrant values' arising from 
various sources both biological (e.g., illness) and experi- 
mental (e.g., recording or measurement error). In general, 
it would be desirable to remove the aberrant values if, in 
the process, the true values were retained. Geneticists 
adopt various approaches in dealing with outliers: some 
reject them outright; some employ rules based on statis- 
tical theory in deciding which to reject; some choose to 
include them; etc. Whatever the approach, the justifica- 
tion is often intuitive, based largely on the experience of 
the geneticist. Rather surprisingly, little attention has 
been given to the theoretical aspects of the problems 
raised by aberrant values in genetic experiments. 

One possible explanation of  the lack of  theoretical 
study is the difficulty in defining, in mathematical terms, 
the aberrant values which may appear in practical situa- 
tions. However, in the analysis of two different sets of 
poultry data, the author has encountered a type of 

measurement error which can be readily represented in a 
mathematical model. It is the purpose of this paper to 
illustrate the influence of this type of  aberrant value on 
the statistics associated with selection programs. In par- 
ticular, it will be shown that predicted and observed re- 
sponses to selection pressure may differ considerably if 
aberrant values are included. 

This paper is also concerned with the effects on sub- 
sequent analyses of attempts to remove aberrant values. 
The detection of  such values has been discussed at length 
in the statistical literature (see Grubbs (1950) and Ans- 
combe (1960) for example). However, with notable excep- 
tions such as Kruskal (1960) who commented on various 
practical aspects of the problem, most authors have 
devoted themselves to theoretical questions relating to the 
detection of aberrant values in random samples from the 
normal distribution. Recently, a wider range of topics 
has been considered (see, for example, Prescott (1975) 
on linear regression and Hawkins (1974) on multivariate 
data). Even so, few authors' have discussed in any detail 
the effects on subsequent analyses of the various screening 
techniques which they propose. This aspect of data 
screening is of considerable importance to quantitative 
geneticists, who are often confronted with large data sets 
for which some method of screening seems imperative. An 
example will be presented which shows that an ill-con- 
ceived screening process can lead to more serious difficul- 
ties than those caused by the aberrant values it is intended 
to remove. 

The discussion will relate to a selection program in- 
tended to improve production among progeny by selec- 
tion of parents on the basis of individual performance. 
The populations involved are assumed to be sufficiently 
large to ensure that the various parameter estimates close- 
ly approximate their expected values. Although this as- 
sumption will limit the scope of the paper, the difficulties 
observed herein can scarcely be expected to be less in 
smaller populations. 
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The Mathematical Model 

The type of aberrant value to be considered was suggested 
by two large sets of data from control populations of 
laying pullets, each set consisting of more than 4000 in- 
dividuals. The data were described in detail by Thompson 
(1974). The difficulties presented by these data have been 
alluded to by Finney (1974). Both data sets included 
body weight measurements taken at various times during 
the growth period of the pullets. As an example, the 
measurements from five of the birds in one data set are 
presented in Table 1. The measurements of the first bird 
represent a growth pattern typical of most birds in the 
data set, with relatively fast growth during the first few 
weeks followed by slower growth. Except for the under- 
lined observations, the measurements from the other four 
pullets show a similar pattern. The discrepancies are ap- 
proximately 500g for the first two birds and 1000g for 
the last two. Discrepancies of  these magnitudes appeared 
sufficiently often in the data set to suggest that measure- 
ment errors of 500g and 1000g were not infrequent. In 
fact, the evidence in favour of such errors was considered 
sufficiently convincing in many cases (about 1% of the 
birds in the data set) that the aberrant values were ad- 
justed by the appropriate amounts. In other cases where 
the evidence was less convincing, the observations were 
simply deleted. 

A suggested explanation for the presence of these er- 
rors was the use of balance scales in the weighing opera- 
tion. Such errors would be introduced by overlooking the 
removal (or addition) of a 500g or 1000g weight from (to) 
the balance pan. Similar errors with lighter weights would 
be sufficiently small to escape consistent detection. 

If it is assumed that a measurement error of constant 
magnitude C occurs randomly, standard genetic models 
can be modified to include the aberrant values. Consider 
the hierarchical model 

Y ijk = P + oq + ~ij + eijk i = 1,...,S 
j = I ..... d 
k = 1,...,n 

Table 1. Body weights (g) of five pullets at various stages during 
growth period 

Age of bird 
12weeks 20 weeks 28 weeks 36 weeks 44 weeks 

a) 1080 1540 1980 2110 2180 
b) 680 1790 a 1770 1820 1840 
e) 950 1090 1910 2060 2060 
d) 870 1480 1840 1840 2890 
e) 1170 1720 2310 2360 1340 

a Underlined weights appear to be aberrant 

where Yijk is the response variable and the sire effect c~ i, 
the dam effect/3ij and the random variation eij k are in- 
dependently distributed N(0, 2 as), N(0,o~) and N(0, o2e) 
respectively. An aberrant value with measurement error of 
C can be represented as 

Yijk = /.1 + C + 0~ i + flij + eijk 

It will be assumed that the measurement error appears as 
an 'upward' (C > 0) or 'downward' (C < 0) aberrant value 
with fLxed frequencies q and r, respectively. The expected 
mean squares arising from this model are as follows: 

2 + pqC 2 + no~ + ndo~ Among sires o e 

2 no~ Among dams/sire o e + pqC 2 + 
2 

Within dam family o e + pqC 2 

The effects of different magnitudes of error will be stud- 
ied by varying C. The extension of the model to include 
the possibility of more than one magnitude of error in a 
data set is straightforward but this additional complica- 
tion will not be considered. 

In the examples to follow, it will be assumed that tr~ = 
2 = 30000 so that h 2 .5. These values a~ = 5000 and tre = 

are representative of the parameters of the 44-week body 
weights in the population from which the data in Table 1 
were obtained. 

Estimates of Heritability 

Estimates of heritability are of fundamental importance in 
predicting response to selection pressure. The presence of 
aberrant values among the data may introduce consider- 
able bias into these estimates. The magnitude of the bias 
will be considered in this section; its effect on prediction 
will be examined in the next section. 

The expectation of the heritability estimate obtained 
from the hierarchical analysis of variance is approximated 
by 

4E(o~) 
- -  

S t r i c t  equality cannot be assumed because the expectation 
of a ratio is not the ratio of the expectations. For suffi- 
dently large populations, however, approximate equality 
will be achieved. In practice, this complication is usually 
disregarded. 

It can be seen from the expected mean squares given in 
Section 2 that the only term in the formula above which 
is influenced by the type of aberrant value under study is 

~2 E ( e ) ,  which becomes inflated as the magnitude and/or 
frequency of aberrant values increase. The effect on the 
expectation of the heritability is illustrated in Table 2. 
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Low magnitudes of measurement error introduce little 
bias for all frequencies of error considered. However, with 
larger errors the bias is considerable, even when the errors 
occur infrequently. Table 2 gives results only for upward 
aberrant values but downward aberrant values yield the 
same expectations and combinations of the two (where 
frequency = q + r) yield similar, though smaller, expec- 
tations of heritability. 

It may seem unreasonable to assume that aberrant 
values occur as frequently as indicated in Table 2, but 
more than 2% of 44-week weights in one of the data sets 
motivating this study were judged aberrant by the author, 
even though the data set had already been screened. The 
additional aberrant values were detected by considering 
the growth patterns of each bird as a whole rather than by 
examining the measurements individually. 

The practical consequences of aberrant values can be 
seen in the following example taken from the data set 
discussed in Section 2. Data screening suggested that 21 of 
847 body weight measurements from one year were sus- 

Table 2. Expectations of heritability estimates when upward or 
downward aberrant values occur 

Magnitude (C) of 
measurement error 

Frequency of aberrant value (q or r) 

.01 .03 .05 .07 .10 
100 .499 .496 .494 .492 .489 
500 .471 .423 .386 .355 .320 

1000 .401 .289 .229 .190 .154 

Underlying parameters: h 2 = .5 
o~ = 30000 

2 for 44-week body Table 3. Estimates of heritability and a e 
weights of 847 pullets 

Before After screening a 
screening 

Estimates of heritability (1) (2) (3) 
From sire component .52 .53 .60 .70 
From dam component .38 .46 .40 .47 
Averaging the two 

estimates .45 .50 .50 .58 
Estimates ofo~ 33100 30800 29300 25200 

Approximate standard errors of estimates: sire 
(based on analysis after screening) dam 

pooled 

.19 

.12 

.09 

a Steps in adjusting the screened data: 

(1) Five unexplained aberrant values removed 
(2) Two observations apparently in error by 1000 g adjusted 
(3) 14 observations apparently in error by 500 g adjusted 

pect. The necessary adjustments were carried out in three 
steps to illustrate the effect of the aberrant values; the 
results are shown in Table 3. It should be emphasized that 
these adjustments were dictated by the nature of the data 
and not by a desire to produce notable change in the 
estimates. Even in this relatively large data set, the inclu- 
sion of a few aberrant values has had a considerable influ- 
ence on the heritability estimates. Less than 3% of the 
data has depressed the combined estimate by 1.5 standard 
deviations. 

The results in Table 3 reflect another unfortunate ef- 
fect of aberrant values: the estimates of heritability be- 
come more variable. If bias were the sole effect of aber- 
rant values, the difference between the heritability esti- 
mates from the sire and dam components should remain 
consistent as the aberrant values are removed. This is 
dearly not the case in Table 3. In particular, it can be seen 
from the results in steps 1 and 2 that even two aberrant 
values in a large data set can have considerable influence 
on the relative magnitude of the two estimates. Hence, 
aberrant values could lead to differences in the estimates 
which might erroneously be considered evidence of gene- 
tic factors such as sex-linked genes or dominance. 

As the results in Tables 2 and 3 show, the aberrant 
values tend to reduce the estimates of heritability. How- 
ever, although the expectation of lq 2 must be smaller, the 
estimate itself may be inflated by the aberrent values in 
some situations. Consider, for example, a dam family con- 
sisting of a single individual from which an aberrant 
measurement is obtained. This observation will inflate the 
among-family sums of squares but will leave the within- 
family sums of squares unaffected. Thus, the increased 
variability will be attributed to genetic factors (or to 
maternal effects), and the heritability estimate will be in- 
flated. 

Aberrant Values in a Selection Experiment 

Consider a hypothetical experiment involving a single 
generation of selection. A simple selection rule is assumed 
- any individual with a measured phenotype exceeding 
the population mean by more than one standard deviation 
(based on the estimate of  o2e) will be used as a parent. The 

= 2 = 30000 will be used parametric values h 2 .5 and o e 
throughout. 

The standard prediction of response to selection, 
denoted below as 'predicted response', is the product of 
the estimated heritability and the apparent selection dif- 
ferential, the latter being determined as the difference be- 
tween the mean of the parents and the mean of the popu- 
lation from which they were selected. However, this pre- 
diction is valid only when the usual assumptions of the 
genetic model hold. Generally, these assumptions cannot 
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Table 4. The effect of  aberrant  values on the  predicted and observed response to selection 

Theor.  Appl. Genet .  52 (1978) 

Frequency Proport ion in selected Selection differential 
populat ion 

(1) a (2) (3) (1) (2) (3) (1) (2) (3) Apparent  

Response 

Predicted Observed 

.99 .00 .01 .940 - .060 314 - 30 332 152 148 (143) b 

.98 .00 .02 .877 - .123 323 - 33 339 151 144 (134) 

.95 .00 .05 .687 - .313 348 - 42 384 148 126 (101) 

.99 .01 .00 1 .000-  .000 § - 306 751 - 311 146 153 (158) 

.98 .02 .00 1 .000-  ,000" - 307 752 - 317 141 153 (163) 

.95 .05 .00 1 .000-  .000* - 307 753 - 332 128 154 (179) 

.99 .005 .005 .970 .000" .030 310 756 29 317 149 151 (151) 

.98 .01 .01 .939 .000" .061 315 762 31 328 146 149 (149) 

.95 .025 .025 .840 .000 § .160 329 778 35 362 138 141 (141) 

a Headings: ( I )  Measurement  wi thout  error 
(2) Measurement  too small by 500 g 
(3) Measurement  too large by 500 g 

b Values in brackets are the  actual responses if no  aberrant  values are included among the progeny data 

be justified when aberrant values are included among the 
data. In the present context, a valid prediction can be 
determined by first separating the selected population 
into two groups, the true and aberrant phenotypes. Be- 
cause the necessary assumptions hold within each group, 
separate predictions of response follow directly. An over- 
all prediction is obtained by averaging the separate predic- 
tions, weighted by the proportions included in the select- 
ed population. As this predict!on should approximate the 
actual response to selection in a large population, it will 
be referred to as the 'observed response'. Note that in 
practice, unless the aberrant values are identified and the 

appropriate adjustments made, the sole prediction avail- 
able to the breeder is the "predicted response'; the 'ob- 
served response' will be reflected only in the difference 
between the means of the parent and progeny generations. 
It is the purpose of the present section to consider the 
effects of aberrant values on the predicted and observed 
responses, and in particular, on the discrepancy between 
these values. The results for various frequencies of aber- 
rant values of magnitude 500 are presented in Table 4 and 
plotted in Figure 1. 

It can be seen from Figure 1 that the observed re- 
sponse is almost unaffected by increasing numbers of 

A. Downward Aberrants B. Upward Aberrants C. Upward and 
Downward Aberrants 
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downward aberrant values. This is to be expected because 
downward aberrant values simply mask superior pheno- 
types; in the large population assumed here, the superior 
but aberrant phenotypes lost to the selected population 
will be replaced by equivalent phenotypes. In smaller ex- 
periments where the superior phenotypes would be re- 
placed by inferior phenotypes, the observed response 
would be reduced as the frequency of aberrant values in- 
creased. Figure 1 shows the predicted response to under- 
estimate the observed response, a result due to the bias in 
the heritability estimate. 

Upward aberrant values have a detrimental effect on 
observed response, as is apparent in Figure 1. Inferior, but 
aberrant, phenotypes will seem superior and hence will be 
included in the selected population. This problem will be- 
come severe as the frequency of aberrant values increases 
- when q = .05, 31% of the selected population has an 
effective selection differential of  only 42. Although the 
heritability estimate is biased as in the case of downward 
aberrant values, the predicted response over-estimates the 
observed response because the apparent selection differen- 
tial is inflated by the aberrant values in the selected popu- 
lation. 
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Values of IcI 
Response 

Aberrant Type With Without Screening 
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Fig. 2. The effect of screening on selection response 

As Figure 1 shows, there is a marked difference be- 
tween predicted and observed response, whether the aber- 
rant values be downward or upward, when their frequency 
is not negligible. Regardless of  which type of aberrant 
value appears, the difference would be increased even 
further if  the cause of  the aberrant values were removed in 
the progeny generation. 

When both upward and downward aberrant values are 
included in equal proportions, the predicted response ap- 
proximates the observed response fairly closely (Fig. 1). 
Again the observed response is reduced as more upward 
aberrant values are included in the selected population. 
The agreement between observed and predicted response 
is due to the predicted response being the product of an 
over-estimate of  the selection differential and an under- 
estimate of  the heritability. 

The D e t e c t i o n  o f  Aberrant  V a l u e s  

The examples of  the last two sections have shown that the 
estimates associated with selection programs can be in- 
fluenced considerably by aberrant values. It is natural 
then to consider methods of  identifying these values so 
that remedial action can be taken. Although careful data 
screening will generally prove beneficial to subsequent 
statistical analyses, over-reaction to seemingly aberrant 
values may lead to more difficulties than those caused by 
the aberrant values themselves. It will be shown in this 
section that an arbitrary rejection rule may retard genetic 
progress in a selection program more than the aberrant 
values it is designed to remove. 

Let us consider a rule by which all observations lying 
more than 2.5 standard deviations (based on the estimate 
of o2e) from the observed mean are rejected as being aber- 
rant. Assume that the underlying mean of the population 

Table 5. Proportions of aberrant and true (non-aberrant) values 
from the original population included in the selected population 

True Aberrant 

Unscreened Screened Unscreened Screened 

a) Downward aberrant values 

C= -100 .159 .152 .067 .065 
-400 .159 .153 .001 .001 
-700 .159 .155 .000 .000 

-1000 .159 .157 .000 .000 

b) Upw~d aberrantvMues 

C= 100 .159 .153 .309 .287 
400 .159 .154 .841 .579 
700 .159 .156 .994 .253 

1000 .159 .158 1.000 .032 
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free of  aberrant values is 2000, that the frequency of 
aberrant values is 2% and that any individuals with pheno- 
types exceeding 2200 are selected as parents. The para- 
metric values of  Section 4 will again be assumed, that is, 

2 = 30000. h 2 = .5 and o e 
Figure 2 shows the response to selection, with and 

without screening, for varying magnitudes of  measure- 
ment error. Although in each of the two situations repre- 
sented a single type of aberrant value, either upward or 
downward, is considered, screening is assumed in both 
directions in both cases. Table 5 shows the proportions of 
the aberrant and true values which have been included in 
the selected populations. 

Figure 2 shows that the screening strategem adopted 
here is counterproductive if the population includes only 
downward aberrant values. Owing to the rejection of 

superior phenotypes as being aberrant, the response to 
selection pressure from the screened data is considerably 
lower than from the unscreened data, even though rela- 
tively few true values have been rejected (Table 5). On the 
other hand, the rejection rule proves useful in processing 
data which include upward aberrant values with a mea- 
surement error in excess of 500. Although some true 
values are rejected, most of  the aberrant values are re- 
moved from the selected population, thereby increasing 
the selection pressure. The screening process is less effec- 
tive with a measurement error of less than 500 both be- 
cause more true values representing superior phenotypes 
are rejected (see Table 5) and because the true phenotypes 
of the aberrant values which escape detection are inferior 
to those of the aberrant values which are detected. 

This example may appear to paint too bleak a picture 
- no one would consider rejecting both extremely large 
and small observations if it were known that all measure- 
ment errors were in one direction only. However, seldom 
in practice will the geneticist be able to say with certainty 
that only one type of aberrant value is possible. The pro- 
cess used in the example would be reasonable if either 
upward or downward aberrant values might appear; the 
results could be expected to lie between the extremes 
presented here. 

Whatever the approach, the geneticist will be con- 
fronted with the dilemma: is the extreme phenotypic 
value evidence of a superior genotype or is it simply an 
aberrant value? A simple ad hoc statistical rule cannot 
provide the answer. It is important that all information 
available, both statistical and biological, be used in reach- 
ing the best response. As the examples of the last two 
sections have shown, an incorrect decision on acceptance 
or rejection of an observation can lead to a considerable 
reduction in genetic improvement. 

The real aim of the breeder is to achieve genetic im- 
provement; to obtain reliable estimates of genetic para- 
meters is of secondary interest. However, poor estimates 

may lead to faulty decisions concerning the selection pro- 
gram or to the construction of selection indices inappro- 
priate to the needs of  the breeders. As such, it may be 
advisable to attempt to remove aberrant values before 
estimating parameters even though the corresponding 
individuals clearly will not be included in the selected 
population. For example, in a poultry breeding program 
designed to improve egg production, hens which lay no 
eggs will certainly not be selected as prospective parents 
and yet their records, if not removed, may have an un- 
desirable influence on estimates of  heritability and selec- 
tion differential. 

The above is not meant to imply that once an observa- 
tion has been rejected it can be ignored. On the contrary, 
unless the source of error is removed, the frequency and, 
wherever possible, the distribution of the aberrant values 
should be incorporated in the derivation of the prediction 
equations. 

Conclusion 

The examples presented in this paper are intended to 
emphasize the potential dangers of  aberrant values and of 
the geneticists' response to them. It is the view of the 
author that careful data screening and prudent reactions 
to seemingly aberrant values will minimize these dangers. 
Aberrant values present problems specific to the data at 
hand and should be treated in context;undue reliance on 
ad hoe procedures can lead to serious deficiencies in sub- 
sequent analyses. Indeed, as the examples of this paper 
show, the large discrepancies often observed between 
predicted and actual response in selection programs may 
on occasion be attributable simply to the breeder's treat- 
ment of aberrant values. 

Acknowledgement 

This paper is based on work included in my Ph.D. thesis. As such, 
I would like to thank my two thesis supervisors, Profs. D.J. Finney 
and A. Robertson, both of the University of Edinburgh, for their 
support and guidance. I am also indebted to my colleagues in 
Statistical Research Service for their helpful comments concerning 
the manuscript. 

Literature 

Anscombe, F.J.: Rejection of outliers. Technometrics 2, 123-147 
(1960) 

Finney, D.J.: Problems, data, and inference. J.Roy. Statist. Soc. A 
137, 1-23 (1974) 

Grubbs, F.E.: Sample criteria for testing outlying observations. 
Ann. Math. Statist. 21, 27-58 (1950) 



B. Thompson: Influence of Aberrant Values on a Selection Program 207 

Hawkins, D.M.: The detection of errors in multivariate data using 
principle components. J. Am. Statist. Ass. 69, 340-344 (1974) 

Kruskal, W.H.: Some remarks on wild observations. Technometrics 
2, 1-3 (1960) 

Prescott, P.: An approximate test for outliers in linear regression. 
Technometrics 17, 129-132 (1975) 

Thompson, B.K.: Some statistical problems in the analysis of poul- 
try data. Ph.D. Thesis. University of Edinburgh (1974) 

Received December 5, 1977 
Communicated by A. Robertson 

Dr. Brian Thompson 
Statistical Research Service 
Research Branch Agriculture Canada, 
Ottawa, Ontario (Canada) 


