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Abstract of the Thesis 

This thesis is concerned with some of the theoretical and 

practical. problems encountered in the analysis of genetic data, 

in particular, quantitative traits from poultry breeding 

experiments. The study concentrates on the statistical techniques 

associated with large scale breeding programmes, namely, screening 

procedures, estimation from the analysis of variance, and ..the 

prediction of selection response. The subject i approached in 

three ways: i) by using data obtained from two, experimental 

flocks,, ii) by considering theoretical statistical models, and 

iii) by applying simulation techniques. 

Much of the thesis 'relates to the problems raised by the 

occurrence of two types of aberrant values, measurement error 

and extremely low production. The bias and variability intro'-

duced by such values in. the estimation of heritability and 

variance: components are studied from both a theoretical and a 

practical point of view. The adverse effects of these values on 

the predicted and observed response to selection pressure are 

also invést.tated It is shown that attempts to remove measure-

ment errors by the use of automatic screening methods can prove 

unsuccessful 'and even harmful to subsequent analyses Examples 

are given where ezoessive screening leads to bias as serious as 

that caused by the aberrant values • Low production records, 

though moree easily detected, are cited as indicative of the 

inadequacies of the underlying genetic model. 



The thesis is concerned not only with problems related 

to genetic data but also with limitations in the statistical 

procedures used to analyze them..: Three chapters are devoted to 

this subject. The first one discusses the bias in the eatima- 

tion of variance components from the analysis of varanoe of 

progeny data when the parent population includes relatives.. 

Ien when inbreeding is avoidedt  the non-zero covariancee of 

sire and dan effects lead to bias. Although the bias is found 

to be unimportant in the analyses of the data used in the pre-

sent work, a number of instances are cited where it would be 

of consequence. In the second chaptor f  a statistical procedure 

proposed by Merat for identifying major gene affects is discussed. 

Some of the theoretical and practical problems inherent in the 

procedure are examined. In the third chapter, the possibility 

of using ancestral records, in particular, the record of an 

individual's dam, in selecting prospective parents is consid-

ered. It is shown that these records can prove useful in 

various situations. 

A number of side issues have arisen in the course of this 

study. These diverse topics include questioning the practices 

of using deviations from batch means in the analysis of var-

iance and of pooling results over years in obtaining variance 

• 	couponent estimates, developing a system of coding bird num- 

bars which enables the recognition of relatives, etc.. These 

topics are discussed in the text when appropriate. 
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CHAPTER I 

The Introduction 

Since 1920 when the theoretical basis of quantitative 

genetics was established by Fisher, Haldane and Wright, numerous 

statistical techniques have been developed for use in analyzing 

quantitative traits. Unfortunately, many of these techniques 

are based on rather restrictive assumptions concerning the 

underlying statistical and genetic models. All too often, the 

techniques are applied in situations where the assumptions are 

clearly unjustified. In some instances, this step will be 

deliberate as current theory provides no better alternative; in 

others, it will be due to- oversight on the part of the 

practitioner. Whatever the reason, it is important that the 

geneticist understand the consequences of violating the 

assumptions. 	 - 

The accessibility of the modern high speed computer has 

increased the chances of inherent difficulties in data sets 

being overlooked. In the past, the limitations of the compu—

tational equipment compelled the geneticist to become personally 

involved with his data in the arduous task of analysis. However, 

today's large computer packages such as Harvey's programme and 

GENSTAT enable him to analyze his data without ever scanning or 

inspecin them. • Furthermore, the efficiency of these packages 

makes it feasible to process much larger data sets. Consequently, 

the appearance of some errors among the data becomes more probable. 
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Ironically, for those who do wish ,to inspect their data 

more closely, the computer can prove a powerful ally. Modern 

graphic techniques reveal at a glance information which years 

ago could be obtained only after considerable and . painstaking 

effort.. Screening and analytical procedures which would have 

been considered impracticable can now be carried out in a matter 

of seconds. Yet, these-tools are often ignored. 

It would seem then that  reappraisal of the statistical 

practices prevalent in quantitative genetics is needed. The 

research described in this thesis is intended as a step towards 

this end. Although the thesis is concerned particularly with 

the analysis of poultry data, much of the work is of a more 

general nature, being relevant not only in other areas of 

quantitative genetics but also in other branches of applied 

statistics. Admittedly, some conclusions to be drawn from the 

research may appear self-evident to the statistician but it is 

important that these results., be brought to the attention of the 

geneticist who' actually applies the statistical techniques. 

The subject has been approached in three ways. As the 

author has been given access to:  the data from two large pedigree 

poultry flocks, one from Edinburgh and one from Ottawa, much of 

the work relates directly to the practical aspects of analyzing 

these data. However, some topics are more Oonveniently con-

sidered from a theoretical .,point of view and hence both. algebraic 

manipulation and simulation techniques are employed when necessary. 

The three approaches are not disjoined: the results from one 

often serve to support those from another. 
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A large part of the thesis is concerned with the problems 

raised by the appearance of aberrant values, i.e., observations 

which do not belong to the distribution assumed of the data. 

Their influence upon statistical analyses, in particular, the 

hierarchical analysis of variance and the procedures associated 

with selection experiments, are studied in detail. The 

difficulties encountered in screening for such observations are 

also discussed. 

Two classes of aberrant values are considered: measurement 

error and excessively low production. The study of measurement 

error is motivated by examples discovered among the body weights 

of the Edinburgh-flock. . Because these errors were apparently 

random and of a constant magnitude, they can be readily described 

by a statistical model, a feature unusual with aberrant values. 

Hence, the theoretical study of this model is of practical 

interest. Low production, on the other hand, cannot be described 

properly by current statistical or genetic models, a shortcoming 

reflected in the unsatisfactory practices commonly observed in the 

published analyses of egg production traits. In the present 

study, the phenomenon of low production is represented by a 

model which allows the occurrence of zero records. Although this 

simplification may seem rather extreme, it will be seen to have 

some relevance in practice.. 	. 	 • 

. 	The data are not hjbnly source of difficulty in analyzing 

results from poultry experiments; the statistical prOcedures. 

themselves may at times be suspect. Two such procedures are 

considered in this thesis. The first, the hierarchical analysis 
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of variance, is often applied in situations where relatives 

appear in the parent population, a contradiction of the 

assumption that the covariances of sire effects and of dam 

effects are all zero. The Edinburgh and Ottawa data are used 

to examine the practical significance of this contradiction. 

Several hypothetical situations are also considered. The second 

procedure, one proposed by Merat (1968) for identifying major 

gene effects, has a number of statistical defects. These 

defects are studied in both a theoretical and practical context. 

The pedigree Edinburgh and Ottawa data provide the 

material for investigating yet another statistical procedure, the 

selection of prospective parents in a breeding programme. In 

this instance, it is not the procedure which is. In question but 

rather the failure of .the breeder. to consider possible sources 

of useful information. At present, the selection indices are 

usually based on contemporary measurements, i.e., the performance 

of the individual and possibly its sibs. However, with the 

efficient computing systems now available, it is practicable to 

record and retrieve information concerning earlier generations. 

This additional information may prove extremely useful, 

especially in situations where the trait Is sex-limited or where 

part records only are available from the current generation, 

circumstances which commonly confront the poultry breeder. One 

source of information, the dam's record, will beconsidered in 

this study. 	. 	 . . 	 . 	. 	. 

The subject matter discussed above constitutes the body 
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of the, thesis. Though these topics may seem diverse, they all 

fall within the general framework of statistical practices in. 

poultry breeding. The thesis consists of thirteen chapters, 

of which the first and the last serve as an introduction and 

summary respectively. The contents of the other chapters are 

outlined below. 	 . 

Chapter II gives details of the structure and the content 

of, the Edinburgh and Ottawa data, sets. . Some of the difficulties 

encountered when reorganizing the data for the present 'study are 

discussed. The latter part of the chapter describes the 

computer programme library which has been developed for 

processing these data. 

The next five chapters deal with various theoretical 

aspects of the problems raised by aberrant values. ' The 

literature concerned with data screening, and in particular, the 

criteria proposed for rejecting outlying observations, is 

reviewed in Chapter III. The chapter introduces the three 

screening procedures which havè. been used extensively in 

processing the Edinburgh and Ottawa data. In Chapter IV, a. 

statistical model is defined wh&ch'includes the possibility of 

aberrant values. The model i's used to determine the. bias in 

the hierarchical analysis of variance and in linear regression 

under specific conditions. The influence of the aberrant values 

upon estimates of heritability from the analysis of variance is 

also considered. Chapter V compares the effectiveness of the 
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three screening procedures introduced in Chapter III. The 

study.pertains not only to the rates at which aberrant values 

are identified but also to the rates at which genuine (true) 

values are designated aberrant. These results are supported 

in Chapter VI by results from a simulation study. The simulated 

data are also used to illustrate two detrimental effects of 

excessive screening. Chapter VII examines the consequences of 

aberrant values in a selection programme. A further example 

of the dangers of excessive screening is included in this chapter. 

Chapters VIII and IX are concerned with the problems 

relating to the hierarchical analysis of variance and Merat's 

procedure. In addition, it is necessary in Chapter VIII to 

investigate the claims of the breeders that matings between 

closely related individuals have beenavoided in the Edinburgh 

and Ottawa flocks. 

The last three chapters contain, the bulk of the work. 

pertaining directly to the Edinburgh and -Ottawd data. Various 

aspects of the screening process are discussed in Chapter X. 

The effectiveness of the screeningprocedurs, earlier studied 

in a theoretical context, is considered from a practical point 

of view. . A number of aberrant values which escaped detection 

in the original screening attempts are reported. Chapter XI 

presents the estimates of heritability and genetic covariance 

obtained before and after the aberrant values were removed or 

replaced. The lack of robustness in the estimation procedures 

when aberrant values appear is shown using an example taken 

from the Edinburgh data. Finally, in Chapter XII, the screened 
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data are used to examine the possible use of the dam record 

in the selection index as a method of improving the efficiency 

of the breeding programmes. 

Four appendices follow Chapter XIII. The first two 

provide results essential to the work of Chapter IV. This method 

of presentation has been chosen to avoid unnecessary interruption 

to the text. A complete list, of the newly discovered aberrant 

values among the Edinburgh body weights is given in the third 

appendix. The final ,appendix contains a glossary of the 

symbols found in the thesis. 	. 	 . 
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CHAPTER H 

The Data, The Recording System and the Prograznrne Library 

This chapter will serve to £ntroduce three subjects: 

a) the data which have motivated, this thesis, b) the system 

which has been used to record these data on magnetic tape, 

and c) the programme library which has been developed to process 

these data. Although much of this material will become 

relevant only in the later chatérs, it was considered 

desirable to include these topics In an initial chapter so as 

to provide a single reference section and to avoid unnecessary 

interruptona in the subsequent text. 

2.1. Some General Comments Regarding the Data 

The data were obtained from control lines serving in 

poultry breeding experiments: strains 5 and 7 (1965-68) from the. 

Animal Genetics Institute of the Canadian Department of Agri-

culture in Ottawa, and strains 2 and 5 (1960-62) from the Edinburgh 

School of AgrIculture Randombred Control Flocks, The original 

data from the line's included a considerable number of 

measurements taken on each pullet in the pedigree test 

populations. The large amounts of recorded data necessi-

tate restricting the scope of this study. Hence, in most 

analyses, only four variables from each line will be. considered: 

from the Ottawa lines, the 'body weights at 147 days (B147) and 

365 days (S365) after hatch, and the egg production over the 

periods 147 days to 273 days (NØØ)  and 147. days to 497 days 
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rØTØ); from the Edinburgh lines, the body weights at 20 weeks 

(Bw20) and 44. weeks (BW44) after hatch, and the egg production 

over the periods 20weeks to 28 weeks (NØE)  and 20 weeks to 44 

weeks (TØTE). The codes in parentheses will be used as labels 

for the respective. variables in tables and diagrams. In both 

the Ottawa and Edinburgh data, the second egg production record 

represents the total production of the pullet over the test 

period. Thus, tie four raeasur.wte from each line may be 

considered the 	 tWO traits, body weight 

and egg production. These relationships will become, relevant 

in Chapter XII when we consider the value of part records from 

parents in predicting the . fufl records of progeny.' 

The numbers of individuals in the test populations and 

the numbers of sires and dams used in producing these populations 

are given in Table 2.1. A notable . feature of this 'table is the 

larger full sib..families in. the Edinburgh lines, a factor which 

Will assume importance in later chapters. For reasons to be 

explained shortly, . the. counts presented in this table do ijot 

correspond with those published elsewhere. 

Although the data will be used more to illustrate general 

analytical principles than to evaluate genetic traits specific 

to these lines, it would seem appropriate to include .a des-

cription of the background of. the lines. Much of this nfar-

mation can be found in the literature; see for example, Clayton 

and Robertson (196.). and Gowe etal. (1959). 
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1960 1961 1962 

.23 34:. 35 
87 19 124 

916 915 .799 
31 223 200 

232 242 211 
231 . 	227 189 
222 223 199 

5 

1960 1961 1962 

33 35 38 
131 116 104 
848 786 591 
247 208 .142 
205 189 144 
204 .191 157 
192 198 48 

2.3 

TABLE 2.1. 

The Structure of the Edinburgh (1960-62) and Ottawa 
(1965!-68) Control Lines 

1. Edinburgh 	: 

Line 

Year 

Number of sires 
Number-of dams 
Number of progexr 

Hatch No.]. 
Hatch ,No.2 
Hatch X0.3 

) Hatch.No.4 

2. Ottawa 	. 

Line 5 7 

Year 1965 1966 1967 . .1968 1966 1967 1968 

Number of sires— .' .80 80 80 80 80. 80 80 
Number of darns 	. . 222 219 .253 .207 231 237 . 221 
Number of progeny. 634 422 955 762 . 442 618 411. 
a.) Treatment.No.1 . 	... 476 . 134. . - 308 61 

TreatmentNo.2 . .479 94 	. . 	310 .67 
Treatment No-3 .- . .129 - - 53 

d) Treatment No.4 - - 137 - - 	. 75 
e) Treatment No.5 .- - 	. .. 129° 79 
f) Treatment No.6 - - - 139 69 

N.B 	- Counts In general represent :families which contained at 
least . one daughter which survived the test. period. 
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22. The Edinburgh Lines 

The Edinburgh lines were started in 1957 from 

individuals sampled from two strains: of commercially success-

ful White Leghorns. Both strains had been subjected to 

selection for egg production over many generations. The initial 

samples from these strains consisted-  of ten males and twenty-five 

females in forming line 2 and four males and six females in 

forming line 5. From these samples, the lines were multiplied 

until the experiment proper which began in 1959. 

Lack of facilities made it necessary to hatch line 2 in 

January/February and line 5 in June/July of each year. The 

individuals in each line were housed approximately twenty weeks 

after hatch. The hatching operation consisted of four distinct 

hàtchês taken at fortnightly intervals, the hatches producing 

similar numbers of individuals as can be seen in Table 2.1. 

Sire families were fairly evenly distributed over hatches but 

the dm families were less consistent. Since each hatch was 

brooded, reared, and then penned in the laying house separately, 

the hatch effect has been confounded with a number of environ-

mental factors.. 

The parents of each generation were obtained from the 

preceding generation so that, whenever possible, each full sib 

family contributed a dam and each half sib family a sire. Mating 

was in general at random although efforts were made to avoid 

matings between related individuals. As we shall see In Chapter 

VIII, these efforts were not always successful. 

The original data sets on paper tape included. only records 
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of survivors over the test period, that is,, until 44  weeks of 

age. The exclusion of non-survivors may be misleading because. 

the mortality rate was two to three times higher in line. , 5 than 

in line 2, e.g., in 1960, 13.9% compared with 6.4%..Further-

more, the process of removing records appears to have been 

inconsistent; several cases have been discovered where birds 

with complete reóórds have been excluded. (see Table 2.2..), while 

5 (1962) a number of doubtful records from apparent 

survivors may only represent estimates for birds which have 

died near the end of the test period. The latter question will 

be raised again in Section 10-3* 

The egg production z'eords were obtained by trap nesting 

in three consecutive days each week. Hence, 24 eggs would 

constitute 100% production over an eight week period. Birds 

were weighed to the nearest 10 gra. s. 

23.. The Difficulties in Establishing Ancestry in the Edinburgh 

Linas. 

The analyses of Chapter VIII requireinformation.-con-

cerning the ancestry of each full sib family back to the great 

grandparents. Unfortunately, unlike the Ottawa records, the 

original code numbers of the birds in the Edinburgh lines 

provide little information as to their parentage. Thus, since 

the, mating records of both lines prior to 1960 are unavailable, the 

necessary information can be obtained only for the 1962 data sets. 

Even this task was not simple. because the recorded data 

on each pullet in the test populations includes the bird's sire 
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and darn, It has been possible to establish the parentage of any 

female, provided she survived the test period, by referring to 

the data set in which she appeared as a test bird. However, 

information concerning contemporary males has not been recorded 

in the data sets and hence the parentage of any male can be 

determined only by referring to the original housing sheets 

(which have fortunately remained intact). Since most males 

had full sisters on test, their families ore included. in the . 

family structure shown in Table 2.1... Oweer, in constructing 

the new data sets (see section 2.6).. it has been necessary to . 

introduce twelve additional matings where the only relevant •• 

offspring were male, These faxnjlIes.are shown in Table 2.2. 
. 	... 	. Tn most Oases, the parentage of dàms.could.be  established 

directly, as noted above, However.. . the. test. records of ten dams 

were found to be mssing.frorn the appropriate data sets, it 

seems probable that these omissions were due not to the birds 

being non-survivors but rather to their records being incomplete. 

In each case, the parentage and any available measurements were 

obtained from the housing sheets and the partial ecords added 

to the data set. This step has necessitated introducing another 

full sib family into the new data sets because bird no. 2643.has 

no recorded full sisters. These ten partial records account for 

the discrepancieè between the counts given in Table 2.1 and those 

from the earlier analyses of Clayton and Robertson. The birds 

are listed in Table 2,2, each available measurement being Indi- 

cated by an 'x'. As the measurements do not appear unusual, they 
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TABLE 2.2 

ty7odl,fjcations to the EcUnburçh Data Sets 

1 	Additional frni1ie 

Line Year 
* 

Sire 	Darn 	Progeny Line Year 
. 

Sire Pain 
* 

Progeny 

5 1960 279' 70 1400 . 	S 1961 2119 3023 1979 

.5 1960 285 100 1998 5 1961 939 54 2120 

5 1960 292 133 2643 5 	. 1961 3239 1481 2598 

'2 1961 1239 13 1899 5 	. 1961 2378 3304 2638 

5 1961 3158 464 120 5. 1961 2940 2323 3137 

5 1961 37 1861 432 . 	5 1.961 1578 3105 3357 

. 	5 1961 1812 503 1817  
* In every case but bird no 	2643a male: which served as a. sire 

in the succeeding generation. 

2. Additional dauqhters : 

Line Year Number Batch W20 . B1,744 -  NOE TOTE 

2.196049 .3 x 	' .. x 

2 1960 265 2 

2 1960 1066 4 .  .. 	. - 

2 . 190 3098 4 x 

.2 1960 1806 2 X, . 

2 1960 .. 1933 4 z - x 	. 	.. x 

2.1960.2149.3  

5: 190 .504 1.x X 	.' 

5 1960 2643 3.  

5 1961 .2065 1 

Changes in dam number 

Line Year Old' New Line. Year Old . New 

2 1961 750'. 
7 2 1961 1074 3074 

2. 1961 209 . 229 2 1961. . 1076 3076 

2 	. 1961 733 773 2 1961 ' 1086 3086 

2 	• 1961 1031 331 2 1961 1098 3098 

2 1961 1060 3060 5 1961 2142 463 

2 1961 1066 3066 . 	5 1962 3007 3009 
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have been included in the subsequent analyses of the Edinburgh 

lines. Note that the records from birds 49, 1806, and 504 are 

complete, the reason for their original exclusion being unclear. 

Difficulties were encountered in tracing the parentage 

of twelve dais because their numbers had been recorded incor-

rectly. Bath recorded and correct versions of the bird numbers 

are given in Table 2.2. Seven of these discrepancies can be 

attributed to confusion in the numbering of some birds in line 2 

(1960); in each case, the bird was given two numbers, one in, 

the range 1001 * 1099 arid the other in the range 3001 - 3099. 

The other five discrepancies arose from key-punching or trans-

cribing errors. 

It should be noted. that within genetaton analyses. will 

be unaffected by the errors and omissions which we have been. 

considering. Hence, since the analyses of .Clayton and Robertson 

were of this type, it is not surprising that these inconsistencies 

went unnoticed. 

Several other minor difficulties wore encountered in 

processing the Edinburgh data. In one instance (bird no. 22 

from line 2 (1960)), the hatch number had been incorrectly 

recorded as 7 rather than 1;- the record was adjusted accordingly. 

In line 5 (1962), there were two cases of dams: being mated to 

different sires in different hatches. The resulting "half s i b" 

families from each dam have been regarded as unrelated in all 

analyses. 
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.4. The Ottawa Lines 

In 1950,  38 males and 185 females from a strain of 

White Leghoz'ns which had been maintained in Ottawa were used to 

form the base population for line 5. The original strain had 

been selected for egg production over several generations. The 

genetic base of line 5 is not as wide as It might appear because. 

the original strain had been "bottlenecked" in 1948w through the 

use of a small number of sires. The line has served as the 

control, population In a long term selection experiment which is 

still continuing In 1973. However, we consider .only data obtained 

after 1964 because the Interpretation of earlier results is con-

fused by two factors: a) a complicated experimental design in-

volving different hatches and test stations, and b) a marked 

reduction in egg production when the method of housing birds was 

chnged in 1965. 

Line 7 was derived from four commercial Leghorn-type 

stocks being sold in North America in 1958. The line was de-

veloped in a series of crosses, with 80 males and 240 females 

producing each generation, such that by 1961 all individuals 

in the line could be expected to contain 25% of the genes from 

each of the original strains. However, owing to space limitations, 

the line was not placed on teat until 1966. 

The mating procedures used in these lines were similar to 

those used in the Edinburgh lines; that is, the parents were 

selected and mated at random, the only restrictions being that 

each sire produced another sire and each darn another dam when- 
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ever possible, and that matings between related individuals 

were avoided. The Ottawa breeders were particularly success-

ful in applying the second restriction as we shall see in 

Section 8.6. 

The birds in each generation were hatched over a single 

fortnight period. The individuals from the lines were inter-

mingled from hatch until the end of the test period in an effort 

to prevent 0syatematio environmental differences between lines 

and between families within lines. The birds were housed in 

individual wire cages during the test period, that is, from 147 

to 497 days after hatching. It was the change to this method of 

housing in 1965 wh.thh apparently caused the reduction in per-

formance of line 5. 

The lines were used in additional experiments twice 

during the four year period of interest, in 1967, the effect 

of dubbing (the removal of the comb) was examine, half the birds 

being dubbed at 147 days and the other, half left undubbed. In 

19680  the birds were used to study possible effects of cage 

position in the laying house. The numbers of birds allotted, to 

each treatment are given in Table 2.1. The treatments were dis- 

tributed as evenly as possible over families although in 1968 

this was feasible only among half sib families owing to the 

small size of full sib families. However, any imbalance will 

be unimportant to the analyses because there were only marginal 

differences among the treatment effects (see Table 2.3). 

The egg production of each pullet was counted five days 

a week and then converted to a seven day production record. 
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Hence, a count of 40 eggs or a record of 56 eggs would represent 

1009 production over an ,$ week period. The body weights were 

measured to the nearest 10 grammes 

The original Ottawa data sets include records of every 

female hatched. However, many of these birds did not appear on 

test as they failed to survive the rearing period or were culled 

at 147 days. Of the birds which were housed,, we shall consider 

only, the records of those whith survived the entire test period. 

Although this measure is atatstcally inefficient owing ,to the 

loss of useful information on earlier observations, e.g., 147 day 

weights, from birds which survived until late in the test period, 

there are relatively few instances of this nature (less than .4%) 

and thus the step has been taken to avoid ambiguities in deciding 

Witch records should be retained, Furthermore#  the procedure 

corresponds with that taken by Clayton and Robertson in collecting 

the Edinburgh data. However, it should be noted that some of 

these records were from birds which served as dams,  in the 

succeeding generation. 

As we shall see shortly, the ()full sib family, of an 

individual from either Ottawa line, can be determined from its 

code number* Therefore, since each full sib family has been 

represented in the original data sets by at least one entry,. 

albeit only a bookkeeping device in families consisting only of 

males, the parentage of any bIrd, either male or female, can be 

established by referring to the appropriate data set. 

Only two discrepancies were discovered In the Ottawa data: 
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the treatment codes of two birds, No. 625202 from line 5  (1968) 

and No. 467205 from line '7 (1968),  were missing. As the housing 

records of the Ottawa lines were not readily available, the 

records of these birds have been deleted. 

,5. Adjustments for Hatch and Treatment Effects 

We have observed that systematic environmental factors are 

included in the data, that is, hatch effects in the Edinburgh- 

lines and treatment effects in the Ottawa lines • The analyses 

of subsequent chapters hav been carried out using observations 

expressed as deviations from hatch or treatment means in an 

effort to remove these effects. Although this device can only 

be considered an approximatIon as the effects are not balanced 

over families, the adjustments should prove satisfactory as the 

imbalance is not large. In Chapter XI it will be shown that the 

estimates of variance components obtained from the Ottawa and 

Edinburgh data using these adjusted records in the analysis of 

variance are remarkably 4imilar to those obtained using the 

exact analysis of covariance. 

The means of the treatments and hatches are given In 

Table 2.3. 	There are a number of instances where the batch means 

differ considerably 	a line and year, e.g., with the 20 week 

body weights from line 2 (1961), the means from hatches 1 and 2 

differ from those of hatches 3 and 4 by more than ten standard 

deviations. The differences among treatment means are less marked 

but still of some consequence. Hence, it is clear that these 

effects cannot be simply ignored. 
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TABLE 2.3 

Hatch and. Treatment Means 
1. Edinburgh Data 

Line 	 LineS 
Variable BW20 13W44 NØE TOTE 3W20 3W44 NOR ØE 
Hatch 

I 	1528.8 1937.9 12.3 44.9 1547.1 1931.6 9.6 44.5 
1960 	2 	1326,1 2061.9 10.0 44,7 1451.7 .1919,9 9.1 44.9 

3 	1486,3 2073.3 8.3 43.4 1472.4 2004.8 8.4 44.1 
4 	1469,5 2131.8 8.0 44.8 1437.3 1977.9 9.7 46.2 

1 1461.1 1981.8 17.6 43.5 1407.4 1994.8 7.2 43,4 
1961 2 1490.9 1969.9 18.2 41.8 1342.3 1988.3 7.8 43.3 

3 1618,4 1902.9 17.9 50.8.. 1529,4 2011#8 8.6 43.9 
4 1610.7 1917.9 19.4 52.6 1426,1 2026.7 '80 42.9 

1 1492.1 2175.4 12.9 49.5 1487.8 2027.4 6.6 40.2 
1962 2 1419.8 2183.1 U.1 46.7 1496.7 2066.9 6,8 40,4 

3 1349.4 2061.6 128 47.4 1453.2 2023.6 7.9 44.1 
4 1501.7 2137.2 10.5 47.9 1391.9 1947.8 .6.4 41.7 

Z. Ottawa Data 
Line 5 . 	 * Line 7 

Variable 13147 3363 N00 TØTØ 13147 3363 NØØ TØTØ 
Hatch 
1967 1 1523.8 2192.9 76.2 204.0 1425.1 1971.7 88.0 238.2 

2 1313.5 2247.7 78.4 2034 1425.4 1994.5 91.1 243.1 

1968 1 1569.3 2257.8 78,0, 206.2 1446.6 1998.6 87.8 222.4 
.2 1598.7 2174.1 75.4 189.6 1519.7 1963.0 90.9 235.4 
3 1618.4 2239.6 .79.2 205.7 1497,7: 2014.5 90.4 235.2 
4 1542.3 2246.7 78.0 207.2 1515.4 2047,4 90.3 233.2 
5 1589.8,  2164.7 74.3 200.0 1333.3 2027.2 87.1 225.3 
6 1553.1 2261,3 78.7 204,5 1473.4 2040.7 88.3 229.7 
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6. Data. Storage; The Revised Format. 

Although. the Edinburgh and Ottawa data were originally 

stored on different peripheral devices and in different formats., 

the relevant information contained in the records was similar., 

ir'thermore, it was difficult to read the Ec1inbugh data ,. as they 

were recorded on paper tape and in a format which is no longer 

standard. Hence, it was dócided to crete new data sets in a 

format suitable for our purposes. In this way, all data sets 

could be made compatible and thus any compuer pvogramrne could 

be used on any data . set without modifications to the programme,. 

For the most part, the process required only the re- 

organization of existing records, However , it was decided to 

assign a second code numberto each individual in order to achieve 

uniformity over data sets. The new codes were derived in a 

manner similar to that of the Ottawa recording system. The code 

number of an individual consisted of three parts., each containing 

two digits: the first part giving the sire's position in the 

mating structure, the second part giving the darn's position in 

the sire family, and the third part giving the 	jj$3 

position in the full :sib family.' Thus, for example,, the third 

offspring from the second darn mated to the fourth sire in the 

flock would be assigned. the number 40203. In each family, the. 

mie progeny were numbered last.. An obvious benefit' of this 

system is that halt sibs and full elba can be identified immed-

iately, an advantage which will prove useful In Chapter VIII. 

The original Ottawa numbers differ from these only in the method 

of denoting the siz'eaid dam, positions, e.g., in 1966, the number 
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1051xx (line ) and 1071oc (line 7) were both used to represent 

the first darn family from the tenth sire. 

In order to facilitate inter-generation analyses, it 

was decided to include the records of the dams and female grand—

parents with those of the test birds. The relevant records were 

copied directly from the preceding data set where the dams 

appeared as test females and the grandparents as dams, the only 

change being to the first entry in the records (see Figure 2.1). 

Sire records have been included as well although the only 

information in these records is the parentage of the sires. 

Thus, a block of records representing a single half sib family 

would include the records of the sire, each dam, the sire's dam, 

the darns' dams, and the half sibs. 

FIGURE 2.1. 

A Record from the New Data Sets 

;yJO 	

/ 

try 
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Figure 2.1 shows the contents of the records from the 

new data sets, most of which should require no ep].anation. The 

first entry in each record indicates whether the record repre-

sents a test bird, a parent, or a grandparent. The eighth entry 

Is used to denote the birds which serve as dams in the succeeding 

generation. The old code numbèr1J of each individual has been 

included to provide a cross-reference with the original data 

listings. 

The data sets have been written onto magnetic tape with-

out format. Thus, the data-can be read only on certain computers 

but this limitation Is offset by a considerable reduction in com-

puting costs. The saving is obtained because the system can 

transfer data to and from magnetic tape without translating the 

format specification at each input/output instruction. As a 

test case, a programme was used to process the same data sot 

recorded with and without format. The execution time with 

format was twice that without though the cost of the run 

increased only from £.43 to £.52 as compile and fixed step 

charges accounted for much of the cost. Although a saving of 

Z.09 might appear trivial, a similar saving each• time a data 

set has been accessed in the course of this study will have 

reduced overall computing costs by an estimated £40, (approx-

imately 10% of the total cost). Hence, the use of data files 

recorded without format would seem worthwhile. 
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2.7. The Programme Library' 

We have considered the data in soie detail; let us con-

dude the chapter by considering the computer programmes which 

were used to analyze the data. The system consists of over 

thirty programmes and subprogrammes, though many of the 

algorithms are straightforward and need not be discussed. This 

is not to suggest that the routines are short; a number of the 

pogramnies. exceed 300 statements. It is just that the techniques 

are of little general interest, being either well known or 

specific to the Edinburgh and Ottawa data. We shall consider 

only four routines from. the system: one general programme and 

three subprogrammes. The general programme illustrates the 

principles of input and analysis which have been incorporated in 

most programmes in the library. The three subprogrammes have 

been used extensively in the present study and occasionally in 

the programmes of colleagues. Descriptions of several 'Other 

algorithms in the library have been included elsewhere in the 

thesis when appropriate. 

2.$. A General Programme: The Hierarchical Analysis of Variance 

The general programme was designed to estimate variance 

components from the hierarchical analysis of variance. The 

basic tecbniques in the programme are similar to those included 

in most programmes written for the same purpose. However, 

several options have been left open to the user. The input can 

be modified in three ways: by rejecting particular records, by 

replacing particular records with new ones, and by rejecting. all 
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records: which are smaller and/or larger than specified limits. 

Furthermore, the input can be expressed in its original form, 

or as deviations from hatch or treatment means. These options 

are specified by keywords-and lists of relevant information. 

Early attempts. at coded: directives in free format were abandoned 

and simple fixed format adopted (see Figure 212:, 

If combinations of these options were desired, the pro 

cessing of a single variable could requix'e'many runs. Hence, 

the programme has been designed to carrf out any number o 

analyses on a variable in a single run. Furthermore, the 

programme can process more than one variable in the same run. 

The directives for each analysis apply only to that analysis. 

Thus, for example, even if the 20 week weight of a bird were 

deleted in one analysis, this or any.other measurement from the 

bird could be included in. the other analyses. 

An example of the input and output is given in Figure 2.2. 

Most options haveebeen exercised in this run. However, upper 

and lower limits have not been specified, the limits included 

in the output representing default values provided by the 

programme* tote that the records to be changed or deleted are 

denoted by the birds' original code numbers. Although the format 

of the output is rather detailed and hence has been awkward to 

develop, Its clarity has proven very useful. 
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-Input and Output of the ANOVA Programme 

19 

1. Input tothèprogramme' 

2.5 	ESTIMATES FROM STRAIN 1411.2 	YEAR 1960 
* 

2 	13 	16 
6W20 B144 

REMOVE 	2 
1 	1 1&01 

6 	2 64 121 473 1765 2.2.27 2269 

CHANGE 	1 
+ 2 721170 30912020 4831950 12502000 

CONSTANT 4 
1525.44 1526.06 1486.28 1469.50 1961.88 2064.92 2068.77 2135.73 

DATA 

* - Spacing included for clarity; no blank cards in the actual card deck 

- Records from 2 variables to be removed 
1 value from variable no. 1: no. 1601 

6 values from variable no. 2: nos. 64, 121, etc. 

- Records from 1 variable to be modified 

Modify 4 values from variable no. 2: no. 721 to 1970, etc. 

- 4 hatch means per variable 

Hatch means, arranged by variable 

- No further instructions: analyses to begin 

Explanation 

1212173 	 - 25 entries per tape record; the title 

- 2 variables to be analyzed; positions 13 and 16 in tape record 
Variable labels 

.2. Output from the analysis of the second variable (BW44) specified in the input above 

ESTIMATES FROM STRAIN N0..2 	YEAR 1960 	12/2/73 

AN&LY5IS OF VARIANCE 	(B.W44} 

BETWEEN SIRES- 	22 3859975.5963 175453.4362 	 SIRE COMP.= 2114.8459 
BETWEEN DAMS- 	 64 5478656.9491. 	85604.0148 	 DAM COMP.= 5521.3242 
WITHIN DAMS- 	 619 244631.82.8566 	29869.5761 

TOTAL- 	 905 33801615.402.0 . 	 TOTAL= 	37505.1463 

HERITABILITY ESTIMATES 	SIRE COMP.- 0.2255 	DAM CUMP. 	0.5889 	POOLED 	0.4072 
STANDARD ERRORS 	 0.1396 	 0.1.470 	 0.0740 

NO.- 	906 	MEAN- 	-0.002 	CDNSflNT- 2050.0 	LOWER LIMIT - 	0 	UPPER LIMIT- 
CORRECTION TERMS 	1961.8799 	2064.9199 	2068.7699 	2135.700 
COEFFICIENTS- 	ON DAM TERM- 10.09439 	 ON SIRE TERM- 11.29594 3939.34818 
THE FOLLOWING BIRDS WERE EXCLUDED- 	64 	121 	473 	1765 	2227 	2269 
THESE RECORDS HAVE BEEN MODIFIED- 	721 1.910 (2470) 	3091 2020 t1520) 	4.3 1950 (1450) 

125) 200D (2500) 
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29. A Subprogramme for Plotting Scatter Diagrams 

Let us turn our attention to the ubprogremmes, the first 

of which is used to plot scatter diagrams. Although the 

algorithm is certainly not unique (see, for example,. arks 

(1971)), it has been Included in this discussion as an example 

of the "on-line" graphic techniques which have been employed In 

screening the data. These techniques were selected over the 

more elegant, but more expensive ttoff_lInetid procedures as 

precise representations of the data are unnecessary in data 

screening. 

The algorithm uses an array NA(50,100) to represent the 

grid on which the data are to be plotted, each entry in the 

array corresponding to a small rectangle. The algorithm begins 
by Initializing the array d then proceeds through the. sot of 

paired observations, counting the number of times values are in-

cluded within the boundaries of each rectangle. When this 

process has been completed, the counts are translated from 

numeric to alphanumeric representation, that is, from (0,1,2..., 
to (4) 2,3,... ,A,B,. . . , ,*,...) after 

which the scatter diagram can be printed directly. 

It has been decided that the user should specify the 

range along each axis in the diagrams even though algorithms 

are available which can determine adequate scales automatically, 

e.g., Thayer and Storer (1969). This approach has been adopted 

so that the scales along the axes can be kept consistent over 

all data sets. Any pair of observations which falls outside the 

range given by the user is disregarded. 
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An example of the output from this subprogramine is found 

in Figure 3.2 (Section 3.7). 

2.10. A Subprogramme for Inverting Positive Semi—Definite 
Symmetric Matrices 

The second subprogramme has been used to invert sums of 

squares and cross product matrices. It is based upon two 

algorithms written by Healy (1968aand 1968b) which produce a 

generalized inverse for any nxn positive semi—definite 

symmetric matrix of rank zi. The numerical procedure depends 

on a property of any matrix of this kind, namely, that it can 

be expressed as a product of Z'Z where Z is an upper triangular 

matrix. Hence, the inverse of the matrix can be obtained by 

inverting the matrix Z. a. relatively simple process. The first 

of Healy' a algorithms determines the matrix Z and the second 

uses Z in inverting the original matrix. 

These algorithms are more general than need be for our 

purposes as we shall encounter only matrices of full rank. 

Furthermore, the algorithms use arrays of one dimension to 

avoid the unnecessary loss of space when large symmetric matrices 

are stored... However, this consideration is unimportant in the 

present study As the largest matrices will contain only six rows. 

Thus, it has been possible to reduce the two algorithms to a 

single one of half their combined length. 

The accuracy of the subprogramme has been investigated on 

several OCC8SiOflS by multiplying the inverses by the original 

matrices. In-each case, the outcome has been satisfactory, the 
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elements of the resulting matrices seldom differing from those 

of the identity matrix in the first ten decimal digits. 'Howeverf  

it should be emphasized that the test matrices, like all matrices 

encountered in the work of later chapters, were, well-conditioned; 

the results might not have been as satisfactory under less 

favourable conditions. 

.U. A Subprogramme for Sorting 

The third subprogramme has been written to sort sets of 

numbers into ascending order. It was essential that this routine 

be efficient as some sets contained as many as 1000 entries. The 

algorithm is based upon a method proposed by Woodall (1970). The 

procedure consists of two steps: in the first, the set of 

numbers is arranged into subsets, each one containing an ordered 

pair, and then, in the second, pairs of subsets are merged to 

form larger subsets until an ordering of the entire set is 

obtained. Because Woodall's original routine was written in 

ALGOL, it was decided to re-write the routine and consequently the 

new algorithm differs considerably from the original one in 

structure and technique. However, the execution times of the 

routines should be similar. 

As an example of the efficiency of the procedure, let us 

suppose that a set of 1024 numbers is to be sorted.. The simplest 

sorting technique, that of finding the smallest number in the 

entire set (and then In successively smaller subsets) would 

require 	13(1024_1) ft 523,776 comparisons between numbers 

in the set. On the other hand, te merging of two subsets, each 
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containing n numbers, would require at most 2n.1 comparisons. 

Hence, Woodall'smethod. would involve no more than1024 

9,217 cornarisons. Since the comparison of two numbers, 

especially real ones, is one of the slower operations in com-

puting, this difference could represent a large reduction in 

execution time, even after we allow for the extra data manipu-

lation necessary in Wooda].l's procedure. 

In a test case on the IBM 370/155, both methods were 

applied to a set of 1024 real numbers arranged in descending 

order. The algorithm using the simpler technique required 9.5 

seconds to complete the sort whereas the algorithm using 

Woodall's method required only .5 seconds. These times mis-

represent the importance of WoodaU's.method in the present 

work as most of the relevant computing was carried out on the 

much slower IBM 360/50. It might be argued that it was unfair 

to compare Woodall's method with such a simple technique, but as 

Shell (1959) notes, the latter's execution time is of the same 

o,der as those of several other sorting procedures. 
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CHAPTER III 

Rejection Criteria and Screening Techniques. 

In later chapters, we shall examine some theoretical 

and practical aspects of screening genetical data. The purpose 

df this chapter is to introduce the techniques which have been 

used to screen the Edinburgh and Ottawa, data. However let us 

begin by considering briefly the historical development of 

rejection criteria for outlying observations. 

11. Rejection Criteria: Historical Background 

The topic is an old one with reference to it in the 

literature as early as 1838. The first attempt at a rejection 

criterion based on probability,  theory was made by Pierce in 1852; 
subsequently, in 1863, Chauvenet produced a similar criterion 
using ,a simpler argument. These rules and other suggestions 

for disposing of outliers provoked great controversy among 

contemporaries. in commenting on Chauvenot' a claim that the 

derivations of Pierce might seem obscure to those unfamiliar with 

probability theory, Anscornbe (1960) remarks, "The same may be 

said of Chauvenet and of everyone else; and familiarity with 

that branch of science does not remove the obscux'ity!j 

Since these early attempts at resolving the problem, 

many criteria have been proposed for rejecting outlying obser-

vations of samples from normally distributed populations. Most 

techniques depend upon the sample statistics of range, variance, 

and deviations from mean (see, for example, Student (1927), 

Thompson (1935), Grubb (1950)) although, more recently, measures 
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of symmetry and .kurtosis have been suggested as alternatives 

(Ferguson (1964)). Some techniques require accurate prior 

knowledge of the variances; others use only information available 

in the samples. Not surprisingly, the former prove more powerful 

in rejecting aberrant values than do the latter, especially with 

small Samples. For ècamp1e, Anscombe (1960) concludes that his 

proposed rejection. criterion, though useful for samples of three 

or four observations when the variance is known, becomes "utterly 

useU and absurd" when the variance is unknotrn. Unfortunately, 

the variance in small samples can be assumed known only in special 

circumstances such as might be found in chemistry problems. 

Most early writers restricted their attention to the 

performance of the test statistics under the null hypothesis, 

that is, assuming that the sample contained no aberrant values. 

Itis only the advent of the electronic computer which has 

made it feasible to evaluate the power of the various criteria 

under a useful number of alternative hypotheses see, for 

example, Dixon (1.950) and Ferguson (1964), However, Pearson and 
- 	

Chandra Sekar (1937) had earlier emphasized the importance . of 

this concept. 	. 	. 	. 	 . . 

3 4: Specific Rejection Criteria 	. 

Three different test criteria will be relevant in later 

discussions: . 	. 

1) ThOmpson (1935) derived the exact distribution of (X - 

where X is an arbitrary observation from the sample. 

Unfortunately, this result does not enable us to find the 



3, :3 

probability that a particular observation, say the largest, 

will be outlying. However, by assuming a2  known and testing 

each observation in the sample, we obtain the criterion which 

Anscombe (1960) labelled "Rule. 0'!, that is, for given C,, 

reject every value X where 

	

Xi 	>Ca 
	

(3.1) 

2) Assuming that the sample has been arranged such that X1 < 

.•< X, Grubb (1950) has proposed using the statistic 
nl 

	

2 	 2' 

	

ii 	I i .n-1 
'  

	

S2 	(x— 
i 

to test the significance of the largest observation. Similar 

statistics can be used to test the smallest observation 

(s /2),  the two largest observations (2 	/2), etc.. The 

practical application of these statistics has the undesirable 

consequence of making the choice of statistic conditional on 

the data. Expression (3.2) is 	related to the 

"studentized" maximum deviation (X, - 	the distribution 

of which was first derived by MacKay '(1935). 

3) When the variance 'is' known, the )c2  statistic 'can be used, that' 

is 	
n(x1 	)2 	 . 	

. 	 (3,3) I 
= 	a2  

. The Application of Rejection Criteria. 

There are a number of difficulties associated with the 

application, of rejection criteria. For example, the power of 
to.  

some tests is reduced considerably if the sample contains more 
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than one aberrant value. This problem was noted as early as 

193,,,7 by Pearson and Chandra Sekar when they discussed ThonipsOnts 

criterion. We shall see an illustration of this effect in 

practice when we consider the results from applying Grubb's 

procedure to the Edinburgh data (Chapter X). Another difficulty 

lies in the unsatisfactory performance of the criteria on small 

samples which contain, an aberrant value, even when a is known. 

The probability of rejecting the aberrant is small unless the 

value is very extreme and the possibility, of incorrectly 

rejecting a proper observation cannot be disregarded. The latter 

danger can best be seen in samples of two observations where, 

in the absence of prior information, the rejection of one value 

necessarily implies the rejooton of the, other. ' Yet another 

difficulty is presented by the assumed structure of the sample 

for most rejection procedures; many statistical applications 

require more complicated concepts than simple random samples 

from a normal distribution,, . However,, more recent works such as 

.Anscombo (1960) on residuals, Daniels (1960) and Brass (1961) 

on factorial experiments, and Fox (1972) on time series 

analyses indicate a widening of the field of interest. A 

fourth problem arises because the exact distribution of the 

extreme statistics from .a sample become more difficult to obtain 

as sample size increases. Thus, the tables of significance 

levels are often restricted to small samples, e.g., 25 obser-

vations in Grubb's tables, the values for larger samples not 
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being readily available. The foregoing discussion, though 

not exhaustive, should indicate that the application of 

rejection criteria is not always straightforward. Note that 

the last two difficultLes. discusSect are not important in the 

present study as fu1sib families provide convenient sub 

samples.: 

Most writers, especially the earlier ones, seem to 

have considered the application of rejection criteria to be 

a process of significance testing.. This may be so in instances 

where interest lies solely in the frequency of aberrant values. 

However, much more commonly, the purpose of a rejection rule 

is simply to guard against adverse effects which outlying 

observations might have on tatistical analyses. Anscoinbe (1960) 

likened a rejection rule to a fire insurance policy, suggesting 

three questions to be considered in choosing the "policy": the 

cost, the protection, and the amount of danger. In a simple 

problem.of estinitingamean, the costmay.be  thought of as 

the increase in the variance of estimation ,error due to the 

rejection rule when no aberrant values appear in the sample 

and the protection as the reduction in variance when aberrant 

values do appear. The actual rejection rates are of only 

incidental interest. Dixon (1953) was thinking along similar 

lines when, in óousidering the problem of estimating mean and 

variance, he sought rejection criteria which balance "cost" 

and "protection" under various alternative hypotheses. 

Urfortunately, in more complicated situations where, for example, 
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the same data may be used in a number of analyses, the concepts 

of Anscombe become more difficult to apply. 

The outright rejection of observations, no matter by 

what method, can be a dangerous practice. When the values 

are truly anomalous, their removal is Justified. However, in 

many instances, the outlying observations will reflect factors 

which should not be ignored in subsequent analyses* Xruskal 

(1960) emphasizes this point, suggesting that at thi s least 

an author should report the numberof observations excluded 

from any forthal analysis and the reasons why. Later, in 

commenting on the papers of Anscombe and Daniel,, he states 

(1960a): The immediate pressures Of practical statistical 

analyses are almost uniformly in the direction of suppressing 

announcement of observations that do not .tit the pattern: we 

must maintain a strong sea-wall against these pressures. 

Such comments have relevance in quantitative genetics where 

records influenced by factors such as illness, death, 

dwarfism, non-prductio, etc., are often. ignored, This is 

not to suggest that the inclusion of these records in 

standard statistical analyses Will yield more satisfactory 

results; in later chapters, we absU see examples to the 

contrary. It is just that excluding pertinent information 

from analyses may give misleading results. For example, 

consider a. set o' statistics from an egg production experiment, 

the figures having been determined after the removal of any 

zero records. The conclusion of anyone finding these results 

in a journal could depend largely on whether he were made 
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aware not only of the removal of the observations but also of 

the numbers of such values. 

3.j Rejection Rules as Screening Techniques 

Rejection rules might better,  servo, as simple screening 

tools, indicating observations which could seriously affect 

• subsequent statistical •analyses. Such tools are essential 

in the analysis of large data sets where personal exanination 

of all data is, if not implausible, certainly unreliable and 

wasteful of the investigator's time. flowever, the final 

decision regarding any reie4iá1 action would rest with the 

investigtorA Rider (1933) reaches a similar conclusion after 

his survey of early rejection criteria: "in the f inal analysis 

it would seem that the guestior of the rejection or the 

retention of a discordant observation reduces to aquest.-Lon of 

common sense. Certainly the judgement of. an  experienced 

observer should be allowed considerable influence in reachthg. 

a deeision This judgement can undoubtedly be adeci by the 

application of one or more tests based on the theory of 

probability, but any test which requires an inordinate amount 

of calculation seems hardly worthwhile, and the testimony of 

any criterion which is based upon .a complicated hypothesis 

should be accepted with extreme ctio. 

Three methods have been used extensively in screening 

the Edinburgh and Ottawa data. • In keeping with the comments 

above, the procedures have served merely as indicators of 
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outlying observations rather than as rejection criteria. 

Records have been modified or removed only after further 

consideration. in chapter vi, we shall see some consequences 

of employing the techniques as rejection rules. 

'. The Residual Method 

In hierarchical designs such as those of the Ottawa 

and Edinburgh data, aberrant observations can be. expected 

to produce large deviations from full( sib averages. It is 

important to identify,  such values as they tend to inflate the 

within family variance and hence reduce the estimates of 

heritabltyfrom the analysis of variance. A multiple of 

the square root of the within family mean sums of squares 

provides a measure by which to identify extreme residuals, 

If the baa in the sums of squares owing to any aberrant values 

is dis'egarded, this procedure can be seen to correspond to 

Anscombe's "Rule 011 , that is, expression (3.1). Anscombe 

has discarded the criterion, noting that an extreme anomaly 

could cause all observations in a sample to be rejected. 

This objection becomes: less important when the rule is Used 

only as a screening tool because such situations are recognized 

readily.,.  A more serious difficulty lies in the fact that the 

C of expression (3.1) should be a function of family size, 

that is, 	 since the variance of a residual is 

As the method is unreliable fOr small samples 

and for larger samples the ratio-)* approaches 1, the 



3,9 

difficulty has been ignored in screening the data. However, the 

effect of sample size on the rejection rate will be considered 
inV Chapter V. 

The elimination of extreme residuals may not resolve 

underlying distributional problems. This is illustrated in 

Fig- 3.1. which presents three histograms representing the 

distributions of residuals in Edinburgh line 5 (1960). The 

intervals in the diagrams represent a range of is, excepting 	V 
the extreme intervals which include all values smaller than 	V 

-2.5 or ]arger than, 2.5s. The first histogram is typical of 

many similar diagrams obtained from the egg production of both 
V 

V 	

the Edinburgh and Ottawa data, that is, the distribution is 

negatively skewed with an appreciable number of very small 	
V 

values • It is imperative to reconsider the statistical approach 
V 

in this situation because the small values have an undue 

influence upon various analyses. (see Chapter VII for a 

theoretical illustration or Chapter XI for practical examplea)C 

The second histogram has been obtained by deleting the 

residuals which exceed 2.5s in absolute value and. repeating 
V 

the necessary calculations. The removal of the outlying 

.values appears to have had little effect on the skewness of 

the distribution noted ,in  the first diagram; in fact., there 

are more residuals smaller than V 4~2.5s in the second case. 

Apparently the standard statistical model which assumes 

normality of the genetic and environmental effects cannot 
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represent egg produotion accurately, On the other hand, it 

would appear from the third diagram that the model tite the 

body weight data satiatactórily. Most extreme residuals are 

the result of large measurement or recording errors and thus 

truncation should be more useful in this instance. Even so, 

it would be preferable to locate and modiy the erroneous 

data whenever pseiblo. 

6.The Observed Value Method 

We have noted above that the residual method becomes 

unreUsbie with small samples, As the Ottawa data include many 

11 sib families 'of tewer, 'tn three individuZ an alteraative 

method is necessary. An obvious choice is to search through the 

data for extreme observations, i.e.,. or large deviations from 

the overall mean. In this instance, the appropriate measure 

by which to determine extreme, values is a multiple or the square 

root of the total mean sums of squares. Although many extreme 

observations will be rejected by both the residual and observed 

value methods, the effect upon the analysis ot variance Of 

values rejected by the two procedures will 'differ in general* 

Whereas extreme residuals inflate the within gamily sums ot 

squares, extreme observations can affect the between family sums 
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of squares as well. Studies of the relative merits of the two 
methods are included in later chapters. 

3.7. The Correlated Variable Method 

Realy (1968) noted, 01u the detection of outliers, 
it is a matter of experience that scrutinizing variates in 
pairs is a fax' more powerful method than treating them one at 

a time". Evidence to support this view can be seen in rig, 3.21F 

a scatter diagram in which the 44 week body weights from 

Edinburgh 1ne 2 (1961) have been plotted against the 
corresponding 36 week weights. Although some aberrant values 

from outlying pairs, e.g., those labelled 'a' and 'b', were,  
identified by the two univariate techniques described above, 

others, apparent in the diagram, e.g., those labelled 'o 
and 'd', went undetected. 	Each of the four designated pairs 
represents .'a coniderab10 (and unlikely) weight change over the 

last eight weeks on test. 

Although, the scatter diagram illustrates the general 
pattern very clearly, some type of rejection criteMi is 

necessary to identify the pairs of interest from among the data. 

The choice lies between the: confidence ellipsoid defined by 
the bivariate distribution and the confidence band of linear 

regression, The latter method has been adopted as it is more 
likely to identify aberrant values overlooked by the univar'iate 
techniques.. The greater power of this procedure, relative to 
the observed value and residual methods, will be demonstrated 
-in-  Chapter V. 
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Before concluding the discussion on the correlated 

variable method, we should note two disadvantages of the method. 

First, some outlying pairs will almost certainly represent 

aberrant values from the correlated variable, possibly of 

little direct interest to the investigator. Secondly, 

observations must be available from a correlated variable. 

Thus, the method lends itself more readily to the Edinburgh 

data where body weights were measured every eight weeks than 

to the Ottawa data where measurements were taken only twice, 

at 147 days and at 365 days. 	 . . 

The power of the correlated variable method could 

be increased further by including more than two variables in 

.the.. process* .. This possbiUty has not been considered in the 

present study as suitable variables are available only among 

the Edinburgh body 'weights and these measurements can be 

screened adequately by the bivariate technique, owing to the 

high correlations between variables, However, the approach 

might prove useful in other applications where the correlations 

were. lower. 

38• Some Additional Screening Techniques 

During the course of . this study-0  other screening 

methods have been applied to the data with varying degrees of 

success. The inspection of deviations of fu1).aib family 

means from hal ib family means has proven useful in revealing 

instances where families, especially small ones containing an 

aberrant value, have contributed disproportionately to the 
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"between dam/sire" sums of squares. In a sense, this process 

complements the residual method which would be unlikely to 

detect such anomalies, Aberrant values have been found by 

i.nveatigating fullib families with large within family 

variances. Unfortunately, this tecImique is rather inefficient 

because small families containing no apparent aberrant values 

often have a greater variance than large ones with obvious 

aberranta. Hence, the more direct re sdual• method has been 

applied instead. NOte that the process, though not a 

significance test,: is related to the Xarejection criterion 

mentioned in Section 3.3. 

The body weight of each pullet in the Jdinburgh flock 

was measured whentha bird laid her first egg. 8ice this usually 

occurred between 23 and 28.  weeks of age, it was thought that 

these records would be useful in screening the 20 week weihts. 

The correlated variable method was not directly applicable 

in this situation as the correlation between the variables 

varied according to the length o±. time between measurements. 

Several approaches were considered, each producing lists of 

discrepancies. However, if we disregard the instances which 

served as further evidence concerning krown or suspected 

errant. 20 week weights or revealed obviously aberrant weights 

at first egg, there was insufficient information in most cases 

to determine which measurement, if. either, was in errors The 

lack of success was due in part to the age at first egg being) 

recorded only to the nearest week but more so to the capacity 
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CHAPTER IV 

Some Biases Caused by Aberrant Values 

4.1. A Statistical Model 

The screening procedures introduced in the last chapter 

will be considered later in a practical context. However, it 

would be instructive to compare the effectiveness of these methods 

using a realistic theoretical model. Unfortunately, the very 

nature of aberrant values makes it very difficult to define such 

a model. The one which Is proposed below certainly oversimplifies 

the problem but it does bear some resemblance to specific 

practical situations. 

Consider a population of N individuals whose phenotypes 
should be represented by 

+ i + ij + 	i 	l,...,S 	(4.1) 
j =  

= 

where aip , and eijkare independently distributed 

and N(O,) respectively, This model represents the 

standard situation in which S sires are mated to D(= d) dams 

to produce N(=.n) offspring. However, suppose that each 

individual has the fixed probability q that its phenotype takes 

the alternative form. 

ijk = Pa + a1  + b 3  + Cijk 	 (4.2) 

(independently for all N individuals). The parameters Rj, b13, 

and Clik are assumed independently distributed N(0,0'2 ),, N(O, ct), 
and N(O,c) respectively. Further, let 
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Cov( j,a1) and b COV(jj:bjj) 

all other covariances assumed zero. (Though Coy (cjjkhjk) 

will not always be zero, it is irrelevant in the subsequent 

derivations.) 

Henceforth, the second form of the phenotype will be 

considered aberrant and the first form genuine or true, The 

sequence of decisions which determine the form of C)observations 

in the population constitutes a Bernoulli trial, the probability 

of true and aberrant values being p and q respectively. Several 

practical situations can be represented by this model, though 

the assumed method of determining aberrant values must be 

remembered: 

The case where observations from non-survivors are included 

among the data as zeros can be described by setting 

The same model may be used to represent non-layers in a 

poultry flock. Although the implicit assumption that the 

characteristic is determined environmentally may seem 

unrealistic, there is evidence that low egg production has 

very low heritability (see, for example, Lan$reux, et al. 

(1943)), 

3) A simple shift of mean caused by random measurement error of 

constant magnitude can be represented by setting aj = 

b ii =Oij,and elk 0ijk' It seems certain that 32ch a 

situation has arisen in recording the Edinburgh body weights 

(see Chapter X). Hence, much of the work in the thesis will 
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will be termed downward; those for which p <will be termed 

upward. The letter C will be used to denote the magnitude of 
errors, i.e., C .& 	 Note that this step necessitates 
C<.  0 for upward aberrant values. However, the distinction is 

unimportant in many instances as '& Will be the important 
constant. 

4) Hypothetical diseases can be rèpresónted by choosing an 
appropriate value of p5  and distributions for aj, 	and 

A number Of other realistic models can be constructed by 

modifying the decision process which designates aberrant values. 

For example,, various maternal effects can be represented if 
aj 	a and entire full sb•  families beorne aberrant with- 
probability q. In another instance, the action of a major gene 

can be represented  by choosing appropriate probability levels, 

e.g., Hardy-Weinberg frequencies in a random mating situation, 
and setting' Sj Ctj, b 3  Oijs and cijk= eijks However, in 
subsequent work, the decision process is assumed to be a Bernoulli 
trial. 

The remainder of this chapter will be devoted to determining 

the bias which aberrant values introduce into the analysis of 

variance and into a linear regression analysis, The results will 

be used in Chapter V where the effectiveness of the acr4een,tng 
procedurjs examined. Later, in Chapters X and Xl, these 
issues will be studied in a practical situation, 

The standard dot notation (see Xempthorne (1957), page 236) 
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will be used to denote summations over specific indices. Renee, 

3i i31' 	fl j, 	fljjf  etc., 

Bias. I. The Analysis. of Variance 

The expected mean sums of aquares in the analysis at 

variance can be detez'ined after first finding the expected 

values Of  

.ki4k' •i 	

i a* , 	
, and !.ç . 

Rather 'than interrt the text, the necessary calcuationà have 

been included in Appendix Z. The coefficLente on the terms in 

the expected mean squares*  3. ,e., K, K2, and K3,, are defined 
1 . In Table 4.1. If we let 

then by subtracting and dividing by the appropriate degeea Of 

freedom, we obtain the following ((A1.l),(Al.2)0  etc., representing 

expressions from Appendix I) 

I) .Etb 	 !èt(Al.3):1 (Al.2) 

to T 
	

(4.3) 

	

it) EC 	fl(?j3 il -Y 	 t(A1.2) 	(Al,x)) 

'r + K1(p*+2pqa +q04)(4,4) db 

	

iii) Ef 	f
* 	t(ALl) Ow (1.4)) 

T+K K3(p*pqo+) 
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Table 4.1 gives the expected mean squares when each of 

three types of aberrant values appear among the data: i) zero 

records, either from non-survivors or non-producers, ii) a 

measurement error of magnitude C 	and iii) a hypothetical 

disease which reduces each component in the true model, i.e., 

expression (4.1), by half. For the most part, the substitutions 

from (4.3), (4.4), and (4.5) are straightforward. However, in 

case iii), since 02 	ia and a2  

+sa + q2  cY = P,  0"+ pqaa5 + 

= p(p+q)a2  + 

= 

A similar result can be obtained, for peas  +2pqa + q2  a. 

Numerical examples have been derived using the expectations 

shown in Table 4.1 and the results are given in Table 4.2. The 

parametric values chosen for the examples are similar to those 

found among the Edinburgh body weights. However, for convenience, 

units of measurement will not be attached to the constants in 

this or in subsequent chapters. Shifts of 500 and 1000 -in -the 

mean are both represented in the b1e. It is these magnitudes 

of error which appear among the Edinburgh data, 

Zero records are seen to introduce the most extreme bias. 

Not only are the.mean squares seriously, inflated but the estimates 

of 	and d are reduced. Shifts of mean, on the other hand, 
ers.etc 

leave thenvariance components unbiased though there are increases 

in the expected values of the mean squares, especially with the 
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TABLE 4.1 

The Expected .Mean Squares When Aberrant Values Appear 

in the Statistical Model 

Source of Variation d.f. 	E.M.S.. 

Between sires S-i 	pa 	+ pq(u2++a) +K 2P  ad +  

between dams/sires b-S 	+ pq(p2+0+0) + 

Within families N-b 	p 	+ 

Between sires 5-1 	CIO  + pqC2 + K 2 a 4 + K3  

Between dams/sires b-S 	0 	pqC2  + 

Withi.n fam1ies N-b 	G2+ pqC2  

Between sires S-I 

Between dams/sires P-S 	½(p+1)+¼pq(u2++)+¼(p+1) 2 K1a 

Within families N-b 
2 

N 	Z jjfl1  N 
3 )flj 	 N 	K j 	N 

where K 	a 

v   S 	 S 

and the three models represented are 

1) 	aa 	b1 Cilk 

it) 	41 	a; bij 	aa a 	- Cijk 	C
ijI 

a 	a1  *het = ½$,; 	Cjjk 	ijk 
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TABLE 4.2 

The Effects of Aberrant Value on the Analysis of Variance 
I'umerical Examples 

Parameters: 	= 2000 30000 = = 5000 

K3=40 K1 =K2 =5 

Cases 1) iia) jib) iii) 

Pa  0 1500 1000 1000 

Expected Values of 

Sire mean square 3241 2599 2746 2699 
Darn mean square 1320 599 746 739 
Residual mean square 1080 	•. 349 . 	496 493 

4802 5000 5000 4901' 

q = .05 

Sire mean square 4220 2669 3025 2908 
Dam mean square 2415 669 3.025 1006 
Residual mean square 2190 419 775 769 

= 	 . . 4512 5000 5000 4753 

q = .l0 

Sire mean square 5.702 2775 3450 3218 
Darn mean square .4082 775 1450 1413 
Residual mean square 3879. .525 1200 1187 

= 	a 	. 	. 4050 	. 5000 5000 4513 

N-B, - All moan squares expressed as X 102 (e.g., 3241 	324100) 

- Cases correspond to those shown in Table 4.1. 
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larger magnitude of error. Owing to the dominance of (,& - 

over (a + 	- 2a + 	+ 	- 24) in Case iii), the results 

from this case are similar to those of Case iib). However, as 

the aberrant values become more common and hence the coefficient 

+ 1)2  grows smaller, the estimates I and ad  are reduced. 

4.2. Two Shifts of Mean in One Model 

The results obtained in Section 4.2 can be extended with-

out difficulty to include the possibility of two shifts of mean, 

a' situation encountered in the 'Edinburgh data where errors of 

5009. and 1000g. appear in the same generation. 

Let us denote the true value of an observation X by T 

and the shifts in mean by Cl  and C. Then, 

T 	with, probability p 

T 	01 	. 	 , 	... 

Ti - C2 	 ' 

where X is determined by sampling from the multinornial 

distribution.:. 'The relevant moments Of this distribution are 

given in Appendix II. For a set of nOobsOrVatiOflS, V1  and 

V2  representing the numbers of aberrant values, 

= E[(T - v1C1  - v2C2)2 ] 	. 

+ C EC4] + CECV] + 2C1C2E[V1V2] 

- 2EDT](C1E[V1]  +C2ECv2]) 
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E( (T1  ) + nq(p +nq + r) el  + nr(nr +_ p + q ) C 

+2(n.-1)qrC1C2  2ri(qC1  + rC2)F[Tj] (4.6) 

Each of the expressions used in obtaining the sums of 

squares is of this form. Thus, for example, we have 

Err, y1,1 	ECY2  
'Lil,k i3kI i5k i. jk 

E[T7jk) + Nq(q +p + r)C+ Nr(r + P + 
ijk 

- 2(qC1 + 

and EC 	lLj./nij)) 

+ (Nqa +I\+ Drq)C + (Nra  + 	Drq)C 

	

+ 2(N D)qrC1C2  - 2(qC1 + 	jj EtT1,) 

By subtracting and dividing by the degrees of freedom, we 

obtain the expected value of the within family mean square, i.e., 

Et To  
-D Zk (Yi k Yij 	N 1,15( Etk] 	

*]) + 
pqC 

+ prC +. qr(C1  

= 	+ pqC + pC + qr( C1  - C2 )P  

Similar expressions can be derived for the expected values of 

the sire and dam/sire mean squares. 



4.10 

TABLE 4.3. 

The Bias in the Within Family Mean Square Caused by 
Two Types of Measurement Error. 

Parameters: See Table 4.2. 

q 	.01 .016 .025 .04 

.01 .004 .025 .01 

Cases 

i)C1 =500;C2 =1000 423 379 598 491 

C1  = 500; C= -500 350 350 425 423 

C1  = -500; C2  = 1000 425 380 611 ' 499 

C = 500 with frequency q + r 	349 419 

N.B. - All values expressed as x 10 (e.g., 	423 42300) 

Numerical examples have been tabulated for three combinations 

of measurement error, each 4 possibility in the Edinburgh data. 

The results are given in Table 4.3.  Only the expectations of 

the within family mean squares are included as the bias is 

identical for the other two mean squares. The parametric values 

are similar to those of Table 4.2. 

Several relationships may be noted in Table 4.3: a) there 

is little difference in bias between cases i)  and iii); b) varying 

q and r while q + r is held constant has little effect on the 

bias In case II); and c) the bias in case ii) is only slightly 

greater than that of case ha) of Table 4.2. Each of these 

results reflects the relative unimportance of the term qr(C1-C2 )2  

when q and Cr(J are small and. (c1-C2)2  is not, extremely large. 
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Since aberrant values are likely to occur with low frequency, 

this model may often be reduced to one including only a single 

type of aberrant value, especially in cases where the absolute 

values of C1  and C2  are similar. In particular, we may use 

case ila) Of Table 4.2 to approximate case ii) of Table 4.3. 

4.4. Bias in Heritability Estimates 

The bias in the heritability estimates from the analysis 

of variance owing to the presence of aberrant values may be 

determined using the expectations derived in Section 4.2. Although 

* 	
4Ea* 

E(1?) = E(2s 42 	 + 	
+ 

we shall suppose the population sufficiently large that 

approximate eualaty may be assumed. Of course, in practice, this 

complication is usually disregarded. 

The approximations to the' expected values for the cases of 

Table 4.2c are shown in Table 4.4.' The expectations are seen. 

to be reduced considerably even when the aberrant values are 

relatively uncommon. The reduction is due largely to the 

inflation of the within family mean square, i.e., 	, though 

in cases i and iii), underestimating 28  also contributes. 

A common argument for the inclusion of the aberrant values, 

in particular, zero records, is that the biological situation is 

more accurately represented in this way. However, a heritability 

estimate of .16 from a population of which 98% Is measurements 

with heritability .5 can hardly be considered representative. 
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TABLE 4.4k 

Bias in the Estimates of Heritability 

Parameters: See Table 4.2. 

q 	0.0 	. .01 	.02 	.05 	.10 

Cases*  pa 	. 	. 

i).. 	0 	.5 	.248 	.163 	.079 	e041 

	

ha) 1500 	.5 	.471 	.445 .. .386 	.320 

	

iib) .1000 	.5 	.401 	.336 	.229 	.154 

	

11) 1000 	.5 	.397 	.331 	.220. .141 

* 	 . 
Defined in Table 4.2. 

The difficulty lies in the effort to describe two parameters 

with a single statistic. The danger of using such estimates in 

predicting response to selection pressure will., be.shn in 

Chapter VII.  

On the other hand, to remove or attempt to remove aberrant 

observations may also be misleading, as we noted earlier in 

Chapter III • 	Zero 'records, for example, 'may 'form an integral 

part of the underlying biological model; hence, their removal 

will distort reality. However, it is clar from Table 4.4. that 

the standard statistical model,' i.e., expression (4.1) 0  is. 

incapable of representing the situation satisfactorily. 

The measurement errors provide a different problem. Though 

it is clear that such records should be removed or modified, 

their detection is not always easy. Furthermore, the accidental 

removal of true values in the course of screening can lead to new 
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and possibly more serious bias. This topic will be. investigated 

in Chapter VI. 

Although aberrant values will tend to reduce the estimates 

of heritability, their influence may be in the opposite direction 

in specific instances. Consider, for example, a full sib family 

consisting of a single individual with a zero record. This 

aberrant value will inflate the between family sums of.  squares 

but 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 estimates will be 

too large. Examples can be found in the Edinburgh and Ottawa 

data where the removal of several aberrant values reduces the 

heritability estimates considerably (see Chapter XI). 

. Bias in the Estimator of - O',  

We now turn Our attention to the effects of aberrant 

values on a linear regression analysis, in particular, on the 

estimates of the regression coefficient 0 and the residual 

variance a2  •. The model will be restricted to include only y'x 
aberrant values which involve shifts of mean. 

Suppose that two variables X and Y are measured on each 

of N individuals in a population. The observations X and Yi  

have probability q of being aberrant, independently of each 

other, and of the other N-1 pairs of observations, Let Ti 

represent the true Value of X; the true value of Y can be 

written 	. . . 	 . 

where ei is distributed independently N(O,4). The first 
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problem is to establish the bias in the estimate of 0. Letting 

A denote (x1-L)(Y1-?.) and B denote (X1-.,)2,  we have, 

zo ci 
E() = E() = E( 	A ) 'MB 	B 

where - PA  = E(A),. AA 	•1&B = E(B), and AB = 

PA E(—(1 •+ M) 
 + —")-1) 

MB 	MA 	MB 

4 	A 

MA MB MB 

E(AA ) - -À ( - 	+ 	B) since E(AA)  E() = 0 
MB 

MA 	Cov(A,B)
+ 
 Var(B)) 	 (4 6) 

'MAMB, 	. 	M 	'' 

where terms of power higher than 2 have been ignqred. The 

expansion of (1 + -)'-1, is valid only when Ap/PB  E1, i.e., 

when 0 <B < 	The lower bound provides no difficulties; 

only a pathological case would leave (X1  - X 	0. Though 

samples for which the sums of squares exceed the upper bound 

are plausible, the probability of their occurring is very small 

when q is small. For example, in a simulated sample of 1000 

observations with variance 40152, it was found that a minimum of 

85 aberrant values (C = 500) would be .necessar7 before a sum of 

squares could be obtained which exceeded the upper limit. Even 

when q = .05, this number of aberrant values in a sample would 

be extremely improbable. Hence, such samples will have little 
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influence upon the expectation, and expression (4.6) should 

provide a satisfactory approximation. 

When the expectations are used in Chapter V. it will be 

necessary to assume the population sufficiently large to assure 

that e  approximates its expectation. Consequently, the terms 

of the expansion even those shown in (4.6), will be unimportant 

and the expectation of 0 can be approximated by a simple ratio, 

i.e PA
.,  

PB 

3 

- T.)2 ..+ pq(.N - l)C2  

The two expectations used in the ratio are derived in Appendix .1 

(expressions (Al.5)and(sU.7)Y). The examples will involve 

populations of 1000 individuals, numbers which mayseem insufficient 

to warrant the simplification. As a precaution, the additional 

terms of (4.6) have been derived. However, the changes in the 

estimates of .E() owing to these terms are negligible (see Table 

4.5), and hence the more unwieldy expression 18 not given. The 

variance and covariance terms are included at the end of Appendix 

I (expressions (Al.10) and (Al.il)) but the derivations are not 

shOwn. 

The expectations of COp, derived from (4.7), are presented 

in Table 4.5 for parametric values similar to those of the 

Edinburgh body weights. The values from the expanded expression 

are given in brackets. The two values of 0 in case iii), where 

the variance of trite .X and Y are unequal, have been chosen so that 
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TABLE 4.5 

Approximations to the Expected Values of 0 and 

* 2 A 2 
* I 

a2 = 	(T1  - T.)0 /999 = 20000 
1 

.05 500 .25 .157 (.157) 1875 3109 (311.1) 
ft 1000 .074 (.075) 6713 (6714) 

500 .75 .471 (.472) 875 .2482 (2481) 
1000 . .222 (.224) 6417 (6415) 

.01' .500 .25 .222 (.223) 1875 2136 (2137) 
1000 .167 (.169) 2906 (2907) 

:500 .75 .667 (.668) 875 1246 (1246) 
1000 it .502 (.507) it2237 (2231) 

4 	(T1- '. ) /999 = 50000 

.05. 500 .25 .202 (.202) 4688 5935 (938) 
1000 . .128,(.129) . 9590 (9594) 

500 '.75 .606 (.607) 2188 3915 (3915) 
U 	, 1000 .385 (.386) . , 8308 (8305) 

.01 500 .25 .238 (.238). 4688 4950 (4951) 
1000 ". .209 (.209) It 5729 (5731) 

sooO .75 .715 (.715) 2188 2568 (2567) 
1000 ". .626 (.628) 3642 (3635) 

4 = 50000; (T1-T.) /999= 25000 

.05 500 .35 .237 (.238) 4694 5980 (5984) 
. 1000 fl .121 (.122) it 9644 (9648) 

500 1.06 .719 (.720) .2191 4283 (4282) 
• 1000 .366 (.368) '. 8781 (8778) 

.01 	.' 500 .35 .318 (.319) 4694 4969 (4970) 
1000 it .251 (.253) , 5771 (5773) 

" 500 1.06 .965 (.965) 2191 2692 (2690) 
1000 . .759 (.765) 3978 (3965) 

N.B. a) Al? results pertaining to 4 are expressed as x 10* 

b) Expectations shown in brackets relate to the expanded 
expression (see expression (4.6)). 

* (e.g., 3109 - 31090) 
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the values of 4 from cases ii) and iii) correspond. 

It is clear from the table that the expansion terms of 

(4.6) are unimportant in the present context. The changes 

brought about by the additional terms seldom exceeds 1% and 

then, only when4 = 20000. Hence, the use of (4.7) would 

seem justifiable. 

Considerable bias is seen to be introduced Into the 

estimates of 8 by frequent or extreme aberrant values. For 

example, the expectation in casèi) is reduced. by approximately 

330/6 when large aberrant values (C = 1000) appearo with 

probability .01 or when the smaller aberrant values appear with 

probability .05. The aberrant values have a less severe impact 

on the expectations when the variance of Xi  is large because the 

term pqC2  becomes less important in the denominator of (4,7). 

The expectations in case i) for the situations cited above are 

reduced by less than 20%. Note that the bias in 0 is due entirely 

to aberrant X1. Although aberrant Y will increase the variance 

of j and hence should be removed when possible, they will not 

influence the expectation .of . 

4.6, Bias in the Estimator of 

In the next chapter, we shall require the expectation of 

the estimator of 4,, that is, 

€ ((x1-.L)(Y— 	))2 

Clearly, the derivation will necessitate obtaining the expectation 

of another ratio. Hence, much of the discussion in the last 
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section is relevant. We have seen that an approximation to 

the expectation can be obtained from 

(4.8) 

The approximation can be improved some at by including the terms 

of the expansion corresponding to those of (4.6). However, in 

this case as in the last, the additional terms have very little 

influence upon the approximation. The three expectations of 

(4.8) are derived in Appendix I and shown below: 

E[(Y1-..) 	.(N..1)4 +pq(N,1)c5  

(N.*l)4x+ (T1 .) +.pq(N.'.l)C0  (AL6) 

ECM 1 .)) 	(Tj.r.T.)a + pq(N-.l)C 
	

(Al. 5) 

=(rj.)*)+ 	F(Tiu , )a  
+ p4c((l+e*)(Tj...)1 + (N1)(c4x +pqC*)) (Ald,9) 

The variance and,covariance terms: Of the, expansion are given in 

the appendix without proof (expressions (Al.lO) and  

The expectations of 	as derived from (4 8), are 

included in Table 4.5. The corresponding approximations from 

the expanded expression are enclosed in brackets. The differences 

between the two approximations are unimportant, no matter what 

the parametric values. Clearly, the additional terms of the 

expansion serve little purpose and consequently can be ignored 

in the present work. 

Much of the bias in the estimator 	is attributable to 



4.19 

the term pq(N-1)C2  in (Al.6). However, the ratio of the 

expressions (AI-9) and (Al-5) is reduced by a similar term in 

(Al.5), the additional terms of (Al.9) being inconsequential. 

Hence, the bias is increased further, especially when the ratio 

becomes more important to (4.8) as S increases. This result 

can be seen in Table 4.5 where, for example, in case 1) 

(q = .05 and, C = 500) when pq(N-1)C"= 1186' the bias' in the 

estimator OY.Xis 12430 when  5 = '.25 and 16070 when 5 = .75. 

Thus, the bias in the residual mean square 'of the linear 

regression analysis is more extreme than' that of the corresponding 

term in the hierarchical analysis of variance (case ii) Table 4.1). 
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CHAPTER V 

A. Comparison of the Performances of the Screening 
Procedures 

In this chapter, we shall compare the performances of 

the three screening procedures introduced in Chapter III, i.e., 

the observed value method, the residual method, and .the correlated 

variable method.. The only model which will be considered is one 

in which the aberrant values differ from their true values by a 

constant. We shall be concerned not only with the proportions. 

of aberrant values detected but also with the proportions of true 

values incorrectly designated as aberrant. For the want of a 

better expression, these statistics will be referred to as 

rejection rates, though in practice the final decision regarding 

rejection should rest with the researcher. Much of the notation 

used in this chapter has-been defined previously in Chapter IV. 

.1. :The Rejection Rates of the Residual Method 

In a family consisting of u true values and v aberrant 

values, the residual of the observation Yijkv i.e., its deviation 

from the full sib family average, will be eijk - 	- 	if the 
vC value is aberrant or C. , - , + - if it is true. These two n 

variates are normally distributed with the same variance, (i)a , 

but with different means, .0 andrespeotively. Thus, if 

residuals. which exceed a constant K in absolute value are 

rejected, the rejection rates of the aberrant and true values 

can be calculated as 
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v=O rB(v;n,q)(K+(X)C) + (l(K+(!)C)))/uq 	(5.1) 

uO 
	 + (1(K-()C)))/np 	(5.2) 

respectively (whore (x) is the cumulative distribution function 

	

of the normal distribution with mean 0 and variance 	as  and 

B( )repreaents the binomial probability, 'e.g., B(v.;n,q).is the 

probability of observing v aberrant values in a family of u sibs 

when q is the probability of an aberrant value occurring). 

In practice, the constant K is usually determined by a 

multiple of the residual standard error, i.e., the square root 

of the within family mean sums of squares, It was shown  in 

Chapter IV that the presence of aberrant values will inflate the 

expected value of the mean square to as  + pqc2 . Hence, if we 

assume that the population is sufficiently large to assure that 

the mean square approximates its expectation, then K may be 

written c0(a + pqCa )4 where the multiple c0  is pre—determined.. 

Although this assumption may seem unrealistic, the results 

obtained agree closely with those from a simulation study discussed 

In the, next chapter. 

Expressions (5.1) and (5.2) may be usedto calculate the 

rejection rates of the residual method for any set of parameter 

values. An example of the calculations is given in Table 5.1, the 

assumed parametric values corresponding to those of case i) in 

Table 4.2. The value of K in this instance is e0  (34900) or 
3 x 186.8. The contribution to the summations (5.1) and (5.2) 

for each value of v is shown in the table. The proportions of 

true and aberrant values rejected in each case are included as 
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TABLE 5.1 

The Rejection Rates of the Residual Method for Families of 
Sibs 

Parameters: ao  5000 

C 50 

.e=5000 	or 

c0  3.0 n 

Residuals of True 
Values 

Contri. 
<-K 	K< bution 

.0001 .0001 .0003 

.0000 • 0015 • 0001 

.0000 .0100 .0000 

0000 • 0464 .0000 

.0000 .1502 .0000 

=3O000 	p= .98 

Residuals of Aberrant 
Values 

Contri-. 
K< buton 

.1502 .0000 .1385 

.0464 .0000, .0035 

.0100 .0000 .0000 

.0015 .0000 .0000 

.0001 .. 0001 • 0000 

Number 
of 

Aberrants 
(v) 

0 

1 

B(v;n,p) 

.90392 

.09224 

.00376 

00008 

00000 

Pooled 1.0000 	.0001 .0003 .0004 J420 .0000 .1420 

well, e.g., in families consisting of four aberrant values and a 

single true value, 15.02% of the residuals of true values exceed 

K, Although the rejection rates of true values from some 

families may seem large the probability of such families appearing 

is very small and henóe their contributions to the summations will 

be negligible. 	. .. 

These results indicate a weakness in the screening 

pro6es. The proportions of true values rejected could be 

reduced considerably if only extreme negative residuals were 

rejected, as large positive residuals almost certainly represent 
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true values. However, this conclusion depends upon the ample 

model which has been adopted; in general, extreme positive 

residuals are likely to represent aberrant values as well. If 

the model were revised to include errors of -'.500 and 
rn 

eooft~ a 

situation which would necessitate rejecting positive and negative 

residuals, the overall rejection rates of true and aberrant 

values would be similar to those shown in Table 5.1, because the 

magnitude of K would be unaffected (see Table 4.3) and hence the 

contributions to the summations from families of four and five 

true values, the only ones which affect the summations appreciably, 

will be relatively unchanged, Of course, in the case of families 

which include a single aberrant value, the proportions of negative 

and positive residuals rejected will change but the symmetry in 

the magnitude of error assures that the contributions will be 

similar, Hence, we shall continue to consider a process in which 

extreme veaduals, either positive ornegative* are rejected. 

.Examples of the rejection rates for various parametric 

values are given in Table 5.2 and plotted in Figures 5.1'..5.5. 

The results will be discussed in Section 5.3. 

5.2. The Rejection Rates of the Observed Value Method 

Suppose that a population of N individuals includes u 

true and v aberrant observations. If. 	s used to denote 
- 	

+ij 
004 

- 	+ CiJk -'....). the difference 
may be written Wi

jk + *VC if 
Y1jk  is true or Wjk jc if it is 

aberrant. Since the expectation of Wijk is zero, the means of 

those variates are 	and 4c respectively. If family size is 



assumed constant over the population, the variance of both 
variates is given by 

+. (;')c + 	Te 	 (53) 

where a denotes the number of sires and 4 the number of dams mated 

to each sire. Since the variates are normally distributed, this 

situation is analogous to that of Section 5.1 and the rejection 

rates of aberrant and true values are given by 

vB(v;N,q)f1(K4X)c) + (l.1(K+(X)c)))/q (5,4) 

and 

+ 	 C) /NP (5,5) 

respectively, where 	x) is the cumulative distribution function 

Of the normal distribution with mean 0 and variance given by (5,3). 
It may be noted that expressions (5.4) and (5,5) both 

involve the summation of many terms, the majority of which cóntri. 
bute little to the summation owing to the extremely small 

probability of the corresponding samples occurring. AS a measure 

to avoid needless calculation, the terms with probability less 
than 1078 have been disregarded in the subsequent examples. This 
,step reduces the number of terms in the summation: by approximately 
95% without significant loss Of precision, 

Determining values of K for use in expressions (5.4) and 

(5.5) presents difficulties similar to those discussed in the last 
section. The relevant measure in this case is the overall 

ow 

variance, i.e.(Yjjk ' 	, . .)2 /(N..l); in practice, K would be iJk
set to a multiple of the square root of this value. It can be 



Table 5.2. 

A Comparison of the Rejection Rates from the Residual and 
Obsexved Value Methods 

Paraxneterst 	as  5000 02 3000 30000 	p .98 

00  3,0 n5 	n40 

Proportions Rejected 

Residual Method Observed Value Method 
C True Aberrant True Aberrant 

i)Asabove 

500 .0004 .1420 .0015 .2341 
1000 .0002 .7653 .0003. .8931 

ti) c 	2.0 •  

500 .0180 .5477. .. 	.0342 .6311 

1000 .0089 .9764 .010 .9931 

lit) n 	10 (n1*80) 

500 .0007 .2355 .0015 .2344 

1000 .0001 .8960 003 .8935 

ps95. 

500 .0002 .0719 .0007 .1492 

1000 .0001 .3452 .0000 ..6234, 

15000 

500 .0003 .3937 .0011 .4310 

1000 .0002 .9589 .0001 .9862 

Vi 	35000 

500 .0004 .1106 .0016 .1985 

1000 .0002 . 	.6875 .0003 .8483 
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deduced from case ii) of Table 4.1 that the expectation of the 

variance is 
2nd( -1) 	n(sd.-1) a 	/ 6 + pq + 	 Os  + I1 	Crd 

We shall assume that the population is sufficiently large. that 

the variance approximates (5.6) 0  and hence the appropriate value 

of .K can be determined directly. 

The rejection rates of the observed value method for 

various parametric values are presented in Table 5.2 and. plotted 

in Figures 5.1-5.5. 

5 	A Comparison of the Residual and Observed Value Methods 

In each of Figures 5.15.5, a single parameter is 

permitted to vary, the others taking the values given in 

Figure 5.1. Hence, we can compare the relative merits of the 

residual and observed value methods In a number of different 

situations. The rejection rates from the correlated variable 

method are also included in the flrst two  diagrams; they will 

be derived and discussed in later sections. 

Figure 5.1 illustrates the effects of increasing 

magnitude of error. It is clew from the diagram that neither 

the residual method nor the observed value method can identify 

satisfactory proportions of the aberrant value unless C Is 

relatively large. Even if C were equal to 8000  . both methods 

would reject.  less than 75% of the aberrant values. Thus, in a 

population of a thousand individuals where p = .98., more than 

four aberrant values of this magnitude could be expected to go 

undetected. Much of the difficulty, especially for more extreme 
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1- 

25 

Figure 5.1 

Rejection Rates for Varying C 

2 	 2 	 2 
Population constants: 	s = 5000 	a d = 5000 	a = 30000 

e 
p = .98 	ii. 	= 5 	c = 3.0 

1J 	 0 

Symbols used in Figures 5.1 - 5.5: 

x - Residual method 

- Observed value method 

- Correlated variable method 

Aberrants Rejected 	 True Values Rejected 

100 300 500 700 900 
	

100 300 500 700 90 

Values of C 
	

Values of C 
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Figure 5.2 

Rejection Rates for Varying c 
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Figure 5.3 

Rejection Rates for Varying n.. 
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Rejection Rates for Varying q 
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values of C, lies in the inflated values of K arising from the 

excessive estimates of variance. The decreasing proportions 

of true values rejected. as C increases reflect the changes in K. 

We see from Figure 5.1 that the observed value method 

rejects larger pro-portions of the aberrant values than does the 

residual method, regardless Of the magnitude of Co, On the 

other hand, it also rejects more true values, though the 

proportions invo1ve are: so small that the difference is 

unimportant, amounting to only one or two values in a population 

of a thousand. The differences in the rejection rates from the 

two procedures are attributable to the more conservative nature 

of the residual method, that is1 the use of the residual mean 

square in determining K even though the variance of the residuals 

is only 	(J A more appropriate choice of c for the examples 

might be cO( 	or 2,7. If this value were used when C = 500, 

the rejection rates of the aberrant and true values would be 26% 

and .14% respectively, a slight improvement on the rates from 

the observed value method, 

The most obvious remedy for the low rejection rates of 

aberrant values shown in Figure 5.1 would be to reduce c. This 

step does increase the proportions of aberrant values detected 

as can be seen in Figure 5.2, bUt unfortunately it also increases 

the proportions of true values rejected. Although the rejection 

Of 1% or 2% of the true values may seem insignificant, these 

values represent the extremes of the distribution and thus the 

effect upon variance and heritability estimates may be consider-

able. This aspect of the problem will be studied in Chapter VI. 
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Furthermore, if the experimenter intends to investigate each 

rejected observatIon, a relatively small change in the rejection 

rate of true values may increase his work load substantially. 

It can also be seen from Figure 5.2 that both screening 

techniques fail tip detect appreciable proportions of the amsUer 

aberrant values (C = 500) even when CO  is as low as 1.5. Almost 

all of the larger values (C 1000), on the other hand, are 

rejected when c0  a 2.5. Hence, it would appear that a choice of 

CO  less than 25 would be unwise in either Case. 

The effects of different family size are shown in 

Figure 5- 3# Not surprisingly, the observed value method is 

relatively unaffected by any change. However, the rásidual, 

method becomes much more effective in detecting aberrant values 

as family size increases. In fact, when n a 10, the residual 

method identifies more aberrant values than does the observed 

value method and yet rejects fewer true values. Thus, though 

the residual method is inappropriate for screening small families, 

it may be preferable to the observed value method in screening 

large families. 

Two factors are important in this regard.. First, as n 

increases, the variance of the residuals, ()o, approaches a, 

the parameter used in determining K. Hence, more observations, 

both aberrant and. true, are likely to be rejected as n increases. 

Secondly, the family average is affected more seriously by the 

appearance of an aberrant value In smaller families; thus, 

deviations from family average reflect the underlying differences 

less accurately. In the most extreme case, i.e3, when n = 2, 



5.10 

rejection of the aberrant value implies rejection of the 

corresponding true value. It is this second factor which 

explains the reversal in the pattern of the rejection rate for 

true values when C = 1000. 

The effects of changing the frequency of aberrant values 

are illustrated in Figure 5.4. It can be seen that the rejection 

rates fall rapidly as the aberrant values become more frecjuent, 

Note that in the case where C a 1000 the observed value method 

is less adversely affected than is the residual method, 

especially when q is near .05, and hence rejects much larger 

proportions of the aberrant values. The more conservative nature 

of the residual method becomes apparent as q approaches 0 the 

proportions of true values rejected by the two procedures diverge 

rapd1y. 

Figure 5,5 shows the consequences of changes in i owing 

to differences in environmental conditions (variation in genetic 

factors would imply changes in 	and 	as well).. As one might 

expect, the residual method becomes less useful as ots  increases, 

i.e., as the heritability is reduced., However, the relative 

advantages of the observed value method are not great, especially. 

when C * 500. The difficulty with the observed value method is 

that 04  forms such a- large part of the phenotypic variance. 

The Rejection Rates of the Correlated Variable Method 

Consider a sample of N paired observations (x1,) 
containing v aberrant Xi and v aberrant Y. Suppose that a 

linear relationship exists between the true values of X1  and Y. 

The aim will be to investigate the possibility of using this 
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relationship in an effort to identity the aberrant Y. 

When both observations in the pair are true, the 

difference between Yi  and its predicted value can be written 

(& + e(T.u.) + e) - (. + (xi  - X. 

= 	(T—) + -i 	ir C 	+j—. 	(5.7) 

the notation of which was defined in the last chapter. It vx and 

are fixed and the sample is sufficiently large to assure that 

the estimate j approximates its expectation (see expression (4.i55) 
expression (5.7) has a normal distribution with mean 

(8 - + C - 	and variance ()4p Thus, it 

is possible to estimate the proportions of pairs for which 

expression (5,7) will exceed any. value K in absolute value. The 

value of K will be determined as a linear function of 	(see 
expression an approach corresponding to that adopted 

with the residual and observed value methods. Similar results 

can be obtained for the other three possible pairings i.e., a 

true Yi  and an aberrant Zj, etc*V The tour pairings will be 

denoted as Cases 1.4 asshown in Table 50. 

The rejection rate of aberrant Y may be computed by 

summing the proportions rejected in Cases 3 and 4, weighted 

according to the relative frequencies, i.e., the expected values 

from the appropriate hypergeometric distributions as described 

in the last chapter. A similar step, using to proportions from 

Cases 1 and 29  Will give the rejection rate of true Y. Of 

course, these results have been derived for fixed values of VX 
end Vy. In order to obtain the more general results for a 
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probability q of aberrant values appearing, it is necessary to 

pool the rejection rates for all combinations of v and 

weighted by the appropriate probabilities. 

Several problems are encountered in constructing 

examples to. illustrate, the rejection rates. First, any results 

are conditional on the given values of 	it is impossible to 

generalize. However, in a large number of practical situations 

including the present. study of the Edinburgh and. Ottawa data, the 

Will be drawn from a.normal distribution. The set of one 

thousand Ti  which have been used in the examples was generated 

systematically so as to. approximate the normal distribution 

with a Variance of 40000. 

A second difficulty involves the number of calculations 

required to obtain a single result. For example, suppose that we 

were to include 400 distinct values of T.  For each T. and each 

combination of v and vyt ,itwould be necessary to determine four 

rejection rates. Eiif the(alculations were restricted to the 

thirty most probable values of v' and v, 2,680,000 different 

values from the cumulative normal distribution function would be 

needed. As each approximation of this function requires at best 

an evaluation of a polynomial this process is clearly impracticable. 

The simplest recourse, and the one we shall adopt, is to limit 

the examples to given values of vx  and v. 'This step will 

necessitate several trivial modifications to the expressions 

derived in the last chapter, e.g., (-l)pq is replaced by 

uv/N or. u.whichover is appropriate. Since the results, from 

the residual and observed value methods were determined for 
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variable v,, comparisons between the rejection rates of the 

correlated variable method and these methods beoomej questionable, 

but the underlying differences should be clear, 

5., An Appraisal of the Correlated Variable Method 

The effects upon the correlated variable method of 

changes in the various parameters are shown In Figures 5.6 

5.10; the results in extreme situations are also given in Table 

5.3. In each case, the parameters which remain constant assume 

the values given at the top of the table, The situations where 

co  or C vary have been represented earlier in Figures 5.1 and 5.2 

where the rejection rates from the residual and observed value 

method were plotted. For the purpose of comparison, the rejection 

rates for the correlated variable method have also been included 

for 0 o .5. 

The rejection rates for each of the. tour cases,  are shown 

in Figures 5.6 5.10. When v is small,. the. proportion of 

aberrant Y rejected is determined largely by the proportion of 

Case 3 rejected owing to the infrequency of Case 4. Since the 

two results are almost indistinguishable, the rejection rates of 

aberrant Y,are  omitted from the diagrams. •i the other han4, 

though a similar relationship exists between the rejection rates 

of Case I and the true Y, it is possible to distinguish between 

the results owing to the Liner increments along the axes and hence 

the rejection rates for true Y, are plotted. 

Figure 5.6 illustrates the effects of changing values of 

B • 	Note that in these examples 0 may be considered a correlation 
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Table 5* 3* 

The Rejection Rates from the Correlated Variable 
Method 

Population Constants: N a 1000 v 	v1  . 20 	C s 500 0 .50 

C 	3.0 4 * 40000 	=(T 	-40000 

Case 1: Y1  true, Xi true 	Case 3: Yi  aberrant, Xi  true 

Case 2: Y true, X aberrant 	Case 4: Y aberrant, X aberrant 

Rejection Rates 

Condition 	Case 1 Case 2 Case 3 Case 4 True 	Aberrant 

As above 

C * 100 

C *1000 

.0010 .0247 .3333 ,0432 .0015 .3275 

.0026 .0037 .0075 .0037 .0026 .0074 

.0001 .0265 .9539 .4122 .0006 .9430 

.0012 .319 .0012 .3419 

.0010 .0163 .3277 .0544 .0016 .3168 

0016 .0380 .3906 .0508 .0020 .3906 

.0001 .0017 .0832 .0110 .0002 .0760 

.0015 .0017 .2344 2016 .0015 .2337 

.0000 .9049 .9925 .0000 .0181 .9726 

.0288 .1920 .7463 .2673 .0321 ,7368 

coefficient as the variances of the true Xi and Y, are assumed 

equal, It can be seen from the diagram that as 0,  increases the 

rejection rate of aberrant Yi increases rapidly until almost all 

aberrant values are detected. Any undiscovered aberrant values 

are likely to have corresponding aberrant Xi# 1600 0, às) from 
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Case 4, a situation which becomes increasingly difficult to 

detect as 0 approaches 1. The rejection rate of true Y also 

increases owing to the larger proportions of Case 2 rejected. 

However, this result is misleading as it is usually easy to 

recognize pairs from Case 2 and thus any investigation by the 

experimenter is certain to reduce the proportions of true 

values rejected. 

Clearly, the correlated variable, method is a powerful 

screening tool, especially when the correlation between variables 

is high. Nevertheless, it must be remembered that these results 

are conditional upon the assumed model; in other situations,, the 

procedure might prove useless. For example, in screening the 

44 week weights from the Edinburgh data by using the 36 week weights, 

any measurements from dwarf birds are likely to escape detection. 

Yet, the same observations could well be identified by the 

residual and/or observed value methods, Hence, these and 

subsequent results must be considered in context. 

It can be seen from Figure 5.7 that the correlated 

variable method becomes more effective as the magnitude of error 

increases. Furthermore, for larger values of CO  most rejected 

true values come from the more easily recognized Case 2 The 

rejection rates have also been included in Figure 5,1. Despite 

the rather small 0, the proportions of aberrant values identified 

by the correlated variable method are considerably larger than 

those rejected by the other two procedures, an advantage maintained 

throughout the range of C. If 0 were larger, say 0 = .85, a 
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value not unlike the correlation between the Edinburgh 36 and 

44 week weights, approximately 80% of the aberrant values 

(C = 500) would be detected by this method, a remarkable 

improvement over the 14% and 23% from the residual and observed. 

value methods, The rejection rate of 1f values would be some-

what larger as well, but again most rejected values arise from 

Case 2. 

The effect of changing c0  is shown in Figure 5.8. Not 

sur'pr'iain1gly, the rejection rates increase in all cases as co is 

reduced. However,, initially, the rate of change is greatest in 

Case 3 and smallest in 'Case 1. Hence, one might consider lowering 

co  from 3.0. It the value were reduced to 2.5, for example, 

there would be a slight increase in the true values rejected 

(from .15% to .77%) but a substantial increase in the aberrant 

values rejected (from 33% to 54%). 

The results from the correlated variable method are 

compared with those from the other methods in Figure 5.2. Clearly, 

the advantage of this procedure is maintained, whatever the value, 

of o•  In fact, the patterns of the rejection rates from .the 

three procedures are similar throughout the range. 

It can be seen from Figure 5.9 that changes in v have 

little effect upon the rejection rates when X,is true, i.e., in 

Cases 1 and 34 Though there. is some change in the rejection 

rates when X is aberrant, the proportions of true and aberrant 

values rejected are, relatively unchanged. Hence, it would scorn 

that under the given conditions the presence of aberrant values 

among the X Is not an important consideration when screening the 
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Y. However, a change in even one parameter could lead to a 

different conclusion. For example, if 0 were larger, the 

proportions of true Y rejected in Case 2 would be of greater 

consequence (see Figure 5.6), 

It is interesting to note that the proportion of true 

values rejected iitcreases as v. increases even though the 

rejection rates of both Case 1 and Case 2 decrease. This result 
is attributable to the change in the relative frequencies of the 

two cases, The greater influence of variable v, upon the 

rejection rates in the cases where Xi  is aberrant is due to the 
N-v replacement of the term - 	C by (_ 	0 C in expression (5,7), 

Whereas the former changes by 8.06 over the range of vx shown in 

Figure 5.9, the latter changes by 56.6; hence, the effect is 

more notable in Cases 2 and 4. 

It is clear from Figure 5.10 that a. change in v as 

well as v, will have a much larger effect upon the rejection rates, 

The reductions in the proportions rejected as v increases r'eleet 

the inflating of the estimate 	and hence the values of K, a 

result analogous to that observed when qwas increased in the 

earlier study of the residual and observed value methods. 
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Introduction 

In the last chapter, it was necessary to make several 

simplifying assumptions in calculating the various rejection 

rates from the observed value and residual methods. In an 

attempt to ascertain the effects these simplifications may have 

in practice, the two procedures have been applied to a hundred 

simulated populations. In this chapter, the rejection rates 

from these populations will be compared with the predicted rates 

based on the formulae of the last chapter. 

We shall also consider a more cautious screening 

approach, denoted as the combined method, by which observations 

are rejected it and only if they would be rejected by both the 

observed value and residual. rules. Although this method will 

identity fewer eberrants than the other two, it will be seen to 

have several advantages over them. 

In assessing the performances of the screening 

techniques, we have ignored any effects which they may have on 

subsequent analyses, The latter part of this chapter will be 

devoted to examining two consequences, of screening, the reduction 

in full sib family size and the adverse effect on estimates 

from the analysis of variance as true values are incorrectly 

removed. Averages from the simulated populations will be used 

to 	 re 

methods. 
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6.2. The Simulation Process 

Let us begin by considering the procedure which was 

used to generate the simulated populations. Each population 

of 1000 observations was created using the algorithms illustrated 

in Figure 6.1. The parametric values assumed in the simulation 

are the same as those in the examples of the last chapter, e.g., 

the sire and darn components were sampled from a N(005000) 

distribution. After each observation had been obtained, a 

value was sampled from the uniform distribution in the interval 

(0,1). It the value was less than .02, the observation was 

designated an aberrant and the appropriate constant subtracted. 

Results were obtained for two values of C by carrying out two 

sets of calculations simultaneously, each aberrant record being 

reduced first by 500 and then by 1000. The computing time 

saved In this way amply compensates for the results not being 

independent. 

Two random number generators were required by the 

algorithm, one to produce uniform deviates and the other to 

produce normal deviates. The former was taken directly from 

the IBM Scientific Subroutine Package (IBM (1968)) and seems to 

have provided satisfactory results. However, finding a suitable 

form of the latter proved more troublesome. The generator from 

the IBM package was very slow and produced poor results in the 

tails of the distribution. A generator described by Box and 

Muller (1958) was tested but yielded rather smaU.sumoL 
- 	

squares in the analysis of variance. Although this result was 
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inconclusive, it concurred with the experiences of colleagues 

testing normal deviate generators. The more recent work of 

Neave (1973) points to the difficulties of the procedure. 

Finally, an algorithm, proposed by Newman and O'Dell (1971) 

was adopted with apparently satisfactory results. 

Table 6.1 

Parametric Values of the Simulated Data 

Average S.D. Range 
Expected Observed Mm. Max. 

No. of aberrant values 20 19.Q 4.47 8 30 

Mean Sums of Squares; C = 0 
Sire 2550 2574 626 1194 4298 

Dam/sire 550 550 57 437 659 

Within family 300 301 14 271 338 

M.S.S.; C m 500 

Sire 2599 2640 650 1262 4523 

Dam/sire 599 598 64 471 72 

Within family 349 349 21 305 403 

M.5.S.: C = 1000 

Sire 	 2746 	2799 	706 	1358 4839 

Dam/sire 	 746 	744 	89 	559 952 

Within family 	 496 	494 	51 	379 624 

N.B. - All entries in this table excepting those under "No, of 
aberrants" expressed as x 102 ,e.g., 2550 represents 255000 
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Table 6.1 gives the average values of various statistics, 

taken over the hundred populations, and the corresponding 

expected values, most of which have been calculated using the 

formulae of Table 4.1. The range and standard deviation of 

each statistic have also been included in the table to indicate 

the variability over the populations. Note the increase in the 

variability as the magnitude of the aberrant values is increased, 

a consequence of aberrant values which has not been considered 

in the earlier chapters. 

The differences between the expected and observed averages 
(of 

are very small, the largest one being only .75 standard deviationsA 

Clearly., there is little evidence in these results to suggest 

any difficulties with the simulation process. 

A further check may be obtained by considering the 

distribution of the numbers of aberrant values in the populations. 

If the uniform do'iiate generator has functioned properly., those 

numbers should be distributed binomially with p .98 and 

N..= 1000. The range of the numbers has been divided into nine 

intervals; the expected and observed frequencies in each 

interval are given in Table 6.2. The sample distribution) is 

seen to approximate the theoretical one. Two X values have 

been included to demonstrate this result statistically, the 

goodness-of-fit x8 L and the binomial dispersion x (see 

WéthertU (1967)) the second of which is independent of pooling 

methods. Both values are nonsignificant, suggesting that the 

generator has worked satisfactorily. 
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TABLE 6.2 

Distribution of Nuahora of Aberrants in the Simulated 
Populations. 

No. of aberrants 415 1516 17-18 19 20 21 22-23 2425 25 

Expected 10.25 11.59 16.12 8,96 8.97 8.55 14.50 10,05 11.() 

Frequency Observed 11 U. 13 	8 	13 9 	15 	11 	9 

(1) Good esstáfit 	Y, w3-09 (8d.f.) 	.90P(4>3.O9)<.95 
(2) Binomial Dispersion x103.96. (99 d.f.) ,25 P(4?lO3.96)<.5O 

The Screening of the Simulated Populations 

The three screening methods were applied to the simulated 

data using four values of ,,,c ,* The proportions of aberrant and. 

true values which were z'ejeed have been averaged over the 

hundred populations and the results presented in Table 6.3.. The 

table also Includes the:  expected . averages for the. residual and 

observed value methods, based on the formulae of Chapter V. For 

the most part, the expected and observed values differ only in 

the third or fourth decimal digit. There is but one instance 

of the values differing by more than two standard deviations. 

In general, the differences are larger relative to. their standard 

errors in the extreme cases, i.e., as the proportions (or their 

complements) approach 0. This result is to be expected as the 

relevant numbers are so small, e • g,, only 52 of 98022 true 

values were rejected by the residual method with C*500 and 

Ja 3.0, Many more populations would be necessary to demonstrate 

any real difference in such instances, Clearly, there is little. 
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Table 6. 3.3 

The Proportions of Rejected True and Aberrant Values 
(Average over 100 populations) 

c 3.00 2.50 2.00 1.50 
O°c E* 0* E 0 E .0 E 0 

1) Observed value, method 
True(J500 .0015 .0017. .0081 .0084 .0342 .0347 .1122 .1120 

(000 .0003 .0003 .0024 .0028 .0150 .0158 .0682 .0695 

Aberrant 500 	: 2341 2226 4225 4250 .611 .6402 .8064 .8075 

1000 .8931 .8979 .9681 .9674 .9931 .9939 .9989 .9996 

Residual method 

True (:)500 .0004 .0005 	'.0032 .0035 .0180 .0182 .0755 .0756 

[i000 .0002 .0002 .0015 .0018 .0089 .0091 .0448 .0455 

Aberrant 500 .1420 .1336 .3175 .3167 .5477 .5481 .7619 .763 

1000 .7653 .7681 .9150 9226 .9764 .9755 .9948 .9961 

Combined method 

True 	500 .0002 .0014 .0086 .0398 

00Q .0000 .0003 .0028 .0197 

Aberrant 500 .1038 .2566 .4759 .7099 

1000 .7472 .9109 .9717 .9957 

* E - expected average; 0 -. observed average 

N.B. Standard errors of the mean vary from approximately 01 
for intermediate values to .0001 for values 
approaching 0 or 1. 
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in the results of Table 6.3 to suggest that any serious bias 

exists in the fou1a 	of Chapter V. Thus, the results 

presented in that chapter can be expected to approximate the 

real situation closely in cases where the original model holds. 

The results in Table 6.3 show that the combined method 

has identified considerably fewer aberrant values than the 

residual or observed value methods, though the differences. 

are less important when C 1000. On the other hand, there is 

a correspondingly greater reduction in the proportions of true 

values rejected by the combined method, e.g., it has rejected 

2529 fewer true values but only one less aberrant value when 

= 1.5 and C =. 1000. Hence, it may be advantageous to use 

this technique, particularly when C is large, even though fewer 

aberrant values will beidentifled, 

6.4:. The Effect of,Screening.on Family Size 

In this section, we shall consider the effect on full 

sib family size if the residual and ,observed value methods are 

used as outright rejection criteria rather than screening tools. 

Of course, family size must be reduced as aberrant values are 

rejected but the questions of interest are under what circum-

stances and to what extent is it further reduced by the in-

correct rejection of true values. We shall see that the 

effects of the observed value and residual methods differ. 

Table 6.4 gives the frequency of each family size after 

screening with the two techniques using co  1.5. The low 

value of C0  has been chosen so asto demonstrate more clearly 
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Table 6.4 

Frequency of Family Sizes after Screening 
(summed over the 100 populations) 

Family size 0 1 2 3 4 5 Total Average 
No* of aberrants size 

1) Observed value method 

500 	0 4 49 354 1646 5611 10430 18094 4.44 
• 1 0 U 88 427 1081 228 1835 3.78 

2 .0 2 14 42 10 2 70 2.94 
• Total 4 62 46 2115 6702 10660 19999 4.37 

C=10000 1 21 131 831 4180 12930 4965 
1 0 8 51 350 1425 1 3.74 
2 0 2 U 57 0 0 2.79 

Total 1 31 193 1238 5605 12931 4.56 

2) Residual method 

C = 500 	0 0 12 70 1097 3941 12974 4.65 
I 0 10 76 662 787 300 3.70 
2 0 8 16 25 18 3 2.89 

Total 0 30 162 1784 4746 13277 . 4.55 

C 1000 0 0 2 9 322 2254 15507 4,84 
1 1 5 209 949 670 1 3.25 
2 18 34. 14 4 0 0 1.06 

Total 19 41 232 1275 2924 15508 4.67 

the differences in the effects of the two.  procedures. The 

totals have been broken down according to the numbers of 

aberrant values in the families before screening. The frequency 

of each family type is given in the column beaded '!Total", e.g., 

70 families contained two aberrant values. Because the results 
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from a family with three aberrant values have been omitted, the 

total number of families represented In the table is 190 999 

rather than 20,000. (200 families from each of 100 populations), 

A danger in the indiscriminate application of rejection 

criteriis evident In the results of Table 6.4, As many as 

four and five records have been rejected from families, some of 

which contained no aberrant values whatsoever. This problem is 

especially serious with the observed value method because the 

families which are most affected are the ones with extreme 

averages, that is, the very ones of . most interest in many 

genetic studies. 

We see from Table 6.4 that families which contain only 

true values are more often affected by the observed value method 

than by the residual method, 	Hence, the average size of these 

families is smaller after screening with the observed value 

method. However, "the weakness in the residual approach becomes 

apparent when it is applied to families which include aberrant 

values. The problems can beat be seen by considering the 

results when C 1000 from families containing two aberrant 

values. Although these families Initially Include three 'true 

values., their average size is only 1.06 after screening with 

the residual method, 18 families being totally rejected. . On 

the other hand, as we should expect, the observed value method 

rejects similar proportions of true values, regardless of 

the numbers of aberranta in the families.. This point is illus—

trated by the average family size when C 1000, almost all 

aberrant values having beez' rejected in each case. 
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6.5. The Effect of Screening on the Analysis of Variance 

We have seen examples of the bias which aberrant values 

may introduce into the analysis of variance (Tables 4.2 and 6.1). 

However, attempts to remove these aberrant values may have even 

more serious consequences. In this section, we shall consider 

the problem, using results from the simulated data, to illustrate 

the effects of the three screening procedures, applied as out-

right rejection criteria,wc0  is decreased. 

The analyses of variance were calculated after each 

screening procedure had been applied to the dat6j;  the mean 

sums of squares,averaged over the hundred populations, are 

presented in Table 6.5. The two columns headed "Original" 

and "." give the results from the unscreened data when C = 0 

and C 1000 respectively, The averages of the "within family" 

and "dams/sires". entries have been plotted in. Figure 6.2 as 

well, 

A serious shortcoming of the residual approach is 

evident from these results. Most aberrant values are rejected 

when co  = 2,613 (see Table 	and hence the mean squares 

approximate those of the "aberrant free" data, i.e., C 0. 

Further reductions in c serve only to remove true values, the 

results of which Q. a considerable reduction in the within 

family mean square but little change in the sire and dam/sire 

values. Moreover, the coefficients on the co  and 	terms in 

the expected mean squares are reduced as the population size 

decreases.. Thus, there will be a tendency to under-estimate 
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Table 6.5 
The Mean Sums of Squares in the Analysis of Variance After 

Screening 
(c = 1000) 

00 	Original*  3.0 2.5 2.0 1.5. 
(All entries expressed as x iOn ) 

Observed value method 

:Between sires 	2574 	2799 2471 2404 2085 1305. 
Between dams/sires .550 	744 549 529 475 354 
Within family, 	301 	494 311 297 276 227 

Residualmmethod 

Between sires . 2595 2552 2537 2,475 
Between dams/sires 601 568 363 574 
Within family 326 303 283 232 

Combined method 

Between sires 2572 2536 2496 2320 
Between dams/sires . 	 . 598 562 547 521 
Within family 330 307 293 261 

* Values obtained from Table 6.1. 

N.B. - Standard errors of the means expressed as percentages 
of the, mean are approximately 2.4%, 1.0% and 6% 
respectively for the sire, dam, and within family entries.. 

as  and over-estimate cr. •  The effect on estimates of 	will be 

less important as the errors will tend to cancel. 

Similar reductions appear in the within family mean 

square after the data have been screened by the observed value 

method using small c. However, correspondingly larger re-

ductions appear in the sire and dam/sire mean squaras well and 
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Figure 6.2 

The Analysis of Variance After Screening 

Population constants: 	
ILij 
. = 5 	C = 1000 	p 	.98 

Sample averages prior to screening: 

Between dams/sire mean square - 74362 

	

Within family mean square - 	49432 

Screening procedures applied: 

X- Residual method 
- Observed value method 
- Combined method 

Between dams/sire 
	

Within family 

6.: 

3.0 	 1.5 	2.0 	2.5 

Values of c 
D 
	 Values of c 

0 

* - Mean squares measured in units of 1000 
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hence the estimates of vo  and co  will be relatively smaller. 

These effects can be seen in Table 6.6 which.preserits 

the estimates of variance components and heritabilities, 

averaged over the hundred populations. For the larger values 

of c0, the estimates show a marked improvement over those from 

the unscreened data. However, as c is decreased, a larger 

proportion of the true values are rejected and the biases 

become apparent. Eventually, a stage is reached at which the 

estimates, of heritability are as bad, or even worse, than the 

unscreened ones. 

Table 6.5 and 6.6 also include the averages of the 

estimates obtained after screening with the combined method. 

When c = 3.09  we observe improvements in the heritability 

estimates similar to those achieved after screening with the 

residual and observed value methods. However, the effects of 

the combined method are loss notable as c0 is decreased. In 

fact, the estimates of the variance components approximate the 

true values even when c0  is as low as 2.0. Nevertheless, for 

very low values of c0,he shortcomings of the other methods 

begin to appear, i • e., the estimates of the dam component are 

too large and the estimates of the sire and progeny components 

are too small. 

In the last section, we saw that the effects of the. 

residual approach depend on the number of aberrant values in 

the family initially. The within family mean squares serve as 

a further illustration of this point. Table 6.7 gives the 

relevant averages, broken down according to the number of 
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Table 6. 

Estimates of Variance Components After Screening 
(Average over 100 populations) 

00 3.0 2.5 2.0 1.5 

1) Observed value method 

Components: Sire (o) 514 489 479 417 260 
Dam 	() 499 485 474 414 278 

Progeny 	(a) 4943. :3111 2970 2756 2270 

Heritability: Sire .35 .48 .48 .46 .37. 
Dam .34 .47 .48 .46 .40 

2) Residual method 

506 506 507 506 
558 541 578 732 

3261 3027 2828 2323 

,47 .49 .51 .56 
.52 .53 .59 .82 

500 502. 498 467 
544. 519 518 542 

3301 3074 2935 2608 

.46 .49 .50 .51 

.50 .51 .52 

Components: Sire 
Dam 
Progeny 

Heritability: Sire 
Dam. 

3) Combined method 

Components: Sire 
Dam 
Progeny 

Heritability: Sire 
Dam 

N.B. - a) All variance components expressed as x 10 
b) Standard errors of the mean expressed as percentages 

of the mean are approximately 3.2%, 2.4%, %, 2.9%, 
and 2.1% respectively for the three componEnts and 
the two heritabilities. 
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aberrant values in the families. The inflated estimates from 

the unscreened data reflect the presence of the aberrant 

values. The observed, value method removes the effects of the 

aberrant values before c reaches 2.0; subsequent reductions 

in c0  have similar effects on the estimates from the three 

family types. On the other hand, the residual method has been 

unable to remove the effects of the aberrant values from 

families containing two aberrant values, even when c0  is as low 

as 1.5. Furthermore, there have been excessive reductions in 

Table 6. 
The Effect of Screening on the Within Family Mean Square 

3.0 	2.5 	2.0 	1.5 

No. of aberrants 

1) Observed value method 

0 	 300 299 294 275 227 
I 	2302 456 339 289 24 
2 	

3 3 53 
601 386 271 242 

Pooled estimates 	494 311 297 276 227 

2) Residual method 

0 	 300 300 297 285 236 
1 	 2302 575 338 245 168 
2 	3353 2323 1481 980 482 

Pooled estimates 	494 326 303 283 232 

N.B. 	a) All values expressed asxlO,e.g., 300 represents 30000 

b) Averages weighted by degrees of freedom after screening. 

the estimates from families which include a single aberrant value. 

Thus, the apparent similarity of the pooled estimates obtained 

after screening with the two methods is due in part to cancel-

lation of opposing effects from the residual method. 
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CHAPTER VII 

•• AberrvntRecor'ds th a Seliction Pogun 

7.1. Introduction 

We have been examining the difficulties involved in 

obtaining meaningful estimates of heriti1ity from data sets  
.,Which contain aberrant records. iowever, the real interest in 

many experimental eituatiorr. lies not in the "heritability" para. 

meter, itself but rather in other parameters functionally dependent 
upon heritability, In this chapter, we shall consider the 
effects of aberrant values in one such instance, namely, the 
prediction of response to selection pressure. In keeping with 

earlier chapters, the discussion will be restricted to aberrant 

values tEhich arise from environmental tactors. 

We shall be concerned only with a selection programme 

intended to improve production among progeny by selection of 
parents on the basis of individual perfôx'rnauce, The populations 

involved are assumed to be sufficiently large to assure that the 
various parameter estimates Closely approximate their expected 

values. Although this restriction may limit our scope somehat, 

the difficulties noted in this chapter can hardly be expected to 
disappear in smaller populations. 	• • 

We shall be concerned with two statistics related to • the 

selection programme, the predicted mild observed responses, both of 
• which will be expressed as deviations from the population mean of 

the parent generation. The first is a prediction of the improve 
ment to be expected in the progeny performance owing to the 
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selection of particular parents. It is a function of the 

selection differential and the heritability of the trait., The 

observed response is the improvement in the performance of the 

progeny over that of the individuals in the parent generation, 

measured as the difference between the population means. Note 

that this statIStic may be deceptive (see Section 7.2, for example); 
it .tu not necessarily repz'esent the actual improvement in genetic 

merit. Both statistics are of fundamental importance to the 

selection programme: the predicted response in the initial 

decision making aM the observed response in. evaluating the 

programme. 

• The model first introduced in Chapter IV will be used 

throughout; environmental factore are assumed unchanged over 

generations. Two types of aberrant values will be considered; 

zero records and measurement error. It should be noted at the 

outset that there is a marked difference in the effects of these 

two types of aberrant values. Whereas non-producers will not be 

chosen as parents, genetically interior individuals may,  be 

selected as parents because of measurement error. Hence, although 

both types of aberrant records will affect the statistics related 

to the selection programme, only measurement error is likely to 

• retard the actual genetic improvement. 

Z. 	The effects of Zero Records 

Let us begin by considering the effects of zero records, 

• 	the case corresponding to Model i) of Table 4.1. Though such 
• 	• values could appear among body weights, e.g., records from non- 
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survivors., they are more commonly associated with egg production 

traits, in fact, a number of non-layers appear in the 

Edinburgh and Ottawa flocks (see Section 10.6). Hence, let us 

assume that egg production is the trait under investigation. The 

model Is much too simple to represent the trait reaiióticaily but 
it should illustrate the dangers of including low production 
records in the analyses. 

Suppose that in a large flook of producing birds the 

pbenotypic and additive genetic variances are 20 and 6 respectively, 
and the average production is 20 eggs/period, all values similar 

to those observed in the Edinburgh flocks, Now let us introduce 

a. random environmontal effect which leaves a proportion q of 

the birds non-layers (the distinction between proportion and 

probability being unimportant in the present context as we are 

considering a very large population). From this flock, we 
select a set of birds with an average production of 25 eggs/period 

to serve as parents Of the next generation. 

The standard prediction 'of response in this situation is 

the product of the heritability estimate and the selection 

differential If the zero records are retained in the analysis, 

It can be deduced from Table 4.1 that the heritability estimate 
will be 	. 	. 

4pja 

! 	.... 	 6t 
20+40O 

regardless of the family structure of the flock. The resulting 

estimates for various values of q are shown in Table 7.1. They 
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are aeon to decrease considerably as the zero records become 

more prevalent. On the other band, the selection differential 

which can be represented as (25.. 20p)  will increase as q in-

creases. The predicted responses are included in Table 7.1 and 
i)lotted in Figure 7.1. 

The obvious alternative would be to delete the zero records 

before beginning the analysis. This step would lead to a pre.. 

dieted response of 1,5 eggs/period, whatever the proportion of zero 

roods in the flok, }1oever, UI OS the source of zero records 
has been removed, this value will over-estimate the obserred 

response as a similar proportion o aberrant records must be 

expected among the progeny, Thus, though 1.5. eggs/period correctly 

estimates the actual genetic improvement,, the observed response 

over the flock, a statistic of more immediate concern to the 

breeder, will be only 1-5p eggs/period. 	V  

TABLE 7.1 

The Effect at Zero Records an Predictions at Selection Response 
Proportion 	Heritability 	Selection Predicted Observed 
of Zero 
Records () 

Estimate 	Differ- 
ential 

Response 
(in eggs/ 

Response 
• period) 

.000 .300 5,0 1.50 1.50 

.025 .195 V 	55 1.07 1.46 

.050 .142 6.0 .85 1.43 

.075 .111 6.5 .72 1.39 

.100 .090 7.0 .63 1.35 
Constants: = 6 Population mean (excluding zeros)= .0 eggs! 

V
P  = 20 Parent mean =25 

period 
eggs/ 

V period 
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Figure 7.1 

The Effect of Zero Records on Selection Response 

population constants: j A  =6 
	o = 20 	= 20 eggs 

Selection differential = 5 eggs 

.01 	.03 	.05 	.07 	.09 

Frequency of zero records 

7.5 

- - - - - Observed response 	x x - Predicted response 
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Thus, we see from Table 7.1 and Figure 7.1 that predictions 

of selection response based on analyses which include low pro-

duction records may seriously underestimate the response, 

. particularly when these records occur fairly often... However,, it 

should be emphasized that the problem is not so clearly defined 

in practice. What may appear to be aberrant to one observer may 

seem perfectly reasonable to another. Arbitrarily removing all 

low production records may. introduce serious bias, especially if 

the distribution and frequency of the deleted records are ignored 

in subsequent analyses. 	. 	. . 	. 

In these calculations, it has been assumed that the egg 

production of sires could be measured. However*  if random 

selection of sires i  assumed, the responses included in the 

table need only be halved and hence the . relative differences 

remain. This complication has been Ignored as the foregoing 

discussion could apply equally well to traits measurable in both 

sexes. 	 . 	. 

7.3. The Effects of Measurement Eii'o.r 

Let us turn Our attention to the effects of errors of 

measurement. Although such errors could appear among traits 

such as egg production, they are much more licely among traits 

which arise from continuous distributions. Thus, in the examples 

to follow, we shall assume that a trait such as body weight is  

under study.. The . population constants which were adopted in 

Tables 4.2 and 4.3.  Will be used again, that is, the mean will be 

2000 and the heritability .5, the underlying phenotypic and 
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additive genetic variances being 40000 and 20000 respectively.. 

The selection rule is simple any individual with a measured 

phenotype exceeding the population mean by more than one standard 

deviation will be used as a parent. The difficulties introduced 

by sex differences will be ignored throughout. 

Suppose that proportions q and r of the phenotypes are 

measured incorrectly by 500 and +500 repectively, the case 

.. corresponding to Model Ii) of Table 4.3.. The results from three 

• combinations . f q and r where p = .98 	given in Table 

Amore comprehensive dew of the situation is shown in Figure 

72 where p is permitted to vary. . 	,. 	. 

TABLE 7,,2 	. 	 • 

The Effects of Ileasüremont Error on the Selection Programme 

Proportions Pz'oortiona Among Parents 	Selection Differential 
q •r. 	p' 	qI. 	r' 

	

.02 .00 	.. i.oxr 	•• 	H 	307 	752 

.01 .01 . 	.939 	.000k 	.061 	315 	762 	31 

	

.00 .02 	 .. 	.123 . 	323 	- . 	33 

Proportions. Apparent Selection 	. 	Response. 
Differentis]. 	. Predicted 	Observed 

	

.02 .00 	. 317• 	 141 	153 () 

	

.01 	 328 	 . 	146 	149 (149) 

	

.00 .02 	. 	339 .. 	. 	. 	151 	. 144 (136) 

N.B. 1,000 indicates a number less than 1.000 but greater than 
.9995. Similarly *000 indicates a number greeter Vian 0.0 
but less than .0005, 
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As an illustration of the calculations involved, let us 
consider in. detail the case where 2% of the measurements are too 

.laz'ge,thatis,whenr*.o2 and q1oo4 The mean ofthe 

population will be 2010 and the variance will be given by: 

+ prcP + NT 	 + 
	na 

or 34900 +V2-ro r(- 	+ (N.e 

the symbols of which were defined in Chapter IV. Unfortunately, 
this eprersion is dependent upon the numbers of individuals in 

the respective half sib and full sib families. }owever, if N 

increases and family size remains constant, the correlations 
between relatives become less Important in the total popuation. 

and hence the expected value of the variance approaches 4 + pre 
that is, 44900. For example, in a population of 50 half sib 

families, each consisting of 8 families of 5 full sibs, the expected 

value would be.. 44782. Thus we shall assume the variance to be 

44900. Note that this difficulty could have been overcome by. 

assuming a population composed of single offspring Aow paired 

matings but, under these circumstances, it would be impossible to 

estimate heritability using the analysis of variance. 

Recalling the selection rule, we see that the parents, 

henceforth referred to as the selected population, will be those. 

individuals with measured phenotypes exceeding 2222 

(2010 + (44900)*). Thus, since the aberrant and true values 

are distributed N(2500, 200) and N(2000, 200) respectively, the 
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proportion of each type represented in the parental population 

will be 

2" •= r(1 	())/(p(l..()) + 

= .123 

and p' 	 + 
.877 

where 1 is the cumulative N(O,l) distribution function. Although 

the aberrant values appear only infrequently in the initial 

population, they form a considerable part of the selected population. 

This trend becomes more notable as (jincreases, e.g., when 8% of 

the initial records are aberrant, almost 50% of the selected 

values will be aberrant. 

In order to determine the selection differentials of the 

aberrant and true records, we make use of a mathematical property 

of the normal distribution, namely that the selection differential 

SD can be written zu/p where z is the ordinate of the density 

function at the point of .truncatiou and p is the proportion 

selected. Thus, we have that. 

x 200 
aberrant 	

33 	 (7.1) 

and similarly that the selection differential of the true values 

is 323T 	These values, when added to the appropriate meas, 

give the means of the bberrant and true observations in the 

selected population, that is, 233 and 2323 respectively* The 
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apparent selection differential is obtained by subtracting the 

mean of the initial population from the mean of the selected 
population: 

SD apparent = (2533r' + 2323p'). 2010 = 339 

It Is this statistic which would be used by the breeder in the 

equation predicting response. However, we see from the actual 

selection differentials given above (33 and 323) that the apparent 

selection differential over-estimates the real selection pressure. 

The response to selection can be calculated by first 

determining the responses to be expected from the different 

selection pressures applied to the true and aberrant values in 

the selected population, and ii summing those results, weighted 

according to the proportions of each in the population, that is, 

p'(h x SDpropor) + r' (h2  x• SDaberraflt), 

.877 (.5 x 323) +,123 (.5 x,-33) = 144 

Although this result is relative to 1(2000) and not to the mean 

of the initial population, (2010), a similar shit can be expected 

in the mean of the progeny unless measurement procedures have been 

modified. Thus, the result represents both the observed response 

and the actual genetic response. However, if the source of error 

is removed in the progeny generation, the observed response will 

be only 134, though the genetic response is unaffected. The 

observed response when the progeny phenotypes are measured without 

error is enclosed in parentheses in Table 7.2. 
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The predicted response is given by 

X SD apparent •445 x 339 w 151 

where the estimate of h is obtained from the results of Model iv) 

in Table 42. Here we have assumed that heritability is estimated 

from the initial population using the analysis of variance. If the 

estimate were obtained independently from a population free of 

aberrant. values, it would be approximately .5 and consequently 

the predicted response near 170, a further increase In the 

discrepancy between predicted and observed response. However, note 

that if C = +500, the use of an unbiased heritability estimate 

would yield . a predicted response of 158 which is considerably 

closer to the observed response than 141, the prediction given 

in Table 7.2. 

The calculations in the other two cases which are included 

in Table 7.2 are similar to those outlined above except that case 

ii) involves two types of aberrant values.. Thus, for example, the 

truncation point and the heritability estimate must be determined 

using results in Table 4.3. 

Let us consider the results shown in Table 7-2,o and platted 

in Figure 7.2. The inclusion of downward abervanvalues, i.e., 

errors of —500, in the population has little effect on the actual 

response - not surprisingly, since few records of this sort will 

be included in the selected population. However, note that the 

selection differential of those which are included is very high, 

their effect being negligible only because of their extremely 

small relative frequency. Any change in the response as q varies 
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Figure 7.2 

Selection Response with Various Proportions 

of Aberrant Values 

.01 	.03 	.05 	.07 	.09 

-Values of (q+r) 
Response 

Legend: 	Aberrant type 	Predicted 	Observed 

Downward 	 + 

Upward. 	-.--.- 

Both (q=r) 
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may be attributed to a shift in the truncation point as the. 

parameter estimates change. On the other hand, as the proportion 

of upward aberrant values, i.e., errors of +500, in the initial 

Population increases,, the response begins to tail rapidly, an 

indication of the growing sector of the selected population which 

represents very little selection pressure, 

We see from ligure 7.2 that the predicted response i 

affected adversely by both downward and upward aberrant values, 

the difference between predicted and Observed reeponEe growing 

as the aberrant records become more common, in the case at down,,-

ward 

Own

ward aberrant values, the predicted response underestimates the 

óbserred response. Much of the difference can be explained by the 

low estimate of heritability. On the other hand, in the case of 

upward aberrant values, this bias in the prediction equation is 

ccnteracted by the inflated selected differential and hence we 

tend to over-estimate the observed response, Nate that the dia 

creaneies could be greater thwi those shown in the diagram it the 

source of measurement were removed in the progony generation, the 

observed responses would shift further from the predicted rsponaes 

In both cases. 

Figure 7.2 also shows that the predicted response is closer 

to the observed response when both upward and downward' aberrant 

values are included in the initial population* This result repre 

aents a fortuitous cancellation of error rather than any improve.. 

mont in the underlying mathematics, The adverse ettect at upward 

aberrant values upon the observed response can be seen clearly in 

this case as well.. 
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Let us conclude this section by considering the effects 

upon predicted and observed response of increasing magnitudes 

of measurement error. The results have been plotted in Figure 

7.3 for the two extreme cases, all aberrant values being either 

upward or downward, when the frequency of error is 21%. 

In the . case of upward aberrant values, two factors oppose 

each other 0in determining the selection responses As the mag. 

nitu4e of error increases, larger proportions of the aberrant 

records will be included in the selected population. Thus, there 

Is a tendency for response to fall as the selection pressure is 

reduced. On the other hand, the more extreme aberrant records 

W111.  inflata the estimates of mean and variance, and hence the 

truncation point will be shifted. Co 	equently, the true values 

are selected more intensely and the response will tend to increase. 

For smaller values of CO  the former predominates and the observed 

rsponse falls. However, as the magnitude of C4noreaaes, a point 

is reached by which most aberrant values are included in the 

selected population, e.gs, 97% when C a 600, and then the letter 

becomes more important and the observed response begins to increase. 

This upward trend will not continue indefinitely though, because 

as fewer true values are selected, their relative contribution to. 

the overall response will become smaller. 

In the case of downward aberrant values, the selected 

population consists almost entirely of true values, especially 

when the measurement error is large. Consequently, the increase 

in response must be attributed to the higher selection intensity 

among these values as the truncation point shifts. Because the 
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mean is Deduced as the magnitude of error increases, there is a 

slight reduction in response initially, the truncation point 

having been lowered. However, for more extreme values of CO  the  

change in the atndard deviation swamps that in the mean and the 

truncation point increases, 

We note from Figure 7,3 that the magnitude of Upward 

aberrant values has little influence upon the predicted response. 

This result arises because the increase in the selection 

differential as the magnitude of error increases is Compensated 

for by a corresponding reduction in the heritability estimate, 

their product remaining relatively unaffected, On the other 

hand, since the selection differential is not influenced to the 

same extent by downward aberrant values, the predicted response 

falls rapidly as the magnitude of such values increases. Hence, 

whereas the predicted response does not differ greatly from the 

actual response in the presence of upward aberrant measurements, 

the value of the prediction becomes questionable when extreme 

downward aberrant measurements appear. It should be emphasized 

that these results are conditional on the proportion of aberrant 

values in the population the predicted response would not seem 

as useful in the case of upward aberrant values if the frequency 

of measurement error had been 3% rather than 2%. 

Data Screening in a $EletiOn Programme 

We have seen that aberrant values can adversely affect a 

selection programme. it would be natural: in such circumstances 

to consider attempting to remove these values as a method of 
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I 	 I 	 . 
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Values of Icl, 
Response 

Legend: 	Aberrant type 	Predicted 	Observed 

Downward  

-Upward  

N.B. - For parameter values, see Table 4.2 
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alleviating the difficulties. We shall conclude the chapter by 
considering the consequences Of screening the data. It should be 

emphasized at the outset that the real aim of the breeder is to 

achieve genetic improvent in his population; to obtain satis-

factory estimates of response is of secondary interest Only. Hc 

ever, inasmuch, as 'poor estjmate ot response may lead to faulty 

decisions concerning the programme,, the latter consideration can be 
important. as well. 

It has been shown that downward aberrant values have little 
influence on the genetic improvement, Hence, it is unnecessary 

(end in some instances, unwise; see Figure 7.4) to screen data 

which include dowrrwaz'd, aberrant values before selecting the 

parents. However, as low estimates of heritability obtained from 

such data lead to predictions which under-estimate response, it 

could be advantageous to screen the data before estimating 

heritability. 	' 

On the other' hand, we have 'seen that the presence at upward. 

aberrant values can retard genetic improvement from a. selection 

programme. Thus, it is important, wheievr' possible, to remove 

t hese values from the population before selecting, However, 

excessive or inappropriate screening, rather than improving the 

situatiofl, may serve to impede genetic improvement even further 

(see Figure 7.4), Note also that screening will tend to increase 

the heritability estimates and hence increase the bias in the pre-

dicted response unless the aberrant values are removed from the 

selected population, the selection differential thereby being 

reduced, ' 	 , 
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As an illustration of the effects of excessive data 

screening upon genetic improvement, let us consider again the 

population defined in Section 7.3. in order to simplify the 

computations, we shall assume that all individuals with pheno. 

types exceeding 2200 are selected as parents. Now, su pose that 

we screen the data using the observed value method, rejecting,  

any observation which lies more than 2.5 standard deviations 

from the population mean. 

Under these assumptions, the calculations are relatively 

straightforward, the only difficulty being to determine the 

proportion and mean of the observations included in the selected 

population after scDee2ting.. As an example, consider the calou 

latiorts for the true records. If we denote the proportion of 

true values which exceed 220O by pj with mean RD,and the 

proportion rejected as being too large by pi with mean 	then 

the mean of those included in the. selected populations after 
p'! IM 

screening will be Z. 
1 

where pi 3. -21(
2200-200(Z). and pt 	I 	(19), K being the 200 

out-off point in the screening process. The values of 21 and-22  

may be obtained from *7.1) and thus !3  may be detennned elicit1y. 

A similar process may be used to obtain the mean of the aberrant 

values in the aelecte4. population. The remaining steps fleceaaary 

to calculate the genetic response (or equivalently, the observed 

response when the data from the parent and progeny generations are 

screened similarly) are the same as those outlined earlier in 

Section 7.3. 



7.17 

Figure 7.4 includes the results for downward and upward 

aberrant values, the responses with and without screening having 

been plotted for increasing magnitudes of error. Table 7.3 shows 

the proportions of true and aberrant values which have been 

included in the selected population. 

TABLE 7..3 

Proportions of True and Aberrant Values Included in the 
Selected Population 

Tale (Aberrant 
C 	 Unecreeneci Screened Unscreened Screened 

a) Downward aberrant values 

+100 .159 .152 .067 .065 
*400 .159 .153 .001 .001 
*700 .159 .155 .000 .000 

+1000 .159 .157 .000 .000 

2,) Upward aberrant values 
-100 .159 .153 309 .287 
-400 .159 

* 	
.154 .841 	' .579 

-700 .159 .156 .994 .253 
-1000 .159 - 	.158 1.000w  .032 

A danger in attempting to remove downward aberrant values 

is apparent in figure 7.4... Owing to superior phenotypes being 

rejected as aberrant, the response to selection from the screened 

data in considerably lower than that from the unacreened data, 

even though relatively few true value's are lost. On the, other 

hand, the screening proóodure proves beneficial in processing 

data which include upward aberrant values when the magnitude .of 
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error eceeda 500. Although some true values will be rejected in 

such cases, most aberrant values are removed from the selected 

population and hence the selection pressure is increased. The 

lower response for values, of C less than .500 may be attributed 

largely to the rejection of superior phenotypes but also to the 

aberrant values which escape detection, their true phenotypes 

being inferior to those of the abevrant values which were 

excluded. 

Thus, we see that screening may be advantageous in certain 

circumstances, but in other .situationa, it may reduce the effective. 

nose of the selection programme. It should be emphasized that the 

foregoing example was chosen for its mathematical simplicity. 

The observed value method is a poor screening tool for this type 

of analysis; the combined method, for example, could be expected 

to improve the results considerably. 
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CAPTR VIIX 

Relatives 	the Parent Population: ASource of Bias in the 
Estimation of variance,SpMonents 

8.1, Introduction i 

For the past several chapters, we have been studying some 

of the difficulties which arise in the analysis of genetic data 

when aberrant values are included among the data. However,, even 

when the data are perfectly acceptable, problems may still be 

encountered in analysis owing to limitations in the techniques 

themselves. T-wo such cases will be considered: the first 

pertaining to estimation and the second to hypothesis testing. 

In this chapter, we examine the bias in the estimates of , variance 

components from the analysis of variance when individuals in the 

parent population are related, a situation which must arise in 

many breeding experiments because the choice of parents is 

limited. in the next chapter, we shall look into some of the 

statistical, limitations of a procedure proposed by Herat (1968) 

to test for evidence of major gene effects. 

8.2. The Statistical Model and Hinkelmana's Approach 

We have defined the statistical model for the hierarchical 

mating structure in Sen 4.1.. In this cIpter, we shall 

assume that the data are free of aberrant values, that is, 

q 	0. Included among the assumptions of this model are 
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= 	ifi= 	. 	E(jjk1) 	d 	k, j = 1 

0 otherwise 	. 	. 	0 otherwise 

and E(cifrkl)=  0 for all i, k, 1. 	 (8.1) 

where ai  and ii represent the sire and darn components 

respectively. 

Unfortunately, these assumptions are valid only if the individuals 

in the parent population are unrelated, the covariances between 

relatives being greater than zero. otherwise. 

This problem has been examined in some detail . by 

Hinkelmami (1969) who considered a parent population in which 

a) There was no inbreeding.- 

b') 

nbreeding. 

b) The dams in the population could be related but the 

sires were unrelated. 

The sires were not related to the dams. 	. 	. 

There existed no epistatic effect, i.e., the genotypic 

value could be expressed as the sum of the additive 

	

and dominance effects. . 	. 

The intention here is not to repeat the derivations using a 

different set of assumptions but rather to deternine the effect 

this obstacle may have on estimation in practice by using examples 

from the Edinburgh and Ottawa data. However, before we can 

proceed, some groundwork must be laid. 

8.3. Some.Modifications to Hinkelrnann'a Model 

Clearly, assumptions b) and c) above are unrealistic in 

many practical situations including our own because both sires-  
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and. dams must be chosen from the population at hand. The only 

complications arising from the removal of these restrictions 

are the possibility of matings between related individuals 

and the appearance of varying proportions of the dominance 

component in the covariancos between families. 

We shall overcome the first difficulty by assuming that 

all. matings are beteen unrelated individuals. This assumption 

is not as restrictive as it might appear because both full sib 

arid half sib matings have been avoided in the Edinburgh and 

Ottawa flocks. Unfortunately, these precautions will not prevent 

the mating of double first cousins, a mating which will cause 

the same amount of inbreeding as a mating of half sibs. However, 

there were very few first cousin matings in the two flocks (see 

Section 8.6) and thus the-it effect will be minimal. 

The second difficulty can be resolved simply by assuming 

that there is no dominance effect, i.e., 4 o0. Admittedly, 

this assumption is questionable but. there is little evidence 

that such effects are of manor importance-in. the traits of 

interest, that is, egg production and body weights. in poultry. 

For example, inKirmey's (1969) collection of published 

heritability estimates from these traits, there are many 

instances where the estimates from the sire component exceeds 

those from the dam component, an uilike1y eventuality If 

dominance were very important. Thus, :In  order to avoid consider-

able mathematical difficulties, we shall assume that 4 = 0. 

For the remainder of the chapter, we shall adopt the model 



which allows tor any relationships in the parent population but 

Includes the additional assumptions that each mating involves 

unrelated individuals and that 4 = o. 

8.4. The Expected Mean Sums at Squares 

The derivations, at this section Will proceed without reter 

ence to any possible maternal effects. This complication has 

been ignored owing 'to the' difticulty.. in defining the covariance 

between the maternal effects of. related dams. However, the sire 

and dam components will not be pooled as a precaution against 

this, possibility. Comments regarding the consequences of such 

effects upon the analysis are included later in the section.' 

Under the assumptions di.cussed in the previous sections, 

it can be shown directly from definition. (see itthelmann' a paper) 

that 	... 	. 	. 	 ' 	.. 	. 

and E( 	Ø)=*R(ii;kl) 	' 

where R( ; ) denotes Wright's coefficient of relationship. 

Since R(i,i) = 1 and as = *a 	a, we obtain directly from 

expression (8i) that  

E($jji). = R(ii;kl)cr : . 

for all i,j, 	 for a).]. 13 and Id 

and E(jk1) = *R(i;kl)o 	(8. 2) 

for all .1, and Ic).. 

the third expression depending upon the assumption that the 

genetic covariance between individuals of different sex is 

identical to that between individuals of the same sex. Note that 
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= 0 for all i,j 	 (8.3) 

TABLE 8.1 

The Analysis of Variance 

Source of Variation 

Between sires 

Between. dams/sire 

Within family 

d.f. 	E.M.S. 

8-I' 	a2  + Kc +01- d KY — eA 

D-S . .ao  + 

ND 	CF2 

e 

N.B. — Notation similar to that of Table 4.1 

because each mating is assumed to be between unrelated 

individuals. 	. 	. . . 	. 

We can determine the expected mean sums of squares in the 

analysis of variance by employing techniques simi1a' to those of 

Chapter IV with. (8.2) and (8.3) replacing (8.1) in the standard 

model. The symbols K, X, K and 4 will be used to denote the 

coefficients on the items in the expected mean squares as 

:illustrated in Table 8.1. As an example of the calculations 

let us consider Ef(n)]. We have that 

= i. ij+E iSk 

= 

= 

=ni2+x2+n.nii.kR(ij;ik)a (using (8.2) and (8.3)) 



W. 

... EEE(Y jn1  )] 	
2 
Na+ S + (E(Enn1 R(ij; ik))/n )c 

Similarly E[E(Y2/n11)]  z. Ni2  + Na + Na + 

Thus, the expected mean square for "between dam/sire" is. 

Er E- 	 + 	(N -E -E njjnlkR(iJ;ik)) 

from  which we. see that 	. 	. 

Kli 	(N1 	njjnjkR(iJ;ik)) 	 (8.4) 

Using a similar appz'oath with the expected mean square for 

"between sires", we obtain 

K 12  = 	-- 	njJnjkR(ii;1k) 	fj R(ii;kL)JnK,'  (8.5) 

T (N - 	ni.n3.R(i;i)) 	. 	•. (8.6) 

( En.,,R(i;jk)) . 	.. 	(8.7) 

_--- 	? 

Unbiased estimates of the variance components may be 

calculated byusing these coefficients in place of the standard 

ones from the hierarchical analysis. The .existence of a 

maternal effect is unlikely to affect the estimates apprecIably. 

As an illustration, let us consider theconsequences• df the 

effect We determined environmentally, that is, the cávariance 

between the effeotsof related dams were zero. In this instance, 

the appropriate coefficient on the variance component for 

maternal effect would be K1  from the standard analysis and hence 



the expectation of the estimate of the darn component would be 

+ (K1/K)a, 0'0  denoting the variance of the maternal effect. 

Since.Kil  <K1, the estimate of o ( *4+) will be too large OM 
However, as we shall see in Table 8.2, K1  and Kj differ only 

slightly in the Edinburgh and Ottawa designs and thus the bias 

is unimportant. Note that in cases where the maternal effect 

is determined in part.geneticallyj  the bias will be smaller. 

Although it is possible to evaluate the coefficients 

K, K, etc. directly from the mating structure, this process 

would be laborious as it would require determining the coefficient 

of relationship between each pair of individuals in the parent 

Population* For example, if the parent population consisted of 

80 ,sires and 160 dams, 28680 values of R.(; ) would be required, 

most values of which would be zero. Fortunately, much of this 

effort can be avoided if advantage is taken of our method of 

assigning individual code numbers (see Sectjön 2.0. . As the 

complete algorithm is too complex to be descrbed in detail, 

only an outline of the process will be included, below. 

8.. An Algorithm for Computing the Coefficients Kj, K, K 
and KJ. 	

0 

Using Flock (1967) as a reference, Hinkolmann (1969) claims 

that ",..itis in general sufficient to consider only half-sib 

and ±11sib relationships between dams (parents in our case) 

since other types of relationships occur iéldbm and do not 

contribute substantially to the average coefficient of relation-. 

ship" • However, his contention regarding the frequency of the 

relationships would appear . unrealistic in our case - the presence 
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of full sibs and half 'sibs among the parents of generation n is 

almost certain to assure the presence of first cousins among 

the parents of generation. n+1. Since first cousins can be 

readily recognized from our tape reäoids as we shall see 

shortly, we will take the additional precaution of considering 

this relationship in the calculations. More remote relation. 

ships will be ignored. 

Let us suppose that the ana]sis of. variance is to be 

• applied to measurements from the 1962 progeny. Although we 

are interested in relationships between the parents, i.e., 

birds from the 3.963. flock, the algorithm calculates the 

coefficients using the code numbers of the grandparents, i.e., 

birds from the 1960 flock. These values are obtained from the 

sire and dam records as the programme reads through the 1962 

data set. They are broken down into their three Lntegral 

pare, corresponding to the sire, .d&/sire, and progeny/dam 

number (see Section 2.6). These integers serve as addresses: 

to location in two arrays, ND(i,J,k) and NS(iO 3,k) which 

represent the  parents of dams and sires respeotve1y. Since the 

code number of an individual is unique, the only way in-which  
13 locations in either arry can be a 	more than once is 

through the use of the same individual as a parent of more than 

one dam or sire. • The dimensions of the array are determined by 

the family structure in the grandparent generation (1960 flock 

in the exainle): i being the number of sires, 3 the maximum 

number of dam/sire, and k the maximum number of progeny/dam. 

The locations in the arrays are set initially to zero and changed. 
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only if they are accessed. In such cases, the locations are 

used as pointers to information continued in other arrays which 

is relevant in calculating the coefficients, 

Now we note that. the coefficient of relationship between 

individuals V and W with parents v5, Vd and ws, w respectively 

can be written 

R(V;W) a ((v;w5).+ R(vS;wd) +R(v;w) + R(vnQ) 	(2,8) 

For example, in the case of full sibs from unrelated parents, 

we have that 

R(V;W) i( i+.O.O+l) 

If expression (8.8) were substituted into (8.4) - (8.7), the 

coefficients could be calculated using only relationships among 

the grandparents. furthermore, the order in which the 

summat'ons are carried out is unimportant 'provided that the 

appropriate values of n4
, i , n , etc. are used. The two arrays 

J  

N$ and ND shorten these calculations . considerably because the 

only relationships included in the summations are between 

individuals represented in the same row of the arrays, that is, 

grandparents from the same sire, any more distant relationship 

resulting in at best. second cousins in the parent generation. 

Thus, the algorithm can deter-mine the values of the coefficients 

by simply scanning NS and ND for non-zero entries, and, each time 'm 

one is found., noting how often the location has been accessed, 

searching through the other locations of the row for possible 

relatives, and adjusting the simuations accordingly, 
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Although this procedure requires more manipulation of 

inforniation than does the straightforward approach, it requires 

many fewer logical comparisons, a slower operation by computer, 

and consequently executes more quickly. This difference becomes 

more important as the number of sires in the grandparent family 

structure increases, that is, the number of rows of N$ and ND 

increases. Note that the execution time of the algorithm could 

-be re4uced substantially if only sib:relationsbips among the 

parents were considered as each nonzero entry in NS and ND 

could. be processed independently, other non-zero entries in the 

same row representing first cousin relationships. 

6.'6. Examples from the Edinburgh and Ottawa Data 

Table 8.2 contains examples of the analyses from the 

Ottawa and Edinburgh control lines and from one Ottawa selected 

line. The choice of examples has been restricted by the 

necessity of including three consecutive generations in order 

to establish first cousin relationships but there is no 

evidence to suggest that analyses from other data sets would 

differ greatly from these. The analysis from the selected line 

has been included to illustrate the changes when only a limited 

number of familos contribute to the parent population. The 

results in this case should be considered approximate because a 

substantial proportion of the matings were between related 

individuals. However, we shall see shortly that the control 

lines, particularly those from Edinburgh, are not free of this 

problem either. 
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TALE 8.2. 

Estimates -of  Varian" Components and Heritability after 
Adjusting for Re1atioiips Among Parents* 

- Line 40 
- 

--2E- 5E- -  
---- 

50.70 
:- 	--- 

Year - 	1962 -1962- 1968. -1968 1968 

Variable BW44 BW44 B365 - 	 65 - 	- B365  

6.09 5.28 3.34 1.76 4.39 
3.98 5.15 3.34 1.73 4.27 

- K2  7.08 6.3 4.18 1.97 4.87 

- 	K 6,97 	- - - 	6.15 4.13 1.93 - 	- 4.26 	- 

- 	K3  22.37 1527 9.47 - 3.02 43.62 
- K .22.07 15.17 - - 9.45 -- 	5.01 .41.83 	- - 

K4 .452 .254 .068 .035 1.73 

- 	

-- 4671 	- - 5893 	- 

• 

281.0 - 	651.3 	- 947.7 - 

Adjusted 4829 - 	- 	5919 	- 2.0, - 	660,7 1040.3 - 

5342 10336 1323,2 755.9 722.7 

Adjusted 5442 - 10812 1323,2-. - 	-756.7 742.7 

.447 .533 	- .167 	- .440 .427 
Adjusted .459 .531- 	- .173 	- - 	6443 	- .463- 

-'fd  .511 	- .932 	-. .788 .10 .326 
Adjusted - .518 - 	,970 	: . - *787 - 	.510 - 	.330 

- 
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It is impossible to obtain an estimate of as directly 

owing to the additional covariance term in the sire ecpOcted 

mean square (see Table 8.1). Since as  and the covariance are 

both equal tothe te have been pooled to provide a àir'lè 

estimate, denoted by '& adjust edt! iü Table 8.2. Althàugh this 

step may seem unappealing, the only alternative would be to 

consider an estimate of io, an unsatisfactory approach it 

there were a maternal effect. 

It seems clear from Table 8.2 that the bias introduced,  

by related individuals in the parent populations of the control 

lines is unimportant, the largest change in a heritability ,  

estimate amounting to less than 4%. In one exairpie, that from 

Ottawa line 5, there wore no instances of related females being 

mated to the same sire and hence the coefficient K1  and the 

estimate od remain tinchanged. These results are not surprising 

in view of the method Used to choose the parent populations I 

the control lines, that is, each sire contributes another sire. 

and each darn another dam whenever possible. However, even in 

the example from the selected line, the changes in the heritability 

estimates are email, the sire and darn component estimates 

changing by approximately 9% and 1% respectively,* it should be 

noted that the selection pressure has been relatively weak in 

this line  owing to an attempt to, maintain a large gene pool in 

the population and thus fewer relatives appear in the parent 

population than might be expected under more. Intense selection 

pressure. 
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The Froquency of Matings between Related Xndivi duels 

In order to examine the validity of our assuming all 

matings to be between unrelated individuals, each data set.. 

used in table 8.2 has been screened for e%ceptions,L. Table 8.3 

records the numbra at : matings between related individuals  in the 

five datasets, classified according to the àoef.iicients of 

relationship between the mates. In the first 8ection of the 

table, only sib and first cousin relation pe have been 

considered as other relationships cannot be identified in the 

Edinburgh iet. However, aeóoni cousin relationships can have,. 

coefficients of relationship as high as • 1Z, Hence, the process 

has been repeated with the Ottawa data, incorporating information 

on common great-grandparents.—  The result appear in the second 

section of the table, Although the additional step has proved 

unnecessary in the control lines, it has revealed that the 

individuals in most matings of the selected line have at least 

one great-grandparent in common, though the coefficients of 

relationship in general are small,, This, result reflects the 

fact that only a limited number of families contribute to the 

parent population in each generation. 

It can be seen from abl 8.3 that the mating of related 

individuals, even $econd cousins, has been avoided .almot 

entirely in the Ottawa control lines, there being but one 

important exception in 42 matings. However, the same cannot be 

said of the Edinburgh lines.* là fa.0t#:'if only sib and first 

cousin relationships are considerd, the proportions of related 
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W., 
The Frequency of Natings Between Related Individuals 

(In the Data Sets of Table 8.2) 

Line 2E SE 0 70 40 

Year 1962 1962 1968 1968 1968 

Number of 4atings i% 104 207 221 393 
a) Sib and First Cousin 

Relationships 	,... 	. 	. . 	. 

Related Matings 19 14 3. 0 65 
Coefficient of Relationship 

.5 1 1 0 0 0 

.25 2 3 1 0 0 

.125 32 o 0 4 

.0625 13 8 0 0 61 

b) Including Second Cousin 
Relationships 	. 

Related Matings 3 3 383 
Coefficient of Relationship . 	. . 

0.. 1 

.12•-.18 0. 0 14 

07 	.12. 	. 0 .• 	.0 .65 

,•Q4.,07 	. 	 . 
. . 0 137 

2 3 166 
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matings in the two Edinburgh lines and the selected line are 

similar, Furthermore, each Edinburgh line includes several sib 

matings. Even so, the low frequencies in Table 8.3, especially 

for larger coefficients of relationship, suggest it unlikely 

that the analyses of Table 8.2 (excepting possibly that of the 

selected line) will be affected. seriously by matins of related 

individuals. 

8. Theoretical Examples of Bias 

We have seen that related individuals in the parent 

populations introduce very,  little bias into the estimation 

of variance components from the Ottawa and Edinburgh data. 

However, this will not be true in every . case. For example, 

Johanson UndKd±rnan (1950) 0, and look (1967) have obtained 

estimates of .22 and .16respectively for the average coefficient 

of relationship between dams mated to the same sires in 

particular experiments. These values tou1d produce considerable 

bias in the estimates of 	and o if the coefficients on these 

terms in the expected mean squares were not adjusted aàcordingly. 

However, values of such magnitude are improbable in closed 

populations unless considerable inbreeding has occurred and then 

the theory of this chapter is inapplicable. 

Table 8.'4 gives the appropriate coefficients in the: 

analysis of variance for four extreme cases, The notation has 

been simplified by assuming constant. family, size, that is, n 

progeny per dam. audd dams per sire. In the first two cases, 

the estimates of will be only half their unbiased values it 
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TABLE 8.4 

Examples of Adjustments to Coefficients in the Analysis 
of Variance 

Coefficients 	 4 
Cases 

	

Standard values n 	n 	na 	o 
FnU sib dams mated to each sire* 	fl(3•4) ad 	Q 

All dams fuLl ibs 	 n 	nd 	0 

All sires full sibs 	 n 	fl 	Ind 	0 

Each sire and d dams full sibs 	n 	 nd --- 
2(s-1) 	2(s-l) 

* 
All other individuals assumed to be unrelated in each case 

Estimators: a 	(Sire M.S. 	 / ( 1 	 ) 

= (Dam/sire X.S. - Within family ,S.) 

the standard coefficients are used. furthermore, the estimates 

of 0 will be too large, particularly in the first case where 

the coefficient X is much smaller than its correct value K. 

Consequently, the parameters o and a are equal, and yet there 

will be a considerable difference between the expected values of 

their estimates from the standard analysis. In the last two cases, 

the estimator 4̂  is unaffected but the estimator 	will be 

biased unless the appropriate adjustments are made to the 

coefficients. Note that the fourth case is not especially 

extremes the coefficient K. is appreciably larger in the 

analysis of the Ottawa selected line see Table 8.2) than would 
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be suggested by this expression, that is, 175 compared to 
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CHAPTER IX 

Critical Study of Merat' a Procedure for Identifyiri 
taior' Gene, Effects 

In the last chapter, we examined possible bias in an 

estimation procedure commonly applied to genetic data. We now 

turn to the question of hypothesis testing, considering some 

weaknesses in a. procedure proposed by Merat (1968) to screen 

genetic data for evidence of major gene effects. The technique 

has been gaining favour among geneticists and several examples 

Of its application appear In the literature, e.g., Hammond and 

James (1970) and Merat (1971). Unfortunately, there are 

statistical difficulties inherent within the procedure which 

make) its value questionable. We shall consider .s number of 

these problems, using the results from a simulation study to 

illustrate their effects. 

94. A Description of the Procedure 

The .test can be applied to the data from a hierarchical 

design at two levels, within dam families and between darn 

families/sire, but we shall be concerned only with the within 

family analysis. It is assumed throughout that the environmental 

factors are randomly distributed among genetic groups. Morat 

notes that major gene segregation will cause heterogeneity of 

within family variance because the families in which the genes 

segregate will have a much larger variance than those In which 

they do not. Hence, he proposes to use a procedure such as 

Bartlett's to test for heterogeneity of within family variance. 
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However, since heterogeneity can also be caused by a relatively 

large number of genes, each with equal effect, this test can be 

used only as a preliminary indication of major gene effect. As 

a second step, Merat proposes, to separate the residuals, i.e., 

deviations from family means, into two groups, one containing the 

residuals from families with large variances and the other the 

residuals from families with small variances, the demarcation 

between large and small variance having bOn determined 

arbitrarily. It is hoped that all families in which major genes 

segregate will be included in the large variance group. Both. 

groups are tested for symmetry and kurtosisusingFisher's g1  and 

92 statistics. Evidence of non-normality in the large variance 

group and normality in the small variance group is taken as an 

indication of a major gene effect, the non-normality presumed 

to be caused. by these genes. 

It is assumed that the data set is large enough to 

assure sufficient numbers in .the two groups to justify the use of 

the 92 statistic. This assumption will help to overcome the 

obvious difficulty that deviations from family means are not 

independently distributed, the correlations becoming less 

important in large samples. 

9..2. The Simulated Data 

Before proceeding, we . should consider the simulated 

data which will be used in this chapter. Forty replications 

were generated, each one consisting of 500 sets or families of 

random N(O,.5) variates. The number of observations per set s 
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allowed to vary so as to represent unequal fatly size.: the 

underlying distribution being Poisson with A = 10, However, 

sets of less than two and more than twenty members were avoided 

facilitate the computing and analysis. Thus, each replication 

corresponds to a population of approximately 50.00 individuals 

from 500 families in which there is no genetic or..eñvirontnertal. 

differences between families. . 	. 	.. 

The algorithm which produced the random normal variates 

of Chapter VI has. been used to generate these data, The 

Poisson variates were obtained from a modified version of an 

algorithm for generating discrete distributions which is 

described in Newman and Odell (1970) for. the binomial ditr.i-

but.ion.. Although a more elegant approach is suggested in the 

same text, this one has been adopted as it is very efficient, 

requiring only a random number and the inverse of' the cumulative. 

= distribution function to produce a pseudo Poisson variate. The 

results from the algorithm seem satisfactory as can be seen in 

Table 9.1 which gives the expected and observed frequencies of 

family size over the forty populations,.. The expected values 

have been obtained from the truncated Poisson distribution.. 

= 	.. 	. 	 Table 9.1 	' 	.. 

Distribution of Family Sizes over the 40 Populations 

Family 	2-6 7'8 9 	10 11 12-13 1447 18c 	Average 
size 	 Population 

Size' 
Expected 	2598 4062 2507 2507 2280 3361 2430 254 	5000 frequency 	 . 

Observed 	2574 4010 2516-2480 2384 3385 2395 256 	5001 
frequency 
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The groupings in Table 9.1 have been chosen for their 

convenience in presentation and may not appear to provide a 

sensitive test of the distribution. However, the xs  goodness-

of-fit value from the ungrouped data is only 17.46 

(P(48<17.5) = .489), further evidence of the satisfactory fit. 

. Limitations in Bartlett's Test 

Let us begin our appraisal of. Mérat' a procedure by 

considering the use of Bartlett's teat in. this instance. It is 

well known that Bartlett's test is not robust under departures 

from normality,., see Box (1953), for example. Merat notes this 

difficulty and suggests applying more robust techniques in such. 

circumstances. However., if, in the second stage of the procedure, 

we are prepared to accept Merat' a. contention that non-normality 

is evidence of a major gene effect,: then the rejection of the 

null hypothesis, "by Bartlett's test owing to non-normality 

should lead to the 'correct' conclusion concerning major gene 

effects. The question of robustness does not appear to be an 

issue. 	. 	. 	 . 

Since Bart1e't's test is recommended only as a 

preliminary screening technique, the principal concern should be 

that the test yield significant results whenever major genes 

segregate. Let us 'consider the power of the test in a simple 

situation where one major recessive gene segregates, all other 

genes having only minor effects. 

The simulated data were modified to represent this case 
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aa follows: first, the genotypes of imaginary "parents" were 

determined for each family (set) by sampling from the multi-. 

nomia]. ditributiOn and then, the genotypes of the "individuals"  

in. the family were determined by sampling from the frequency 

distribution appropriate to the "parental" genotypes. Whenever. 

a recessive homozygote appeared, the corresponding observation 

was adjusted to the extent appropriate to. the gene effect. The 

entire process was repeated four times using different frequencies 

of the recessive allele. In each case, the 	statistic was 

determined for three different magnitudes of gene effect. 

Table 9.2o 

The Frequency, of .Significant Results from Bartlett's Test 
(Over 40 Populations) 

Significance Level 
	

5% 
	

1% 

Magnitude of Gene Effect .1 .5 1.0 .1 .5 1.0 

Frequency Proportion -m., 552.8) 575,7) 
of Recé Recessive 
asive Homozygous CD CD Allele 

.1 	. .0097 4 4 6 2 2 3 

'.0399 	. 	'' 4 4 15 2 1 3 

.4 .186 4 9 30 1 1 21 

.5 .2494 4 . 	7 30 2 3 22 

Table 9.2 presents the numbers of significant results 

at the 1% and 5% levels from Bartlett' a test under each combi 

nation of gene effect and allelic frequency. The proportion of 

observations designated as recessive bomozygotes in each case 
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is also given. 

It should be noted that the X2  statistics from four 

populations were significant at the 5% level (two at the 1% 

level) before the gene effect was introduced, Although four 

significant results in forty replications is unusual, the 

probability of such an event is .09, not sufficiently small 

to warrant our reconsidering the simulation process. If the 

results from these populations are disregarded, Bartlett's test 

has-been notably unsuccessful in detecting gene effects of .1 

and .5 units. Even effects of 1 unit, i.e., approximately 1.5ci, 

are identified consistently only when the recessive allele Is 

relatively common... Under the most favourable conditions 

considered, the test fails to detect the gene effect in ten 

populations. 

Complete dominance has been assumed in this example 

but, similar results should be expected from other models of 

genetic action. As an illustration, Table. 9.3 compares the 

expected within family variances, classified . according. to 

parental genotype, from a model assuming additive genetic effect 

with those from the model used above. The expectations have 

been obtained by using the results of Chapter IV. Although more 

within family variances are influenced by an additive effect, 

the biases. are more extreme in the case of dominance. Hence, 

a measure of the heterogeneity of variance in the two cases is 

unlikely to differ greatly. 



Table 9.3 

Expected Within Family Variance under two Models of Major 
Gene Effect. 

9.7 

Parental Genotype 

AAx•AA 

AA.xAa 

.AA x as 

As x As 

As x as 

as x as 

Frequency 
of Mating 

(Random Mating) 

p4  

4p3q 

2pôcô 

4p.qa  

4pq3  
q4  

Expected Variance 

Additive 
Complete 
Dominance 

as 

 

aa 

+ ae + 

as + ,, 

CFO as  

where p denotes frequency of A allele; G the difference between 
the genotypic values of the homozygotes. 

Therefore, we may conclude that in general Bartlett's 

test will boa reliable indicatonly of-very large gene 

effects, a condition which .the geneticist is likely to note 

without elaborate statistical techniques. 

. Bias Against Large Families 

Because estimates of variance become more variable as 

sample size decreases, we should expect extreme estimates of 

within family variance which occur by chance to appear in small 

full sib families. Thus, there is the inherent danger in Merat's 

procedure that small families with little evidence of major gene 

effects may be included in the large variance group while larger 



families with substantial evidence may be excluded. 

Let us consider an example taken from the total egg 

production records of Ottawa line 5 (1967). This particular 

variable has been chosen because large differences appear within. 

some families owing to the poor production of one or possibly 

two sibs. Although it is C:' ikely that these . differences are 

determined by environmental factOrs, the effects resemble those 

of a major recessive gene. 	. 

The full sib families in the population have been 

grouped according to. size; the Intermediate sizes will not be 

considered as they add little' to the example. Figure 9.1 

contains the plot,for each family size, of the maximum absolute 

residual per family against the corresponding within family 

variances. The diagrams have been limited to variances which 

exceed 02000. The absolute values have been used because,,, 

though the. majority of extreme residuals are negative, there 

are several instances of extreme positive values. The dotted 

lines in the diagrams represent the approximate 1096 signifi-

cance level for extreme absolute residuals (see Grubb (1950)). 

Figure 9.1 illustrates several important results. 

First, while the within family variances of small families 

serve as an accurate indicator of extreme residuals, those of. 

larger families are much less reliable. For example, two 

families of six sbs, with variances of 8267 and. 5300,  both have 

maximum absolute residuals of 142. Secondly, for a given 

variance, the larger families are more likely to contain 
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"significant" residuals. Families of 2 or 3 sibs with 
variance 2000 are of 'little interest and yet families of 6 or 7 
sibs with the same variance contain rather extreme residuals. 

The residuals from six families with variances of approximately 

2000 are shown in Table 9.4. The larger families can be seen 

to contain more conclusive evidence of a major effect. 

Table 9.1  
The Residuals of Several Families with Variances of Approximately 

2000 (from TØTØ  Ottawa, Line 5 (1967)) 
Family Size Variance Residuals 

• 2084 32.2 	-32.3 

3 2013 51.5 	-21.0 	-30.5 
4 2025 48.0 	-15.5 22.5 -55.0 
5 1955 33.1 	22,6 	-22.4 -67.4 34.1 
6 1930 9,5 	-82.0 -LO .2.5 23.0 	48.0 

7 2086 15,3 	26,9 2.1 7.9 36.3 	15.3 -99. 

Thus o  when family sizes are unequal, it would seem that 

grouping families according to their variances is an unsatia-. 

factory method of isolating the families in which major genes 
segregate. 

Bias in the 92  Statistic 

One of the baió premises of Mérat's procedure is that 

the expected value of the 92  statistic from the large variance 

group will be zero in the absence of major gene effects. As 
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justification of this premise, I4erat uses the result that 8e 

and g2  from a random sample of the normal distribution are 	/ 

independent. However, since the process of forming the large 

variance group is not random, the result need not hold and the 

• expected value of the 92  statistic need not be zero. 

The extent of the problem can be illustrated by using 

the large variance groups obtained from the simulated populations. 

We shall consider the effect on the 92  statistic as the proportion 

of families which are included in each large variance group is 

reduced, that is, the selection intensity is increased, However, 

varying the selection intensity implies varying the number of 

families included in the group's  an undesirable result 88 the g2  

statistic is greatly dependent on sample size. In order to 

avoid this difficulty, the four selection intensittes have been 

represented by choosing the thirty families, with the largest 

variance from among progressively larger sectors 'of each 

population, ie., from among the first thirty families (100%), 

the first hundred families (30%)1, etc,  The g2  statistic has 

been calculated in each case and the standard t test applied 

(see Snedecor (1959)). Since there were no underlying differences 

between family means in the data, observed values have been used 

in the calculations rather than residuals. 

The distributions of the t values from the four 

selection intensities are given in Table 9.5. When all families 

are included in the group, there are 16 positive. and 24 negative 

t values, a perfectly credible result. However, as selection 
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Table 9.5 

Distribution of t Values from the 92  Statistic of Large 
Variance Groups 

(Over 40 Simulated Populations) 

Intensity of Selection 	100% 	30% 	 6% 
Range Of t Values 

KA 

-1.0 -45 

-.1.5 -.1.0 

-.2.0 

Average Group Size 

16 2. 1 0 
3  

4 p 

9 2 3 2 

6 16 9 18 

0 11 14 10 

0 6 9 10 

294.7 293.2 278.4 25910 

pressure is increased, the values tend to become more negative 

until, in the case of 6% selection intensity, Merat's procedure 

indicates (incorrectly) a major gene effect in ten of the forty 

populations. Admittedly, the selection intensity is rather 

extreme in this example but much of the bias appears in the 

first step, that is, when 30% of the families are included in 

the group. Thus, it would seem that the bias in the 92  

statistic could be of importance in the practical application 

of the procedure. 

The average size of the large variance groups for each 

selection intensity is given in Table 9.5.  We see that the 

size has decreased considerably as selection pressure increased, 

even though each group contained 30 families, further evidence 
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of the bias against large families. 

9.6. The Importance of Non-Normal Environmental Effects 

Merat has assumed throughout that environmental 

influences are unimportant, a questotiab1e assumption in many 

situations. For example, consider the full sib families from 

the Ottawa flock which are included in Table 9,4, The large 

negative residuals represent very poor egg production, a trait 

with low heritability. Thus, if we were to apply Merat's 

procedure to these data, it would be unclear whether a signifi—

cant result reflected a genetic or environmental effect. Such 

ambiguities can be expected in many applications. It may be 

argued that this procedure is inappropriate for characteristics 

such as egg production because non-riormal environmental effects 

are to be expected and yet we find this trait included among 

those analyzed inMerat's (1971) paper. 
The difficulties presented by .non-genetic factors are 

increased considerably by the sensitivity of the g1  and 92 

statistics to aberrant values. Significant t values can often 

be attributed to 'a very small proportion of the population. 

The 20 week body weights from the 1962 Edinburgh line 2 provide 

an extreme example of this effect. When the deviations from 

family mean of the 799 records are pooled into a single sample, 

the t values for symmetry and kurtosis in the sample are 13.3 

and 62.9 respectively. However, upon the removal of the 

aberrant records, the values are reduced to .9 and .05 res—

pectively. Although this example is exceptional, the three 
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values being especially extreme (see Appendix III), there are 

other instances in both the Edinburgh and Ottawa 	esof less 

spectacular, yet important changes in the g1  and g 2 statistics, 

e.g., a reduction in the t value of the 92  statistic from 

2.9 to -.l in the 20 weak weights of Edinburgh line 5 (1961) 

when 4 of 785 observations are removed. it should be noted. that 

at worst Merat' a procedure would mistake these results for rare 

gene effects as major genes at intermediate frequencies produce 

platykurtic distrbutious, that is, distributions with negative 

92  values, However, aberrants could well mask an otherwise 

negative value. 

9.7. Conclusions 

We must conclude from these results that the application 

of Merat' a procedure as a rigorous statistical technique cannot 

be justified. However, in Merat' a words (private communication) 

he hopes that "such a method can be used in some favourable 

asses on large populations as a screening and preliminary, test 

to be completed if possible by more specific genetic tests". 

Even so, it is 'likely that.. this purpose could be better served 

by less complicated screening techniques. 



CHAPTER X 

The Screening of the Edinburgh and Ottawa Data 

10.1. Introduction 

In earlier chapters, theoretical models were used to 

determine the effects of aberrant values on certain genetical 

analyses, and to investigate the difficulties and implications 

of attempting to Identify and to remove such 'values from data 

sets. In the next two chapters, we shall examine these 

questions from a practical point. of view, looking first at the 

screening of the Edinburgh and Ottawa data and then at the 

changes in estimates of heritability when the aberrant obser-

vations, are removed or modified.. It should be emphasized that 

these data sets were comparatively "clean" at the outset, having 

been gathered by very experienced research organizations; the 

problems could have been much more serious. Even so, we shall 

see that a number of measurement and recording errors appear to 

have been included in the data sets. 

Since the screening and analysis of the data produced 

large volumes of output, it has been necessary to summarize 

the results. Hence many tables in the next two chapters will 

include only sums or means, taken over the relevant years. 

Summarizing the work in this fashion has obscured some differences 

in results from year to year, especially in the estimates of 

heritability reported in Chapter XI. Although the more note-

worthy differences will be discussed, others of less importance 

must pass without comment. 
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TABLE 10.1 

Frequency of Rejected Observations by Each Screening. 
Procedure 

Edinburgh . Ottawa 
Lines 2 5 Lines 

Screening Method Variable Variable 

. * Correlated . 
. . 	Variable BW20' . 48 34 B147. 

Observed Value 42 29 . 	 43 22 
Residual 	. 	. . 29 18 13 2 
Combined 15. 9 . 	. 	7 2 
All 	••.. . 76 .•• 

Any. 	• 	•, 
. 	. 83 61. 

* Correlated 
Variable .. 	(2) W44 80 69 . B365(5,)  .42 27 

Observed Value 47 38. 52 29 

Residual 	. 	•. . 33 35 . 	. 	 19 	. 6 

Combined 	. 16 21 . 	 10 3 
AU 10.14 7 2 
Any 122. 97 73 45 

Observed Value NØE. 	•: 51 10 NØØ 	79 32 

Residual . . 	43 3.5 . 	 37 	. 18 

Combined 29 0 . 	31 U 

Observed Value TOTE 67 60 TØTØ 	75 	. 44 

Residual . 	. 48 34 30 19 
Combined, . 	. 40 23 . 	24 13 

* 
N.B. 	Correlated variables were: (1) 12 week weight 

(2.) 36 week weight 

(3) 147 day weight. 



was introduced in Chapter VI. 

It should be emphasized that the counts of Table 10.1 

do not necessarily reflect the relative merits of the pro- 

cedures as some rejections of true Values are certain to be 

included (see Chapter V). However, the figures do serve as 

further evidence in support of several conclusions reached in 

earlier chapters*  

The most obvious is the conservative nature of the 

residual method in screening, data from small full sib families, 

It has rejected far fewer observations than has the observed 

value method, especially from among the Ottawa lines, whore the 

family sizes are comparatively smaller. Furthermore#  a consider- 

able proportion of the rejected values, e.g., 15 of the 45 

rejected from line 7, are true values from families of two sibs, 

the other record in each case being aberrant. 

Another noteworthy result is the numbers of body weights 

which have been rejected by the observed value or the residual 

method but not by both, a result which reflects the value of 

the combined method in saving time and effort because, as we 

shall see shortly, most of these records are true. Note that 

this question is less important among the egg production data 

where the aberrant values tend to be more extreme. 

The numbers rejected by the correlated variable method 

increase relative to those of the observed value method as the 

correlation between the variables increases. The relevant pheno- 

typic correlations, averaged over years and lines, are approximately 

.5 between 147 and 365 day weights, .7 between the 12 and 20 week 
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weights, and ,85 between the 3.  and 44 week weights. Since 

the rate at 'which pairs of true values are rejected should be 

unaffected by the value of the correlation, this result is 

apparent support for the conclusions of Chapter V concerning the 

increased effectiveness of the correlated variable method for 

higher correlations. However, the trend shown in Table .10.1 is 

misleading as the frequency of aberrant values varies from 

variable to variable (see Section 10,4). 

As we noted above, many records included in the counts 

of Table 10.1 are non-aberrant. Hence, each rejected measurement 

must be considered in its own right, a long and laborious task. 

Even after all available information has been assessed, many 

decisions as to the validity of observations must be largely 

sT1bjective.. The only real answer to this quandary is to screen 

the data when the birds are still available to be measured again 

if necessary. Although space will not permit our discussing each 

case separately, perhaps it would be instructive to examine the 

gener1 types of aberrant, values which 	 countered. 

10,3. Aberrant Records Among the Edinburgh Weights 

Let us begin by considering the Edinburgh body weights, 

the traits which have been studied most extensively. Table 10.2 

contains examples of the kinds of aberrant records which have 

been found among the weights. in addition to the five body 

weights, the egg production of each bird in the third period, 

that is, from 36 to 44 weeks, is included as an indication of 

the health of the individual at the end of the test period... A 

complete list of the 20 week and 44 week weights which have been 
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TABLE 10.2 

Examples of Aberrant Records Among Edinburgh Weights 

Bird Line Year BW12 BW20 BW28 BW.36 BW44 NØ* Comment 
No. (weights in grazumee) 

2801 2 1962 880. 2801 1710 1860 2180 21 Bird no, used 
aBW20 

86 5 1960 750 1420 1940 2060 1540  16 300 g, error 
• . . . . 	 .. LnBW44 

2149 5 1960 
. 790 1130 1520 1,570 1000g. error• 2650 U . 	 . . 

in 8W44 

2,505 5 1961 800 1280 1800 1800 1380 0 Illness 

252 5 1960 800 :1230 1500 1000 1060 .13 

1242 5 1962 780 1640.1380. 3540 2060 0 Dead at end of 
test 

1184 2 1961 1000 .1550 2170 1900 2340 12 8W36  or flW44? 

1343 2 1960 990 1770 2150 1580 2270 8 Error in BW36 

* 

Egg production in period from 36 to 44 weeks. 

modified or removed from the, data sets is given in Appendix XXI. 

Each type of aberrant is discussed briefly below: 

1. There are several instances where the bird numbers have been 

Used as 20 week weights, The most extreme example, that of 

bird No.2801 in line 2(1962), is. shown in Table 10,2. The 

other weights from the bird would suggest that the recorded 

value is approximately twice the true value. In Chapter Ix, 

rer'a,t'a procedure provided an illustration at the extent to 

which a single error of this magnitude could affect statistical 

analyses, especially those involving higher order moments. 
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There are a number of cases where the body weights appear 

to be in error by 500 or 1000 grammes. Two examples, birds 

numbered 86 and 2149 from hue 5 (1960), are included in 

Table 10.2. An explanation of these aberrant records is 

suggested by the weighing procedure: as a simple balance 

scale was used, it would be possible to overlook the 

addition or removal of a 500 g. or 1000 g. weight from the 

balance pan. Although the explanation may seem somewhat far-

fetched, a geneticist reports having experienced this very 

difficulty when he weighed birds in subsequent generations. 

If this explanation were true, we should expect errors 

corresponding to the smaller weights (50 g., 100 g., etc.) 

as well. However, such discrepancies would be too small to 

be detected consistently, In fact, in many instances, 500 g. 

errors have been identified only by the correlated variable 

method. The inability of the screening procedures to locate 

errors of smaller uagnitudea has been demonstrated 

theoretically in CI apter V. 

A record which appears to be in error by 500 g.  or 

1000 g. poses a dilemma - should the record be modified and 

retained with the risk of an error in interpretation or 

should it be removed with thepossible loss of useful 

information? . The first approach has been adopted in most 

cases. 

Some unusual growth patterns can be explained by illness. 

Consider, for example, that of bird No.2505 from line 5 (1961). 

In the last eight weeks on test, the bird host 420 grammes 
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and produced no eggs, both indications of ill health. Ho 

ever, this evidence is by no means conclusive because, for 

instance, the reduced body weight could also be explained 

by. a 500-g* measurement error. Aberrant records for which 

illness is a plausible explanation have been removed, 

There are a number of other impróbàblé growth pattezis which 

cannot be explained so easily. Table 10,2 contains one 

example, bird No. 252 from line  (1960). The 36 and 44 week 

weights of the bird are physically impossible and hence they 

must represent errors in measuring, recording, or transcribing. 

The anomalies could be attributed to errors of 500 g or 

1000 go in the measurements but this explanation seems 

improbable. It is possible to verify transcription errors as 

the sheets on which the meésurements were originally recorded 

have been preserved. Although instances of transcription 

error have been found, they are very uncommon. Xn such cases, 

the weights have boen replaced by the original measurements. 

In most cases however, like that of bird No,6252, the records 

can only be removed, 

Line 5 in 1962 contains complete records from birds which 

apparently died late in the test period v  that is, after the 

fortieth week. The most likely, explanation of the existence 

of 44 week weights from these birds is that they represent 

estimates based upon the weights at death. However, this is 

merely conjecture and cannot be confirmed. Some of these 

records can be recognized by the implausible growth pattern, 

e.g., bird No.1242, but others are less obvious, The only 
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conclusive evidence of this type of error is notation 

included on the original data sheets. However, because the 

notation is often ambiguous or even missing, the records 

have been removed only when they are liable to affect the 

statistical analyses unduly. 

Other peculiarities have been discovered in the data but they 

have been ignored as their overall effect is negligible. For 

example, over half the birds from line 5 (1960) lost weight 

in the final eight weeks cjn test; 2996 lost more than 50 grammes 

These percentages are exceptionally high compared to those from 

other data sets, e.g., 6% and 3% respectively from line 2 

(1960). It is this phenomenon.. which explains the failure 

of the correlated variable method to detect weight losses 

which would be notable in any other data set (see birds 785 

and 2,486 in Appendix III), 

Ina number of instances, it has been impossible to determine 

which weight measurements are in error. Consider, for example, 

the weights from bird No.1184 as given in Table 10.2. 

At first glance, it wot14. pear that the unusual growth 

pattern is due to a 500 g. error in the 36 week weight. 

HoweverS  the 44 week weight is much larger than those of the 

full sibs. Errors of 500 g. in both the 28:  and 44 week 

weights could explain this discrepancy. In such cases, the 

20 week and 44 week weights have usually been assumed to be 

the true values. 
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10.4. A Comparison of the Screening Procedures 

The body weights provide an opportunity to compare the per-

formances of the screening procedures in a practical situation. 

The counts of Table 10,1 have been broken down into three 

categories true values,, undecided, and aberrants and the. 

results presented in Table 10.3. It has been necessary to 

introduce, the second category to allow for those values which, 

were unusual but not sufficiently so to be considered aberrant. 

TABLE 100, 	. 

The Number of True and Aberrant Values Rejected from Among The. 
Edinburgh Weights 

	

Line 	 Line  

Screening Method 	000+1 	 41 pp 

	

14-4 	4-) 	0 

Correlated 
Varable: BW20 48 - 1 30 6 12 34 17 4 13 

Observed Value. 	. 42 26 II 	5 	29 21 	1 	7 
Residual 	 . 29 20 	4 5 	18 	7 	1 10 
Combined 	 15 .8 .3 4 9 1 2. 7 
All 	. 	 71 2 4 801 7 
Any 	' 	 83 58 13 12 	61. 44 . 4 13 

Correlated 
Variable 	BW44 '' 80 .21 26 33 	69 19 11 39 

Observed Value 	 47 26 	7 14 	38 13 	5 20 
Residual 	 33 10 8 15 35 14 4 17 
Combined 	 . 	16 	3 	5 . ' 8 	21 	5 . 1 15 
All 	. 	 10 0 2 '8 14 0 0 14 
Any 	 122 54 33 35 97 40 16 41 
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The correlated variable method was undoubtedly the most 

effective in locating aberrant records, detecting twice as many. 

88 any of the other procedures. However, these figures may over-

emphasize its advantages because the correlated variables them-

selves were major factors in determining whether or not values 

were aberrant. Furthermore, the method failed to detect several 

obvious aberrants, e.g., bird No.252 in Table 10.2. In most 

cases whore true 44 week weights were rejected, the measurements 

from the correlated variable were obviously in error, e.g., bird 

No.1345 in Table 10.2.. However, the assumption that a single 

value serves for all Individuals in the regression of 20 week 

weight on the 12 week weight is somewhat questionable and con-

sequently some true 20 week weights were rejected simply because 

the growth between 12 weeks and 20 weeks was large. 

Similar numbers of aberrant values were identified by the. 

observed value and the residual methods though fewer true values, 

were rejected by the latter. Note that the majority of aberrant 

records detected by either of these methods were detected by the 

combined method, but with considerably fewer rejections of 

true values. The importance of technique such as the combined 

method in reducing the number of measurements to be inspected 

personally by the researcher is illustrated in the results shown 

under 	Of the 363 values rejected by at least one pro- 

cedure (summed over lines and variables), only 101 could be 

demonstrated to be aberrant. 

The discussion above reveals nothing new; the results 

simply support conclusions deduced earlier from theoretical con 
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sidoz'ations. In tact, if one considers the diversity Of error 

types Included among the data it is surprising how well the 

theoretical and practical results agree. 

.Aberrant Records Among The Ottawa Weights 

It . has been more difficult to investigate the records rejected 

from among the Ottawa body weights owing to the lack of Supple- 
mentary information, e.g., from extra measurements or from original 

recording shoots, Nowevez', there are indications of Ineasureitent 

errors in the Ottawa data, similar to those noted in the FAInburgh 

data, that is, a number of inatance of reductions or extraordinary 

increases in weight in the period from 1.47 days to 365 days. 

TABLE 10.4 

Unusual Growth Patterns in Ottawa Line 5 (1965) 
Bird No., B147 .365 B497 Egg Production*  

(weights in grammes) 

15411 . 	'0 3130 2260 50 62 	57 
315311 1450 2850 2030 69 52 	46, 
365 1630 1640 	. 2310 85 32 	35 

: 53..53-081.1630 1650 2110 20 0 	0 
365306 1550' 1420 1240 8 1 	0 

*In periods 147.273 days, 274-385 days, and 386-497 days, 

The best evidence of this type of error i found in the records 

from line 5 in 1965, a year when the body weight was also recorded 

at 497 days. The growth patterns of five . birds from this data set 

are shown in Table 10, 4,, In the' first four instans, an implausible 

wight gain between 147 days and 365 days 10 followed by an equally 
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unlikely weight change aster 365 days when the bird has 

supposedly reached maturity. Each Of these anomalies could be 

explained by an error in the 365 day weight, In particular, 

the unusual growth pattern's of birds 15411 and 315108 may have 

arisen from or'rore of 1000 g. and .500.9. in the respective 

365 day weights. Similar patterns appear in the other data nets 

but the omission of the 497 day weight makes any interpretation 

unreliable, The fifth example in Table 10.4 serves to illustrate 

this point. If the 147 day and 365 day weights were the only 

recorded measurements, an error of 500 g. Or  600  g* in the latter 
would seem a plausible explanation of the weight loss. However, 

the 497 day weight and the egg production records point to ill-

nose as a more likely cause. Thus, no attempt has been made to 

modify any Ottawa records; the aberrant values have been removed, 

The d.tecusnion abovà is not meant to imply that measurement 

error is the only major source of abez'rent values in the Ottawa 

data, We have already seen one example where iU1ens is the 

apparent cause and other' instances can be ound. Most data eats 

include several exceptionally small or large birds, e.g., bird 

No.603306 in line 5(1965) weighed only 1380 g,  at maturity, the 

corresponding population mean being 2344 g, No completely 

satisfactory explanation of these extreme records has been dis-

covered, Such records have been removed from the data sets 

here they would have an undue influence on the. statistical 

analyses, e.g, when the bird is the sole member of a full sib 

family, a situation considered in Chapter IV, 
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16, Aberrant Egg Production Records 

Let us turn our attention to the egg production records. 

Owing to the irregularity in the production of some birds, it 

is difficult to identify measurement or recording errors in 

these data, In :fact, only one error has been established con. 

clusively, a 155 being punched for a 115w in the record of bird 

No.2581 from Edinburgh line 2 (1962). Thus, while much of the 

difficulty with the body weights lay in the inaccuracy of the 

recorded measurements, the difficulty here lies more with the 

distribution itself. Evidence of the problem can be seen in 

the fact that of 246 total production records rejected by the 

observed value method (Table 10,1), only one, that from the 

bird, noted above, was rejected as being too large. 

It was shown in Section5that simply removing the extreme 

observations will not necessarily obviate the distributional 

problems. The analyses of the first period production records 

from the Edinburgh lines (NØE)  are A*rther complicated because 

the value 0 often falls within 2.5 standard deviations of the 

population or fufl sib family means, Hence#  non-producers could 

not always be identified by the residual and/or observed value 

methods. This accounts for the unusual results from line 5 in 

Table 10,1 where the combined method failed to reject a single 

observation. 

Because the original Ottawa data sets include the weekly 

egg production figures from each bird, it has been possible to 

investigate low production records more c1oe1y. The reasons for 

this phenomenon can be grouped loosely into four categories: late 
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maturity, non-1aying, irregular laying, and early cessation of 

laying. The third category includes not only the instances 

where the birds laid a tow eggs at irregular intervals but also 

those instances where the birds, possibly good producers, stopped 

laying for 'a long period and thei réeuined, The fourth category 

includes the cases where the birds stopped laying entirely early 

in the test period, that is, on average, l56 weeks (line 5) and 

21.5 weeks (line?) from the'outset. Table 10.5 given the numbers 

of total production records, rejected by the observed value method, 

in each category. Most low produótion records in these lines 

are apparently attributable to irregular laying or premature 

cessation of laying. 

TABLE 10#5 

Low Bgg Production Among Ottawa Data. 

a) Reasont for low production. '  b) Distribution of egg pro- 
duction among birds bich 

Line 5 	Line 7 stopped laying early 

Late maturity 3 	' 	0 Egga/weok Line  Line  
Non-layers 8 	'4 1.0 	. ' 0 
Irregular ' 	 25 	25 1.0-2.0 6 	' 2 
Stopped laying,, 39 	. 	.15 2.03.O . 	, 	7; , 

* 	 . 3,O 	4,O 3.3 2 
Averages taken over weeks 44 

- 
1• 

. birds were in production . 

6? 
Average 3,10 4*43 

Let us consider the second trait. IZ the characteristic 

were due entirely to erwironaental influences, the total pro-

duction records of the birds affected would misrepresent 'their 
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genetic worth, many birds being average or above average layers 

before they stopped production (see Table iO.). In fact, the 

average of 4.43 eggs/week from these birds in line 7 is near. the 

population average of 4.78 eggs/week (4.00 eggs/week in line 5). 

The extent to wbich analyses can be influenced by such measure-

ments was demonstrated in Chapter IV and VII when the effects 

of zero records were studied. On the other hand, it the trait 

were in some sense heritable, it would be appropriate to consider 
the problem as one of two variates, egg production and cessation 

of laying. In either case, It would be improper to include the 

records in the analyses in the usual manner except as a method of 

obtaining approximate results. 

10.J. Grubb'e Procedure in a Pactical Situation 

The screening procedures have been used simply to reveal 

possible aberrant values, a record being rejected only after 

further deliberation. However, as we noted in Chapter III, a 

number of rejection criteria have been proposed whereby the value 

is rejected when a sigriificantrosult is obtained. We conclude 

this chapter by considering the perforiñance of one of these 

criteria, that of Grubb, in screening the Edinburgh 44 week body 
weights. 

Recall that Grubb proposed using the ratio 

Jj ( Xi — 7n,1 
)a /f (xi. - 	as a method of testing the significance 

of the extreme observation X from a sample of n observations where 

n> 3. The test has been applied at the 25% significance level, 

each full sib family assumed to be an independent sample. Since 
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families must contain at least three members, the test is un. 

suitable for work with the Ottawa data. 

Table 10.6 gives the results from Grubb' a procedure and the 

comparative figures from the observed value method, etc., earlier 

presented in Table 10.3. Grubb'a procedure has been notably uni* 

successful in detecting aberrant values, even when compared with 

the observed value and residual methods. Although the procedure. 

rejects relatively fewer true values, it should be remembered 

that the error rate is on a "per family" basis rather than a "per 

individual" basis4 Ryan so, the combined method has rejected a 

similar number of true values and yet identified twice as many 

aberrant s.  

TABLE 10.6 

The Performance', of Gz'ubb' e Procedure in Screening BW44 

Line 	 Line  
Screening method . 	No. re 	Aberranta 	NoC'e.. Atberrants 

jected 	 jected 

Grubb' a method 13 3 19 8 

Correlated variable 80 33 69 39 

Observed value 	. 47. . 	4 38' 19 

Residual 33 	
. 

15 35 17 

Combined 16 . 	5 . 15 

The limitations of. the procedure are emphasized by some of 

the aberrant values which have been overlooked, For example, an 

error of 1000 g* from bird No, 2149 in line S (1960)1eT1 

6detected because another aberrant value, that of bird No.2151 
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appears in the acme family. In such circumstances, Grubb would 

recommend modifying his procedure so as to test for two outlying 

observations,However*  this approach would necessitate examining 

each family before the test was applied, the very stepo to be 

avoided when processing large data sets. In a number of instances, 

Grubb' a. procedure failed to detect errors of 500 g. or more., e.g., 

birds No, 252, 450, 866 etco, in line 5 (1960) because. the res—

pective family variances were too large. 

Hence*  we see that the performance of Grubb' s procedure in 

screening the Edinburgh weights has been unsatisfactory; it 

would seem that the procedure is of limited value in screening 

large data sets. However*  other statistical tests which make 

more use of available information, e.g., pooled estimates of 

within family variance, should prove more effective. 



The Estimation of Heritability and Qenotyoic Correlation 

In the next chapter, we shall require estimates of hart- 
(___-; 4' tability and genotypic corjc:e from the Edinburgh and 

Ottawa data. The relevant estimates, obtained from the anslyss 

of variance and covariance, are presented in this chapter. We 

have seen earlier from Theoretical considerations that these 

estimates can be influenced by the presence of aberrant values. 

Hence, we shall consider the robustness of the estimation 

techniques, comparing the estimates obtained before and after 

the seemingly aberrant records were modified or deleted. Several 

other topics related to the estimation procedure will also be 
discussed, 

134. A Disadvantage of Pooled Estimates 

The estimates of heritability. and genotypic covariance 

have been calculated by pooling the . resulte I from the relevant 
years. However, this step may lead to unsatisfactory results. 

As a simple illustration, let us suppose that 100 progeny from 
paired matings in each of three generations are to be used in 

estimating the heritability of some character. Further, suppose 

that families contain 4 sibs in the first generation, 2 in the 
second, and 10 in the third. The dssumed mean sums of squares 

and the appropriate degrees of freedom are shown in Table 11.1. 
The estimates of between family variance and heritability in each 

generation are given at the foot . of the table. We see that the 
pooled estimate of heritability (.10) is considerably smaller 
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TABLE u.i 
An Example of a Misleading Estimate of Heritability) 

Generation 	 1 	2 	3 	Pooled 

M.S.S. between families 	24(24)* 13(49) 52(9) 20.50(82) 

N.S.S. within families 	16(75) 	10(50) 	22(90) 17,12(115) 

Estimate of o. 	 2.0 	1.5 	3,0 	.94 

Estimate of h2 	 .22 	.26 	.24 	.10 

* Degrees of freedom given in parentheses 

than the estimates from each generation, a rather disturbing 

result. Of course, this example depends upon an' unlikely 

combination of family structure and variability. However, as 

both the Ottawa and Edinburgh data show evidence of heterogeneity 

of variance over years (see, for example, Clayton and,Robertson 

(1965) concerning the Edinburgh data), the danger cannot be dis- 

regarded. 	As a. precaution, unweighted arithmetic means of 

heritabilities estimated within generations have been calculated 

and set beside estimates from pooled sums'of squares in Table 11.2. 

The differences between the estimates are seen to be small in most 

cases. 

11.2. The Estimates of Heritability 

Table 11,2 gives the estimates of the variance components 

and heritability obtained before and after the data sets were 

modified. Approximate standard errors of the heritability 

estimates are included. Owing to the distributional properties 
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TABLE 11.2 

Estimates of Variance Components and Heritability 
(Pooled over years) 

1) Edinburgh data 	•. Line 2 Line 5 
Variable 	Estimates of Unscreened Screened Unscreened Screened 

BW20 	. :1905 2024 2971 	. 3069 

• .579 2795 •. 24.12 2527 

14115 .13013 11778 10677 

.41 (.39) .46 (.44) 69(68) ..75(.74) 

.55 (.58) .61 (.64) .56(.58) .62(.65) 

Adjustments . 
. 12 	. 13 

BW44 	. 	 .. 2600 2580 7165 7513 

6301 6462 6059 5494  

32561 29937 31995. 26862 

h .6(.28)   • .63(,60) .75(.72) 

h~d
.61(.60) ,66(.65) .54(.60) .55(.60) 

Adjustments 	• . 35 	. 43 

NØE 	a 1.56 1.49 	. .79 Unchanged 

1.58 1.57 1.46 II 

19.28 18.68 	. 	. 11.07 

.28(.24) .27(.25) .24 ft 

.28(,28) .29(.29) . 	 .44 

Adjustments . 	 . 1 . 0 

N,B. .- (1) Arithmetic mean of heritability estimates given in. 
parentheses. 

(2) "Adjustments" gives number of records modified or 
removed. 
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TABLE 11.2 (Contd.) 

Line 2 Line 5 
Variable Estimates of Unsoreened Screened Unscreened Screened. 

TØTE' 6.83 6441 2,83 3,18 

4 6.52 5.70 10.04 6.54 

ae  88.67 76.74 75.66 65.04 

.27(.27) .29(.29)  

.26(.25) .26(.25) .45(.47) .35(.3 
Adjustments 26 29 

Approximate standard error of Edinburgh heritability estimates 
.09. 

2) Ottawa data Line 5 Line 7 
B147 as 4112 4142 2762 3054 

• 4169 4024 3694 3438 

Or
a  15188 14739 14583 14066 

he .70(71) .72(.72) ,53(. .59(.61: 

.71(,8O) .70(.78) .7o(,66) .67(.63 

Adjustments 4 5 

365 11309 11521 10664 12121 

4 	• • 

14664 13209 12399 10378 

ctae  54120 •• 50056 45944 41819 

.56(.56) .62(.62) .62(61) 1075(.76 

ed .73(.71) .71(.73) .72(.67) .65(.59 

• Adjustments ..• 23 18 
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TABLE 11 • 2 (Contd) 

Line Line  

Variable 	Estimates of Unscreened Screened Unscreened Screened 

• 33.1 31.1 7.4 12.3 

31.7 35.8 37.1 36,8 
as 277.7 230.8 164.8 124.4 

39(.38) .42(.44) .14(.10) .28(.25 

,38(.36) .48(.44). .71(.73) .85(.90 
Adjustments 23 5 

TØTØ 	a 242 221 34 89 

d 312 327 401 305 
2248 2076 1458 1238 

• 35(39) .34(.38) .07(.05) .22(.19 

h!d • .45(.43) .49(.47) .85(94) .75(.85 

Adjustments 14 8 

Approximate standard errors of Ottawa heritability estimates - 
• .09 (line 5) 

.15 (line 7) 

N.B. - Standard errors based on approximation, of Woolf (cited by 
Falconer (1963)) 
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of the Edinburgh partial egg production records (see Section 

10.6), only one record, a value which had been recorded in-

correctly, was modified. This is not meant to imply that the 

estimates for this trait are considered satisfactory; on the 

contrary, they are among the more questionable in the table; 

However, it is the distribution of the observations rather than 

any outlying values 'which makes the estimates suspect. 

We see from Table 11.2 that in some cases the changes 

necessitated by doubtful observations have little influence upon 

the heritability estimates, but in others, notably those of 

Edinburgh line 5 and Ottawa line 7, the effects are considerable. 

Increases or reductions exceeding one standard deviation are 

observed in the estimates after relatively few adjustments. 

Furthermore, differences between the estimates of h2  and h are 

often reduced and in several instances the sign actually 

reversed, e.g.., B365 from Ottawa line .7. 

The averaging of results over years obscures some remarkable 

changes in the heritability estimates of egg production traits, 

obtained from "within year" analyses. For example, in Ottawa 

line 7 (1966), two part production records., both zero values, 

account for 33% of the within family sums of squares; conse 

quently, their removal increases the combined heritability, 

1 • e., (h +h)/2, from .39 to • 58. 	In another instance, the 

removal of fifteen low records from among the TOTE data of line 5 

(1962) changes the sire and dam component.estlmates of heritability 

from .08 to .22 and .74 to .38 respectively. In the process, the 
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estimate of •c is reduced from 22.8 to 9.2. This second example 

illustrates the point first raised in Chapter IV, namely, that 

aberrant values in small families can inflate the estimate of the 

dam component and hence produce large differences 'between the 

heritability estimates from the sire and dam conpcmertta. 

An Example of the Instability of the Heritability Estimates 

As an example of the possible fluctuations In the estimates 

of a single heritability parameter owing to the presence of 

aberrant values, let us consider the analysis of the 44 week 

weights from Edinburgh 'line 5 (1960).. The necessary adjustments 

to the data 'set (see Appendix III). have been carried out in three 

steps so as to illustrate the variability', of the estimates. It 

shOuld he 'emphastzed that these adjustments were dictated by the 

nature of the data and not by a desire to produce spectacular 

changes in the estimates. If the aim were simply to achieve large 

differences with few adjustments, the rejection-of some extreme 

true values might better have served to ptzrpoae.D 

Table 11.3 contains the estimates of the variance components 

and heritability, obtained before the data were screened and 

after each set of adjustments  had been carried out. The code 

numbers of the birds affected at each step are shown; at the toot 

of the table. In the first step, 'three peculiar values were 

removed and two records from the same full sib family modified, 

the main impact of which was a substantial increase in the 

estimate of h. ' The results from this step would suggest that 

much of the initial difference between the estimates of h and 
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TABLE 11.3 

Effect of Aberrant Values on Heritability Estimates 
(3w44 Edinburgh Line 51 1960) 

Before Screening After 

Estimates. of (1) C) 
( 3 ) 

• 5548 5432 5880 6217 

4104 4756 3907 4141 
02 33110 30800 29280 25216 

lea .52 .53 .60 .70 

led 38 046: 40 47 

Approximate standard . err of .19; =. .12; 	hS+d  .09 

(where 	s+d combined is the 	estimate.(b 	+ h)/2.) 

* 
Screening steps: 

Deletions 

(1) 785 2681 3251 

(2),22 

(,) 

Modifications 

214€ 215Z) 

) 4 

?a2'i 23O29 31Lj369 

can be attributed to these ye, observations* liowever, when two 

additional adjustments were made, both records apparently in 

error by approximately 1000 g., the difference between the estimates 

was found to be even larger than it was originally. Note that 

the combined estimate was unchanged, the increase in the estimate 
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of h being offset by a corresponding decrease in the estimate is 
of et. In the third step, when records in error by 500 g. were 

modified, the estimates of 'ho  and h both increased considerably, 

the difference between them increasing only marginally. 

Hence, we see that estimates of heritability:are intrinsically 

imprecise. Large numbers of degrees of freedom are essential for 

satisfactory estimates, and even then, the estimates are sensitive 

to changes in the data, Only 21 aberrant values in a sample of 

847 observations have depressed the combined estimate of heritabi1it 

by 1.5 standard deviations, Fur'ther'more, small numbers of 

observations can produce large differences between the estimates 

of heritability from the sire and darn components, differences 

which might be considered evidence o genetic factors such as 

sex linked genes or dominance, it must be remembered that these 

data had been screened earlier by Clayton and Robertson; greater 

variability could be expected in instances where less care was 

taken in recording the data. 

Ur&4* The Use of Deviations from Hatch and Treatment Means 

In this chapter and subsequently in Chapter XII, we 

assume that analyses using deviations from treatment and batch 

means provide adequate approximations to the exact methods. In 

the case of estimation from the analysis  of variances  this 

assumption can.bo  investigated directly as the analysis of 

covariance gives an exact solution, This technique has been 

applied to the Edinburgh body weights and the results are shown 

in Table L1. 4, The table also gives the estimates from the 
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TABLE 11.4 

Heritability Estimates from the Analysis of Covarianoe 
(pooled over years) 

Line Line  
Vari Estimates Una4.. Covar- tJn44 Covar. 
able of justed Means iance justed Means iauce 

BW20 2011 2024 2 023 3244 3069 H  3074 

2813 2705 2706 2264 2327 2319 

13473 13013 13037 13363 10677 10720 

440 .46 .46 .69 .73 .73 

4 .55 .61 .61 .48 .62 .62 

BW44 ere 2355 2580 2590 7468 7513 725 

6335 6462 6478 6019 5494 5454 

32539 29937 003.7 27739 26862 26968 

.25 .26 .27 .72 .75 .75 

.4 .61,  .66 .66 .58 .55 .55 

N.B. -.Results obtained from the screened data,, 

analysis of varence a) when hatch effects are ignored and 

b) when deviations from hatch means are used, 

The exact and approximate procedures are seen to give 

remarkably similar estimates., regardless of the extent to which 

the analyses are affected by batch differences. This result is 

perhaps best illustrated in the analysis of the 20 week weights 

from line 50  where the hatch effect is considerable and yet the 

estimates from the two procedures differ only in the fourth 

significant digit. Of course, the close agreement between the 

estimates may be due in part to the experimental design; the 



results might not have been as satisfactory if the hatches had 

not been so nearly balanced over half sib families. The two 

procedures have also been applied to the Ottawa data but the 

results are not. included in Table 11.4 as the pooling of 

estimates is less appropriate in this instance owing to the 

variable numbers of treatments in the data sets. However,, the 

differences between the estimates obtained from "within year" 

analyses were negligible.. 

Hence1  it would sees that the use of deviations from hatch 

and treatment means in the analysis of variance is justifiable 

in the present study. Although this conclusion is relevant only,  

In the context of the ,analysis of variance, it is unlikely that 

important differences will appear when the expedient is used 

with other statistical techniques. 

11.5. Bstinates of Genetic Covariance 

The estimates of the covariance between the partial and 

complete records of body weight and egg production have been 

obtained from both the unscreened and screened data. The 

results are presented in Table 11.5. The three figures from 

each analysis are estimates of. the components of covariance, 

that is, the parameters corresponding to s3a2p and a2 in the 
Sp 

analysis of variance. Thus, for example, coy5  is equivalent to 

a quarter of the additive genetic covariance. 

The two types of aberrant values which have been studied 

in earlier chapters, i.e.,, measurement error and low production, 

will not affect these estimates in the same way. It can be seen 
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TABLE 11.5 

E s timates of Genetiô Covariance 
(Pooled over years) 

1) Edinburgh data 
Line Line 

Variables 	Estimates of Unscreened Screened Unscreered Screen 

BW20 and BW44 	cove  3.406 1441 4470 449 

COYd 3079 3381 31& 

COVe  9122 9189 10842 1080: 

Adjustments 47 56 

NØE and TOTE 	Coy8  2.42 2.32 .83 .98 

2,68 2,23 2,60 2.04 

C0V 28.29 2 4.81 15.72 14.19 

Adjustments 26 29 

2 ) 

 Ottawa data 
; Line 5 Line 

B147 and B365 	coy3  4468 4789, 4436 4974 

• 	
cov 6170 5460 4664 3926 

11458 11,243 12257 13128 

Aduatmenta. 25 21 

NØØ and TØTØ 	COy3  76.6 69.7 4.1 19.4 

74.0 75.6 117.4 92,8 

COVe  535,3 441.0 329.3 241.4 

Adjustments 27 8 
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from the work of Chapter XV that random measurement error will 

not bias the estimates of covariance, Oft the other hand, 

because low production affects both variables similarly, it can 

he expected to increase the covariance between them, If low 

production were due to environmental factors, the man effect 

would be the inflation of °°e 	However, the estimates can be 

influenced in much the same way as the heritability estxnates, 

e.g., aberrant values in small families may increase coy4  or cov8  

These effects are evident in the results of Table 11.5. 

The covaz'Iancea between body weights, especially from the 

Edinburgh data, are relatively unaffected by adjustments to the 

data sets, a result which reflects the preponderance of measurement 

error among the aberrant values. On the, other hand, considerable 

changes are obtained in the covariances of the egg production 

traits where low production is the more prevalent type of 

aberrant value. In particular, note that the changes in the 

estimates from Ottawa line 7 are not unlike the chaos in the 

variance component estimates from the same line (see Table 11.2). 
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CHAPTER XII 

The Value of Ancestral Records to a Selection Index 

12.1. Introduction 

In poultry breeding it has been common practice for a 

number of years to use the records of close relatives when 

choosing prospective parents in a selection programme. Lerner 

(1950) discussed selection on the basis of an index which 

included the full sib family average and, the individual record. 

Osborne (1957) suggested incorporating the half sib family 

average, in the index as well • Robertson (1957) derived 

expressions which give the optimum family structure in selection 

programmes where testing facilities are limited. However, rather 

surprisingly, little attention has been given to the possible 

use of ancestral records in selecting parents. ' This . iz all 

the more remarkable in poultry breeding whore so often breeding 

programmes must rely on part records from the current generation. 

The pedigree data of the Edinburgh and Ottawa flocks 

provide material for determining the value of the ancestral 

records in a practical situation. The scope of the study will 

be restricted to female ancestors in the generation once 

removed, in particular, the dams of the prospective parents. 

Since the immediate objective of most selection programmes is 

to achieve improvement in the average phenotype of the progeny, 

the merit of any selection index can be measured by the 

proportion of the variability in the progeny phenotype which it 



12.2. 

can explain. Using this criterion, we shall consider the 

. advantage, if any, to be gained by including the ancestral 

records with the' own performance (females only) and the full 

sister.. family average when deriving indices for two traits, 

body weight and, egg production. It. should be noted that half 

sister family averages - may-be useful components of indices as 

well,,-especially when the heritability of the trait is low, see 

Osborne (1957, 1957a). However, in the present study, their 

inclusion is unlikely to reduce the contribution of the dam 

records significantly because: a) the relationship with the 

progeny is more distant, b) the heritabilities of the traits 

under study are not particularly low, and a) like the other 

measurements from the- current generation, they cmn) be assumed 

to be part records only. Furthermore, the analyses would become 

much more . complicated as some sires were mated to a single dam 

and.'herice half sister family averages are unavailable for their 

progeny.' In view of these factors, it has been decided to 

disregard half sib family averages. 	•.: 

The traits of interest are the mature measurements from 

the Edinburgh and Ottawa flocks,. i.e., TOTE and BW44 (Edinburgh),. 

and TOTO and B365 (Ottawa). These variables have been defined 

and discussed. in Chapter II. Two situations will be considered:. 

a) where only part records are available from the current 

generation, and b) where the full records are' available. In 

both cases, it will be assumed that the full records of the 

ancestors are known. The. variables NØE,  BW20.0  NØØ,  and.B147 

will serve as the part records of the traits listed above., 
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12.2.. The Statistical Background 

Two approaches to the problem are adopted in this study. 

The. first is to apply multiple regression techniques to the 

data from three consecutive generations, regressing the pheno-

types in. the . third generation on the appropriate records from 

the earlier generations. In this way, we obtain estimates 

of the reduction in the phenotypic variance owing to the various 

records. Stepwise regression provides an indication of the 

importance of additional records to the regression equation, 

i.e., the least squares estimate of a composite selection index. 

The necessity of three consecutive generations limits the number. 

of analyses for each variable to five, two from Ottawa line .5 

and one .fromeach of the other lines. 	. 

The second approach is to replace the various parameters 

in the expected sums of squares of the regression analysis with 

estimates obtained by pooling the results from the within 

generation analyses as described In the last chapter. As an 

example, let us consider the regression of progeny phenotype on 

dam's full record. The expected sums of squares for progeny 

phenotype can be written . 	. 	. 	. . 

(N 	ia2 + (N 
_)0 

 +(N - 	 (12.1) 

the symbols of which were defined in Chapter IV. If we assume 

that the dams were selected at random and that they were unrelated 

(see Chapter VIII for a discussion concerning this complication), 

then the, expected sums of squares for the dam phenotypes is 



1 2 .4 

or JC(c 28  + 	+ a) 	 (12.2) 

and the expected sums of cross-products of dam and progeny 

phenotypes is 1KO  

where K denotes (N 	 Using these expressions it can 

be shown that the expected sums of squares owing to the regression 

of progeny phenotype on darn' s full record is approximately 

+a + 2s (  

+(ox - 	 - 	N 
nij + 
	)/K 	(12.4) 

The coefficients on the last two variance components in 

expression (12.4). are complicated by the imbalance in the 

experimental design. If the design were balanced,, they would 

assume the much simpler values, 	and nrespectively. 

The approximation in the expressionis due to the expectation 

of a rati)heing taken to be the ratio of the expectations. 

The ratio of expressions (12.4) and (12.1) give a measure 

of the importance of the regression in explaining the variation 

in the progeny phenotype, The coefficients in the terms of the 

two expressions are clearly conditional on the experimental 

design of the progeny generation. In order that the results 

from the two approaches can be compared, these coefficients will. 

be detexined in, subsequent calculations by the progeny generation 

in the corresponding analysis using the multiple regression 
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approach. The ratio can then be evaluated by substituting 

the appropriate estimates from the within generation analyses. 

The derivations outlined above can be extended directly to 

include the other relevant full and part records. The 

estimates of additive genetic variance and covariance required 

in the calculations are taken from the sire components of the 

appropriate analyses. 

It is necessary in these derivations to assume that the 

covariance between any two records, one from the paternal side 

and the other from the maternal side, will be zero - a result 

which depends on the., mating being at random • The validity of 

this assumption has been examined by calculating the 

correlations between various records. The results from each 

analysis are shown in Table 12.1. ' In general, the correlations 

are small, there being but three significant values. Hence, 

since three such values in forty tests is not surprising, it') 

would appear that the assumption of zero covariance is justified. 

The question of random mating can also be investigated by 

partitioning the sums of squares for dams, or maternal grand-

dams Into components between and within sires. If the mating 

is truly random, ,the expectation of each component will be the 

phenotypic variance multiplied. by-an appropriate coefficient 

(like the aa  term in the analysis of variance; see Table 4.1). 

The estimates of phenotypic variance obtained from the various, 

analyses are presented in Table 12.2. Since there are neither 

extreme nor consistent differences between the estimates of 
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Table 12.1 

Correlations Between Ancestral Records 

Correlation between 10 2 1,4 293 2,4 

Year 	Line Measurement 

Edinburgh 

1962 	2 Body weight .19 .15 .08 -.14 

2 Egg production .18 .18 -.18 -.12- 

5 Body weight .15 .44 .28 .13 

5 Egg production. .18 -.17 -.01 .04 

Ottawa 

.1967 5 Body weight .02 .10 -.03 -.02 

5 Egg production -.02 -.09 -.10 -.08 

1968 5 Body weight .09 -013 .05 .08 

5 Egg production .13 _.23* -.01 .16 

7 Body weight -.09 -.08 -.08 -.02 
if 7 Egg production ..031** -.08 -.04 .09 

Legend:, 1 - P11 record of granddam (sire side) 
2 - 	ft 	fl 	ft 	. it (dam side) 
3 - Average of part records of sire full sisters 
4 - Part record of dam. 

* Significant at 596 	** Significant at 1% 
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Table 12.2 

Estimates of Phenotypic Variance Obtained from the Sums 
of Squares for Dams and Maternal Granddams 

• Dam .Granddam 
Partitioning according 

to sire - Between Within Between Within 

Year Line Measurement (Part Record) (P11 Record) 

a) Edinburgh 

1962 	2 	Body weight 139.4 150.6 251.7 351.5 
2 	Egg production 15.3 11.4 30.8 57.6 

5 	Body weight 108.5 149.1 316.0 362.9 

" 	5 	Egg production 14.1 12,1 69.0 46.7 

b) Ottawa 

1967 5 Body weight 

5 Egg production 

1968 5 Body weight 

Egg production 

7 Body weight 

7 Egg production 

199.0 200.6 739.4 569.1 

168.1 176.4 1363.5 1657.6 

176.7 199.4 563.5 849.2 

152.4 218.7 . 	1819.3 1341.9 

162.8 153.7. 792.8 691,8 

184.9 184.3 1058.2 1194.8 

LB. 	Body weight entries expressed as x 102  (e.g., 139.4].3940) 
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phenotypic variance from the between and within sire components, 

these results provide further evidence to support the 

assumption of random mating. It may be noted that the estimates 

of phenotypic variance of the body weights are within the 

range suggested by the estimates of variance components from the 

within generation analyses (Table 11.2). On the other hand, the 

estimates for egg production, especially those of the Ottawa data, 
1. 

are somewhat smalle', an indication that extreme production 

records have been avoided in selecting prospective dams. 

12.3. The Regression Study 

As w, noted in Chapter X a number of seemingly aberrant 

records have been rejected from the Edinburghand Ottawa data 

sets. Although the consequent reduction in sample size is 

negligible in most data sets, the repercussions on the 

regression analyses which involve several generations will be 

more serious. For example, the rejection of a record from a 

paternal granddam eliminates an entire half sib family in the 

progeny generation. 

The numbers of observations included in each analysis are 

given in Table 12.3. For the purpose of comparison, theG 

numbers of observations in the unscreened progeny data sets 

are also shown (see Table 2.1 for greater detail). The 

reduction in sample size is seen to be considerable in each 

case, the most seriously affected data set being that of 

Edinburgh line 5'. which is reduced by more than 25%. Although 

the resulting loss of efficiency in the estimation process is 

undesirable, the only alternatives, either to include the aberrant 
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Table 12.3 

The Numbers of Observations in the Analyses 

Part Record 	. 	Full Record 
Year Line Measurement 

	
Sires Dams Progeny Sires Dams Progeny 

a) Edinburgh 

1962 	2 Body weight 	
(799)* 

34 .117 7T[) 34 	116 756 

2 Egg production 34 118 76) 34 	117 758 

5 Body weight 	(591) 29 76 436 29 	75 431 

5 'Egg production . 29 76 425 	. 29 	76 425 

b)Ottawa . 	. 	 . 	.. . . 

1967 	5 Body weight 	(955) 72 21...789 72 	211 779 

5 Egg production 74 225 840 74 	226 845 

1968 	5 Body weight 	(762) 73 '..172 625 72 	168 607 

H' 	5 .  Egg .Production 73 174 635 73 	174 635 

7 Body weight 	(411) 	.77 199 369 77 	198 
3 67 

7 Egg production 77 201 374 77 	201 374 

* 
Numbers of observations in the progeny generations 
shown in brackets. . 

values or to accept unequal numbers in the stepwise regression, 

seem even less satisfactory. 

The results from the analyses are presented in Table 12.4. 

The table consists of three sections: the first containing the 

percentage reductions in the progeny sums of squares, and the 

last two containing the regression coefficients. 
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Table 12.4 

The Regression Study 

N.S. - 1) The analyses have been carried out in three steps: 
1) Using dam record as the only independent variable 

Addition of sire and darn full sister averages 

Addition of grand4am records 

2) The underscored entries are the results using the 
expected value approach. 

I 	Percentage Reduction in Progeny Sums of Squares 
Part pull 

Edinburgh Line'?- (Bw44) 

i) 4.6 ___ 6.2 2.0 
80 2. 8.4 4.1 
9.3 3.9 10.2 

Edinburgh Line 2 (TOTE) 
3 P1.1 

1.6 
iii). 1.3 2.1 

3) Edinburgh Line 5 (BW44) 
i) 	 • 	 .12.3 12 8.8 §l 

19.4 21.0 16.4 13.. 
19.b 21.6 16.5 15.1 

Edinburgh Line 5 (TØTE) 
i) 3.7 .8 1.6 1.1 

3.9 LI. 3.4 
4.2 3.5 

Ottawa Line 5 1967 tBJ365). 
.3.8 2.t1 

8.9 
10.1 :W.9 

110 5 2.tZ 
16.1 .3 
16.5 15.0 

(Contd. 
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Part 
6) Ottawa Line 5 1967 (TØTØ) 

i) 
 

3.6 z 
4.3 

• 
4.0 

6.8 

7) Ottawa Line 5 1968 (B365)) 
•  1.4 

•  .. 	 . 4.1 6 
6.5 

8) Ottawa Line..5 1968 (TØTØ) 
. 1) . 	. 3.1 

3.4 6 
iii) 7.2 

9) Ottawa Line 7 (p365) 
1) .4.2 

7.2 
12.0 48 

10) ,Otta Line 7. (TØTØ) 

•  1.9 
 . 1.9 Lt2. 

II Regression Coefficients: Part Record Analyses 

Full 

5.3 32 
7.8 
8.7 .5.4 

.4.7 2.Z. 
8.6 144 

10.5• 

4.0 
5.1 
7.8 6 

1.6 
14,3 LOg§ 
15.9 fl.2.  

.6 22 
1.5 
1.6 

12.11 

AUI1 	 • • 	• Granddam 
• ••:. 	Maternal Paternal Maternal 

1) Edinburgh Line 2 ( BW44) 
.35 Ald C? CT>) 
.32..11 	.47 .21 •1I.) 
.32 	,57 .1$.01 	 __ .14 ! 

(Contd. 
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Table 12.4 ('Contd.) 

Records Dam 	. Aunts 
Paternal Maternal 

2) Edinburgh Line 2 (TOTE) 

	

1) 	.i5•.21 

	

ii) 	.11 	.23 . 	23 

	

111) 	.12 .12 	.29 ..33 .22 .27 

3). Edinburgh Line 5 (13W44) . 
I) .61 

	

ii) 	.65 ,. 	.58 	2-.19 	Q 

	

iu) 	.68 . 	. 	.60 .62 -1.22 

4) Edinburgh Line-5 (TOTE) . 
I) •52'15 

• 47 09 . 	.21 2.ft .20 •.i. 
.49 	.20 	.15 

5) Ottawa Line 5 (B365) 	. 	. 
1) .39 .42 	. 

.10 	.46 '" 3 	j 

.05 	.44 	2 35 • 

6) Ottawa Line 5 .1967 (TØTØ) 
1) .72 .47 

• 23 	.27 	.75 .26 
.30 	.25 O .67 .22 

7). Ottawa Line 5 1968 (B365) 
.23 

. -.14 	' .27 	.61 	IZ  
...405 	.14 	.43 .09 

8) Ottawa Line .5 1968  (TØTØ) 
.64 
.% 4..30 	.16 47 • 20 .36 

lii) .64 	.16 .41 .08 

Granddams 
Paternal Maternal 

-.06 	.08 .05 

..05 -.09. .02 -.04 

.04 o4 05 2.4 

.03 . 3 .13 '.10 

.22 ..2Z .06 *06 

.10 4 .14 .10 

.20 i& .09 .05 

(Contd. 
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Table 12.4 (Contd.) 

Records Darn Aunts Granddams 
Paternal Maternal Paternal Maternal. 

9) Ottawa Line 7 (B365) .• 

i) .39 	.48 
ii): .02 	.35. .14 .62 	.21 

iii). .09 .03 . .48 	Z .19 45 .1 

10) Ottawa Line? (TØTØ) •• ; 

1) .28 .• 

ii) = .23 	z-1.6. .39 	412 405 	.11 
ui) 3 	

, .41 .05 	.10 -.O2 .00 

III Regression Coefficients: Full Record Analyses 

Records mm Aunts Qranddarns 
Paternal Maternal Paternal Maternal 

i) Edinburgh Line 2 (Bw44) 
ii .25. 

ii) .26 	laq21 .01 	2 
iii) .29 	.09 .27 	14 	.11 .ia 	.04 

2) Edinburgh Line 2 (TOTE) 
. i). .16 	. 

.17 .08 	.13 	-.03 .21 

.17 	.16 -.05 . ..06 	.08.03 

3) Edinburgh Line. 5 (Bw44) 
ii .3128 

,372-.16 
.37 

.. 	.
21 	.38 .28 -.15 .14 	-.01 .06 -.01 .04 

.  

4) Ediiburgh Line 5 (TOTE) 
1) .18..09 

.12 	.2? 	.20 .14 

.12 	.28 .11  . 	• 9 	14 	.-..02 	.04 • 

(Contd. 
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Table 12.4 (Contd.) 

Records 1m . Aunts 

Paternal Maternal 
5). Ottawa Line 5 1967 (B365) 

1) .34•.31 
ii) .17 	.20 	.24 *11 

LU) 	.17 ,2 	.. .21 	. 	.20, .09 

6) Ottawa .Line 5 1967 (TØTØ) 
.32 	. 	. 	. 	. 
.21 1 .18 	.13 O 
.21 1 	.14 U.12 .08 

7) Ottawa Line 5 1968 (B365) 
i). .22 .a 	 . 

.13. ?.,3. . 	.. 27 	16 
iii) .17 	.21 z.21.  .05 .12 

8) Ottawa Line 5 1968 (TØTØ). .. 
.26 	. 	. 
.25 	.16 47 .OQ 
.26 	.13. 	 .2 

9) Ottawa Line 7 (B365) . 
.39 	. 
.28 	.15 	.16 44 
.28 	.05 	.12 .12 

	

10) Ottawa Line 7. (TØTØ) 	. 
0 •.11 

.05 .07 	.10 .09' .07 .06 

Gvanddams 
Paternal' Maternal 

-.01 .10 48 .06 

.15 	.02 	. 

.10 .15 _Q 

.17 .06 .01 

.15 Q.07 

- 	.. 	. " .. 
iii) 	.05 	.11 	.08 .  -.0.1 	. 	.02 ,,0.4 
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Each regression analysis has been carried out in three steps 

in order to Indicate the importance of each type of record. 

For, the purpose of comparison, the results from the, two approaches, 

i.e., the multiple regression and the expected value, are shown 

together;,. ,' 

The percentage reductions shown in Table 12.4 may seem rather 

small. However, it must be remembered .that a large proportion 

of the variation is within family and this variation cannot be 

explained by parental phenotype. 'Even if the heritability were 

1.0, the dams' phenotypes alone could only explain 2596 of the 

variation in progeny phenotype. 

Exact significance tests onthe percentage reductions are 

impossible owing to the imbalance in the experimental design. 

Hence, significant results are not denoted in the table. However, 

it might be instructive to consider a simple example as an 

indication of the magnitudes to be expected. Suppose that each 

of seventy sires is' meted to two dams to produce three progeny, 

i.e., N 420. Further, suppose that  o 	30000 and 

OOO, Then, U the sums of squares approximate their 

expectations, a reduction of 1% owing to a paternal record or 

.8% owing to a maternal record would prove significant at the 

% level when tested against the appropriate error term. I 

the null hypothesis were true, then the expected reductions 

would be only .26% and .21% respectively. Thus, we sea that the 

percentage reductions in Table 12.4 need not be very large to 

be significant. 

One of the more notable features of Table 12.4 is the 
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discrepancies between the results from the two approaches. 

Although the percentage reductions agree fairly well in some 

instances, e.g., Ottawa line 5 (1967), in others, the estimates 

differ considerably, e.g.,. Edinburgh line 2. Even when these 

values are similar, large differences can be found in the 

regression coefficients. A possible explanation of the 

differences lies in the pooling of results from the within 

generation analyses to obtain estimates ot the various components 

required in the expected value approach. Nevertheless, the 

within generation estimates of Edinburgh line 20  the line noted 

above, are more homogeneous than those of the other lines 

considered in this study. It would appear that the discrepancies 

are due at least In part .to tnadequaàies In the underlying 

genetic model 	The discrepancies are particularly disturbing 

In commercial traits such as body weight and egg production for 

which Important economic decisions may be based on predicted 

response. 

Ottawa line 5 provides an opportunity to compare two sets 

of results from the same line, L e., the art, lyses. of 1967 and '1968. 

The percentage • reductions in the multiple regression analyses 

of TØTØ are similar in the' two years but the reductions for 

BW44 are .considerably larger In 1967 than in 19689  a further 

indication of the difficulties involved In analyzing commercial 

traits. The differences between the results from the expected 

value approach are attributable entirely to experimental' design 

as the same variance components were used for both years, The 
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greater importance of the darn and sire family means in 1967 

reflects the relatively larger family size in the parent 

generation, i.e., 1966 (see Table 2.1). 

The results from the Ottawa lines cleaz1y illustrate the 

possible. value of ancátral records to selection indices for 

which part records only are available from the current 

generation. The percentage reduction in each expected value 

analysis of B365 is increased by approximately a third when the 

graiddam records are included. The improvement is even 

greater in two regression analyses of the samètrati,.e., 

line 5 (1968) and line 7, where the increases exceed a half, 

the second of which is an absolute increase of 4.8%. However, 

the largest relative increase is. found in the regression 

analysis of TØTØ, line 5 (1968), where the percentage, reduction 

has more than doubled from 34% to 7.2%. Although the absolute 

increases are smaller in.the-expected value analyses:of. TØTØ., 

they are still of relative importance. Perhaps the most con-

vincing evidence of the value of the ancestral records is that 

in most analyses the contribution of the granddam records to 

the total percentage reduction is of the same order as that of 

the full aunt family averages. 

Interpretation of the results from the Edinburgh lines is 

more complicated. In particular, the results from BW44 of 

line 5 are unusual. These will be discussed at the end of this 

section. Thepercentage reductions from the other analyses are 

similar to the less outstanding ones from the Ottawa data, e.g., 

the expected value analyses of .TØTØ. 
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As we should expect, the addition of the granddarn records 

in the full record analyses contributes less to the selection 

indices, though even in these cases the contributions can be 

important, e.g. 'XØ'Ø of Ottawa line 5 (196$), 

In order to determine the most effective breeding programme, 

that is, one using part records, full records, or a combination 

of the two, further information such as costing would be required. 

Still., no .nxatterhich programme is adopted, it is clear that 

genetic improvement can be enhanced by including the ancestral 

records in the selection index, 

The method of presentation in Table 12.4 precludes the 

comparison of the merits of similar records, e4g* P 'those from 

the paternal and maternal granddams. However, the magnitude of 

the regression coefficients would suggest that the paternal 

records, particularly the sire's family average, are Jnuch more 

important than the corresponding maternal records 	The high 

covariance between the dam's own performance and her family 

average is reflected in the negative correlation between the 

estimates of the regression coefficients (see, for example, the 

analyses of TØTØ  Ottawa line 5 in 1967 and 1968). 

In conclusion, the unusual results from BW44 of Edinburgh 

line 5 should be noted. The reductions in sums of squares 

from both the multiple regression and the expected value 

approaches imply that the part records provide more information 

• • concerning progery phenotype than do the full records. Although 

such a result from either approach could be attributed to random 
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vaiation, it is difficult to accept this explanation when the 
results from the two approaches concur. 

12.4. The Regression Study: Two Generations 

The scope of the study in the last section was restricted 
by the need for data from three consecutive generations. How.* 
ever, if - the third step of the regression analysis is avoided, 
that is, the gran4dain record are not required, the analysis 

can be applied to four other data sets. Although the results 

provide no further information concerning the value' of ancestral 

records, they are shown in Table 12.5 as evidence' of the 

variability within line and trait from year to year. Typical 

of this variability are the results from B365 of Ottawa line 5. 

The reductions in sums of squares from:the full record analysis 

correspond closely with those from the 1967 analysis (Table 12.4) 

and yet the results from the part record analyses bear little 
resemblance. 

The results from BW4 of Edinburgh line 5 are of particular 

interest. The corresponding analyses in the last section. 

suggested that the part records could better predict progeny 

phenotype than the full records, The results in Table 12.5 

clearly do not support this conclusion. 
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Table 12.5 
The Regression Study: Two Generations Only 

Part Records Full Records 
Coefficients Coefficients 
Dams• 	Aunts Dams Aunts 

1) Edinburgh Line 2 	1961 	(Bw44) 
ii 	6.1 .42 10.0 .35 

ii) 	7.6 .40 	.40. 	.05 10.9 .32 .16 .15 
2) Edinburgh Line 2 	1961 	(TOTE). .• 

i) 	.6 .18 1.7 .16 
• :ii) 	1.7 .17 	.52 	.13 1,8 .15 .05 ,07 

T 	3) Edinburgh Line 5 	191 	(BW44) 
i) 	2.9 .26 903 .36 

4.0 .35.13 	-.29 11.3 .38 .26 -.06 
4) Edinburgh Line 5 	1961 (TOTE) 

.21 2.3 
: 	

1.5 .12 	.07 	.38 4.3 .13 .20 .26 
5) Ottawa Line 5 	1966 (B365) 

1) 	'3 .  -.04 11.1 .29 
ii) 	2.0 .02 	-405 	-.13 .• 	15.8 .33 .22 -.06 

6) Ottawa Line 5 	1966 (TØTØ) 
• ii 	• 	.2 .11 1.5 .15 

ii) 	2.0 .22 	• .50 	-.15 • .18 .07 -.06 
7) Ottawa Line 7 	1967 	(B365) . 	. . 

ii 	8.2 .51 14,4 .36 
ii) 	11.7 .42 	.44 	.15 19.3 .19 .26 .22 

6) Ottawa Line 7 	1967 • (TØTØ) 
i) 	1.0 .4 2.7 .21 

ii) 	3.2 .16 	.81 	.30 40 .09 .18 .16 
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12.5. A. Separation of the Percentage Reductions 

li some breeding schemes, selection pressure is applied 

only to the parent of one sex, The results presented in 

Table 12.4 provide no information concerning the value of the 

granddam records in such. instances, In order to examine thLI> 

situation, the analyea of the expected value approach have 

been repeated using the maternal and paternal ancestral 

records separately. The regression analyses have been carried 

out in 	steps r  including first the appropriate full aunt 

family averages and the dam records (maternal side analyses 

only), and then the appropriate granddam records in the second 

step. The percentage reductions owing to regression observed 

in the progeny sums of squares are shown in able 12.6, 

The value of the paternal granddain record is :apparent 

n these results, especially when only part. record inform-

ation is available from the full aunts. The percentage 

reductions have been increased relatively by more than 50% 

in most eases. Though the 'relative increases are smaller—

when 

maller

when the full record information is known, amounting to approx-. 

inate1y 30%, the increases are still considerable. Not 

surprisingly, the records of the maternal granddams prove less 

useful, noteworthy increases being realized only when part 

record information is available on the parent generation, and 

even these increases are only in the order of 20%. 
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Table 12.6 

The Regression Study: Maternal and Paternal Ancestral 
Data Considered Separately 

N.J3. - The two steps in the regression analysis include: 
i) independent variables from the parent generation 
only and ii) from the granddams as well 

Percentage reductions 
Paternal Maternal 

Part 	Full Part Full 
 Edinburgh Line 2 (3W44) 

i) 1.18 	1.59 189 2.61 
177 	209 2.33 2.96 

 Edinburgh Line 2 (TOTE) 

2.09 
_ 

1.92 3.28 
- 1.82 	2.45 . 	-- 

_________ 

2.28 3.48 - 	- Edinburgh Line 5 (W44) 
- 

7.49 	5.08 14,08 9.19 
8.08 	6.06 14.48 9.73 

 Edinburgh Line 5 (TOTE) 
1) .82 	115 1.15 1.70 

1,25 	1.52 .1.47 1.96 
 Ottawa Line 5 1967 	(B36-5) 

i). 2.25 	3.62 	. 5.69 1r0s09 
3.99 	4.77 6e80 10.50 

 Ottawa Line 5 1.967 	(TØTØ) 
i) 1.19 	1.33 2.94 3.34 

1.80 	1.93. 3.35 3.69 
 Ottawa Line 5 1968 	(3365-) 

a.) 2.71 	4.60 6.05 10,44 
4.27 	5,46 7.14 10.78 

 Ottawa Line .5 1968 	(TØTØ) 	- 
.i) 1.56 	1.76 -  3.22 3.67 

2.13. 	2.27 3.59 3.99 
 Ottawa Line 7 	(8365) 

a.) 3,43 	5.89 8.29 15,03 
5.56 	6.93 9.59 15.24 

.10) Ottawa Line 7 (TØTØ)  
 .60 	.88 1,03 174 
 1.02 	1.25 1.39 2,02 
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CHA?TR XIII 

A Summary of the Work 

The present study has covered a wide range of topics 

related to the statistical practices in poultry breeding. The 

more important conclusions of the work will be summarized in 

this chapter. As the subject matter is diverse, it is more 

convenient to present the results in "point form. The 

sections in which relevant material has been discussed will be 

indicated in brackets, e.g., Section 4.3 as (4.3). This 

convention is not to be confused with the one adopted in earlier 

chapters when referring to expressions. 

1, 	The great difficulties involved in recording and processing 

large amounts of data have been apparent throughout. Even 

though the original Ottawa and Edinburgh data sets were prepared 

with considerable care, a number of obstacles were encountered 

in reorganizing the data for the present study (2,3,2.4). 
There is no broad solution to this complex question; each. 

research project will have its own specific complications. How-

ever, the work involved in processing the Ottawa and Edinburgh 

data emphasizes the importance of careful planning in the 

preliminary stages. A detail as apparently trivial as the 

coding of the test birds load to a considerable tipplification 

in subsequent computing (6.5). The cost of processing was 

reduced notably by simply recording the information on magnetic 

tape without format (2.6). The analysis of the data was hastened 

by the introduction of various options in the general programmes, 
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e.g., the capacity to.modify input at execution time (2.8). 

The choice of suitable algorithms for general applications 

such as data sorting helped to improve the overall efficiency 

of the system (2.11). 

The appearance of aberrant values can have serious 

repercussions on statistical analyses. Two types of aberrant 

value, measurement error and low production, have been shown 

to cause considerable bias in the hierarchical analysis of 

variance (4 i2)6' The most important effect upon the estimates 

of the variance components is the inflation of the within family 

component.. Consequently, the aberrant values will tend to 

depress the heritability estimates from the analysis of variance 

(4.4). This bias can be extreme examples are given in the 

text (Tables 4.4 and 7l) where the expected values have been 

reduced by 33% when aberrant values occur with probability less 

than .03, 

Although aberrant values generally reduce the heritability 

estimates, the effect may be in the opposite direction in 

specific circumstances. For . instance, : aberrant values in full 

sib families consisting of a single progeny are likely to 

inflate the estimates of genetic variance and heritability (4.4).. 

Estimates of phenotypic covariance need not be biased by 

aberrant valueE. Random measurement error, for example, will 

leave the estimates unbiased. On the other hand, character-

istics which affect both variables, that is, traits such as 

dwarfism in body . weights or non-laying in egg production, will 
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tend to inflate the estimates (11.5) 

Bias is not the only effect of aberrant values; also 

of concern is the increased variability of the estimates. In 

analyzing thi Edinbur'gb and Ottawa data, it was not uncommon 

to note shifts 01P more than one standard deviation in the 

• heritability estimates when, several aberrant values were removed 

or,replaced (11.2, 11.3). Furthermore, .large differences 

between the estimates of heritability from the sire and dam 

components, differences which a breeder might assume to reflect 

genetic factors, were found to be attributable to a very few 

aberrant values (11.2, 11.3). 

The problem of variability is magnified when higher order 

moments are considered, Three aberrant values among 585 

observations were observed to increase a t statistic for 

kurtosis from ,05 to 63 (9.6). 

The occurrence of aberrant váiuàs cn also be important in, 

a linear regression axia1ysi. The bias in the estimate of the 

regression coefficient owing to random measurement error 

approximates that in the heritability estimates from the analysis 

of variance (4,5) but the bias in the residual sums of squares 

exceeds' that in the corresponding term of the hierarchical 

analysis of variance (4.6). The first result implies that 

similar bias can be expected in the estimates of heritability 

from the analysis of variance and parent-offspring regression* 

The economic costa of aberrant values are suggested by 
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their effects on a selection programme designed to improve 

production. Owing to bias in the selection differential and 

the heritability estimate, the predicted response may be much 

larger or smaller than the actual response (7.2, 7.3). Hence, 

initial decisions based; on these predictions may prove ill-

advised in the long run. 

However, of greater importance, the aberrant values may 

impede actual improvement when genetically inferior individuals 

are selected to serve as parents (7-3)- 

Though some geneticists would argue that to include 

aberrant values in the standard statistical analyses is moon-

sequential (or even desirable), the results discussed above 

refute their claim. Aberrant values will often necessitate 

some form of remedial actioi, whether it be their removal or 

an adjustment to the genetic model. In particular, a new and 

more realistic model is needed to describe traits such as egg 

production where low measurements appear occasionally.,  

The detection of measurement error will frequently be a 

difficult task. Univariate screening prOcedures are unable to 

detect aberrant values consistently unless the magnitude of 

error is large (5.29 5.3, 10,4). 	Furthermore, one procedure, 

the residual method (3.5), becomes ineffective when the full 

sib family size is small 

A@ivariate procedure, the correlated variable method 

(3.7), proves to be a more powerful tool for locating random 

measurement error, especially when the• correlation between the 
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variables is high (5.4). However, even this method will often 

overlook errors of considerable magnitude. Moreover, the 

method is of little use in situations where the observations from 

both variables are aberrant, e.g., low production, dwarfism, 

etc. (10.4). 

Excessive screening of data may create more serious problems 

than it resolves. The unintentional removal of true values from 

among the data may introduce serious bias into estimation from 

the analysis of variance (6.5). In particular, the residual 

method tends to reduce the within family sums of squares dis-

proportionately and hence to inflate the estimates of 

heritability, especially those from the. dam component. The 

observed value method (3.6),. on the other hand, has less influence 

upon the heritability estimates as it reduces the between and 

within family sums of squares similarly. 

In another context, injudicious screening may slow, the 

progress in a selection programme by removing genetically superior 

individuals because their phenotypes appear aberrant (7.4). 

Because the screening of large data sets can consume so 

much of the researcher's time, it is essential that advantage. 

be  taken of any techniques which facilitate the process. On-line 

graphic techniques are extremely useful in this regard. For 

instance, histograms (3.5) and scatter diagrams (2.9, 3,7), 

plotted in seconds by the computer, may immediately reveal 

irregularities in the structure or distribution of the data. 

In screening large data sets, considerable time can be 

spent in.inspectlng outlying observations which prove to be true 
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values, Incorporating the features of aeverel screening 

procedures ma single procedure, e.g., the combined method 

(6.1) , may help to reduce the work load without seriously 

impairing tie effectiveness of the overall screening process 

(6.3, 10,4). Furthermore, some of the detrimental side-effects 

of the original procedures may be mitigated (6.5). 

...Unless the analysis is modified appropriately, the presence 

of relatives in a mating population can cause serious bias in 

the estimates of variance ,components obtained from the resulting 

progeny, even when inbreeding is avoided (8.8) 	However, this 

difficulty is of little importance in the present study as the 

biases in the analyses of the Edinburgh and Ottawa data are 

negligible (8.6). 

The application of Nerat's procedure for identifying major 

gene effects cannot be justified from a theoretical or practical 

point of view. Five comments are offered in support of this 

contention: a) the power of the test is unsatisfactory (9.3); 

b) when family size is variable, evidence of major gene effects 

may be overlooked in the larger families (9.4); a) owing to the 

partitioning of the data, the 92  statistic is biased (9.5); 

d) the procedure lacks robustness against aberrant valueaO(9.6); 
and e) there is confusion as to whether a significant result 

indicates a genetic or an environmental effect (9.6). 

In attempting to choose the individuals best suited to 

serve as parents in a selection programme, the breeder should 

consider the possibility of using information regarding relatives 
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contained in the data from earlier generations, especially if 

the measurements from the current generation are only part 

records. In the present study, it has been shown using the 

Edinburgh and Ottawa data that full records from female ancestors, 

in particular, the dam, can add considerably to that knowledge 

concerning anindividual's breeding value which can be obtained 

from the past records of the individual and its full sibs (.2.3). 

However, the ancestral records prove less useful when the full 

records of the current generation are available (12.3).  Even so, 

the records will, be of value in this case, if, for example, the 

trait is of low heritability and half sib information is not 

accessible. It should be emphasized that these conclusions 

relate to only two traits, egg production and body weight, in two 

poultry flocks; clearly, further study is necessary to ascertain 

the Importance of the records in general. 

14. There are disturbing discrepancies between the results from 

regression of offspring on parent and/or grandparent and the 

results predicted from within generation analysis (12-3,,12.4). 

Though such results have come to be expected in genetic studies, 

it is disconcerting that theyQahould appear in economically 

important traits. The value of statistics derived from 

heritability studies, e.g., heritability estimates, selection 

indices, seems open to question. 



APPENDIX I 

The Derivation of the EMectations  

of Chapter IV 

The various expected values required in Chapter IV are 

derived in this appendix. Most of the notatton has been 

defined in chapter IV. 

A1.3. Expected Values for the Analysis of Variance 

The expectations of four expressions are required, 

namely those of z 	
2 , 	2 	 2 

/ , and 2 /N 

	

tj) ijk•. 	ii.. ij 	i.. L• 

We shall consider the expectation of 
f
y/n in detail, 

the others will follow directly. 

Lot u and v ( n-u) denote the numbers of true 

and aberrant values in the ijtb full sib family. Note that 

under the assumptions of Chapter IV these variables are 

distributed binomially with probabilities p and .q respectively. 

Relevant expectations from the binomial distribution are 

given in. appendix XI. Let 	and kijk 
represent the 

summations over the- true and aberrant values of the ith half 

sib family. Then, we have that 

y+ Z(1z+aj+bj+cjk) 

t ktik.!k0ti1CJ +. 
(ui (U+lXj)+vj (u +aj.fl 

+ 

The expression enclosed in each set of square brackets is 

typical of one type of term found in the other summations, Y 
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and.Y. The three types can be characterized as follows;; 

i) the parameters of each Y 	in the summation are different; ijk 
ii) the parameters of each Y ilk  are identical; or iii) the 

parameters of some Y 	are identical. Let us consider the 

expectation of the uarc of each expression. It I will be 

used to denote ij  E( 

i) 	Et(C 	+ c 2fl 	ELua + Vij 

np4Y + U, (uaiziy (A21)) 

EtEUu (la+cxj) + 

* E[u i.(+a) + v 

	

	 + 2UiiUa+O ) I 

+ 

+2n (using (A22) 

and (A2.3)) 

iii) Let Bi t I denote Et 

Then 	 + 

* ELE1t U 	+ 2 0 + 

;- P( 	 !L cv +4 	fl) 
ni.  i. -1). 	

• 

+* (r  
b j L(11iU1) i• i 	.t• 

+ 2 2  Z 
U O v 	______ I 

	(using (A2.7) 
db4 	.'n• —P ' 	• 	 • 	and 0,2. 8) 
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2 
Inii 	(u (U - -1) a 2 d+v l. 	

2 
j 

i. 

Uj vi. r 2 2 	2 
+ 	j-(ø+ab_2adb) I 

	

= i. 	 db + En 

(using (A23) and (A2..4)) 

where u for given Uj has a hypergeornetric distribution, ij 

fi4\

~Aij 
.i. 	. 

\u
il 
) 	_Ujj) 	ij ) 

the relevant expectations of which are given in Appendix II. 

Since the expectations of the cross products of the three 
= pãrtitiôns are zero, we have that 

ELZY 2 /n 3 	S(pc 2 +q 2 ) + (Np2+Spq)(a2+a2) + (Nq2+Spq)( 2+ 2 ) 
55 

+2pq(N-0) (u p 5+a) + 

	

ij 222.2 	2 + E 	(p 0 +q a 
b
+2pqø db ) 	(Al. 1) 

The expected values of the other summations can be obtained in 

a similar manner. For exaxnple, 
U 	 V 

= 	(*+ + 	+ jj ) .+ 

t 	+8) a+b)3 + 

The expressions enclosed in square brackets belong to types ii) 

and. i) respectively.. Hence, the expectation can be written 
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D(pa+qa) + 	 +0 1 + 

(Nq2+Dp) (u+u+c,) + 2pq(N-D) 	
asdb 

(Al2) 

Similarly we have that 

	

EkYikJ 	Np(p 2+a+a+o) + Nq(u 2+a 2++a) 	 (A1.3) 

and EfY 2 /N1 	10 p 	+ 	+ (Np2+pcahi 2  + (Nq2+pq)p2 + 2 

+ 2pq(N-1)141 + P(a+ +a+a+ab+c1_2cY_2c1db) + 

- 2 	 2 
___ 22 22 	2 	i. 2222 	2 

	

+ 	- 	(p a+ a+2PO) + 	 ap.  a+2pqu 8a )  
N 	 N 	

(A14) 

A1.2 Expected Values for the Linear Regression Analysis 

The expectations essential to the theory of Sections 

4.5 and 4.6 are derived below. Other expectations, less important 

to the discussion, are given without proof, their derivations 

bein4 rather lengthy. 

Let the variables Tx  and T represent the true parts of 

the variables X and Y, and the variables Ax  and A the aber- 

rant parts. Then, for example, the observation X may,  be 

represented by T +:Ai.. Since Ax  and A are distributed binomially 

taking a value -c with probability q and a value 0 otherwise, 

Var(A) Var(A) pqC2  

hence, owing to the assumptions of independence, we have 

(N-L)Var(X) 	(N_1)Var(Tx+Ay) 

= E(T.T) 2+ pq(N-1)C2  



EZ(Y 	)ZJ 	
(l)Vax(? + ) I. 	* 	 r 

. 	+ 

+ 	 + pUN-l)C2 
	(All 6) 

and m 	) (y 	) I 	(N-lCev (A 
+X1, , + ) ji. 	i.. 

(.t) 

+ O17(A**ty )  

i.. 	-. 

The. next derivation requires additional notation iet the 

numbers of true and arrant values frcm the X and Y easuremonti 

be denoted by u,u, and v respectively. Iurther, let 

entdenote the numbers of true X values paired with tree and 

aberrant T values Similarly, u and U4 ,V111 denote the uumbe 

of aberrant Z values paired with true and aberrant Y values. 

Thus, for example, u1+u2  * u and u+n3  u. $urmiaUons over 

the groups will be represented.as Yi  Y,eta.. 

For given u and uyr  each of the variables u3, u2,31 t, d 

have a bypergeonetric distribution. As an example, aona.der'  

Le., p(u41c jUVUY 
	There are v aberrant values among the Z 

observations, In order that uk, there must be k aberrant valute 

and vek, true values among the corresponding Z observations. Such 

e sample may be obtained in. 



Dividing by the number of ways of sampling v values from among 

the Y values, we have that 

(v (u\ /(N 
p(u4ck I 	 k ) 	)/ 

	

. 	X) 

The object is to derive t((x 	 Denoting 

the residual term by € 	 we have that YIX 

-- 	 -VY _ (X_X)(Y_Y) 	Z(T-T +rC) (B(T  

- V 	- '1 	- 
+E (T -r +-C 	 ) 

U3 	-UX -VT 
+ 	(Tr---C') (B(T-T)+c+-g) 

U4. •_ 	 - U , 	- 
-T -T )—+e -c N. 	i 	N 	i.. 

= T:.) : 
	

+ 

+ CZ (T - ) + C E(T-T) + C 

where () 

(V -u4 ) nxvy+u4uxuy) 

() ('U2VN + u4UxN) 
VV 

()• ((vyu4)vx  + U4U) 	 - _ 1.) 

- v
--CU 	vxCu2- -CU 	- • uC4 

and 	 + _-f(Cj_€) - -- 

vcux 	-. 	Uxevx • - 
-ii1 (ce)  - jr1 ( j C) • 
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% +ux UX.. Cr 
J 

. 1 
(because 	) 

I 	• 	I 

uUx 

	

similar steps yield te terms ezVI  t;- L)and $CE (T 	). 

Otng to the assumptions of in4ependence. and .te results 
UX  

(vv.)/ and 	 O the expectations of the 

cross products of. the ters of (Ai8) can be seen tobe zero. 

Consider the following: 

I) 

• 

Y•Xj,i 

ii) Let EL I denote EL 

vxvy____ 2 4 	4 UZ'UyVy 
than E U I (u4  -----i—) 	I I 	C E 

• 	 N (U1) • (using-(2.6)) 

N_iTUztyyI 	. 	-• 

c4 (Nup22  
N(N-i) 	 • 

- 	 - 	 (-Lug (A2.3)) 

Lii) EE* fC2X j_))jI 

c2EIE 1•X(_ )2 + 

. 	
• 	2 2 u(I) U(U 1) . 

-. . 	
- 	ayxCEtrw.i 	. -. 

a2   C 2 (p(N-i) p(N-i)) 
(using (2..i) and 

	

* pq(Ni)4C2 	 (A24)) 

2- 	2 	-2- 

	

Similarly, we have E((C (T1- )) I 	pg-C E(-ir ) 

2 	2 

	

and BLOC( _))3 	pC2E( :T 
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Hence, collecting all the terms, we obtain 

(" ) 	82(E(T ...)2)2 + 	 2 
y X1 

+ pgC2((l+2)T1-T 2  + f_I)(+Pc2 )) 	(AI.) 

The additional expressions required in Sections 4 • 5 and 4.- to 

evaluate expansion (46) are as follows: 

Var(Z(X1-)2) 	(L)p(N_1_2(2I_3)pq)c4  

+.4p 	 (Al.lO) 
L 

Cov(T(X - ) (Y - ) , E(X 	)2) 	2pqc3C2 E(T - )2 	(Al 11) 

	

i 	 . 

. 	) 2 )  

c4 (N.1_2(2N_3)pq)((w_1)(G2  +pqC)+2(T __ ) 2 )  

+ 2pq(q-p)2c(T1- )3 : 4p82c2(c:1-: )2)2 

+ 4pqC OF 	(----) ;(T— ) 	 (Al 12) Y. 	N . 	 - 



Appendix II 

Miscellaneous Expectations 

The expectations from discrete distributions which are 

required in Chapter IV and Appendix I are given below. 

Derivations are included for those expressions which cannot 

be obtained directly from' Kendall & Stuart (1963). 

A2.1 	The Binomial Distribution 

Suppose that f(x) 	(N)pXqN•X, 	Then, 

E[x] = Np (A2.1) 

Ef] = Npq+ Napa 	' (A2.2) 	' 

E[x(N-x)] 	E[XN_Xa] 

= pN2 	Npq' — N2p2  

= Npq - Npq 	N(N-l)pq (A2.3) 

E[x(x-l)] 	Etxax] 	 ' 

.N p2  + Npq — Np  

= N2p2 — N? = N(N-l)p2  (A2.4) 

A2.2 	The Hypergeoxnetric Distribution 

Suppose that f(x) = ()()/(). Then 

E[xj 	'na  (A2p5) 	' 

EC(x- 	= Var(x) 

an(N-a)(N-n) ' 	(A2.6) 
N2  (N-1) 



A2. 

= Var(x) + (Etx)) 

= 	 ((N-a)(N-n) + an(N-1)) 
Na(N-I) 

an 
= 	

(n(a1) + Na) (A2117) 

E(x(n-x)] 	E[nxxa] 

e-1) n~a 	an 1(n(TIr 

= 
	(n( N-1) - n (a-I) + Na) 

an 
= 	1(Na)(n-1)  

The Mu1tinomiI Distribution 

Suppose that f(x,y) 	 • pxqYx.wN&Y. 	Then, 
xy (N-x-y) 

Np. 	• 	 •• 	 •• 	
• (A29) 

Var(x) = Np(q+r) (A2. 10) 

Cov(x,y) 	=.Npq 	; 	 •• 	
• (A2.11) 

Ex- 	Var(x) +(Etx])2 

= Np(q+r) + NaPe 	Np(Np + q + r) (A2.12) 

E[xy] = Cov(x,y) + E[x)E[y] 

= -Npq. + Npq = N(N-1)pq (A213) 



3A. 1 

APPENDIX. Ii 

Aeants 'In Edinburgh Body Weights 

The appendix contains a list of those 20 and 44. week 

body weights from the Edinbu±'gh data which appear to be 

aberrant. In each case, the bird.number and the five body 

weights are given; the one which has been considered 

aberrant is underlined. An asterisk is used to denote those 

entries which have been proven incorrect by reference to the 

original hdusiñg sheet. In a number of caes, it is clear 

that, more than one weight from an individual is aberrant, 

e.g., No. 252 from line 5 (160). However, only the records 

relevant to the studiep 'f Chapter, X are indicated,, If the 

entry has been replaced, the o new value is shown in the column 

headed "Change". If it has been removed, the appropriate 

space is left empty. In each case, the screening procedures 

which identified the aberrant' values are Indicated with x's 

in the columns to the right. Note that the records of some 

individuals may not appear unusual in themselves, e.g., Na. 1601 

from line 2 (1.960) 0  but do so when compared with the records 

of the full sibs. Thedifficulties involved in compiling this 

list are discused in Chapter X.. " ' 
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Table 3A.I 

Aberrant Values Among. Edinburgh 
Body Weights 

Bird BW12 BW20 BW28 BW36 BW44 Change Identiieby 
No. 1 2 3 

Line 2 64 1040 1670 1660 1640 1400 x x x 
1960 121 1020 1750 1870 1980 1600 x 

302 770 1750 1490 1730 1710 1250 x 
473 1030 1710 1870 2120 1790 x. x 
483 910 1380 1760 1890 1450 x x x 
721 1040 1770 1870 2050 2470 x x 

1250 990 1510 1900 2030 2500 x 
1601 970 1800 1950 1980 2120 x 
1765 800 1300 1700 1760 150 x x 
2227 1140 1720 2130 2200 1890 x 
2269 840 1450 2060., 2270 2610 x 
3091 760 1300 1770 1920 1520 2020 x X. x 

Line 5 86 750 1420 1940 2060 1540 2040 x 
1960 252 800 1250 1500 1000 1060 . x x 

364 920 1850 1730  1810 1780 1350 x 
450 1010 1440173018001410 1910 x x x 
724 1060 1.730 2150 2360 1820 2320 x 
785. .690. 1290 1780 1.20 1470 
851 980 1030 1930 2060 1980 1530 x. x x 
866"820 1390 1760 1720 1200 1700 . 	x x x 

1627 1010 1570 1940 2030 2670* 2170 x x x 
1665 1080 1540. 1980 2110 2680*  2180 x x 
1749 1120 1700 2220 2310 2880 2380 x x x 

**l, - Correlated variable method 	• 
2 -• Observed value method 

3 	Residual method 	. 



BW36 BW44 Change Identified 1 
1 	2 	3. 

2060 2060 1590 
1840 290*  1890 
1570 ?650*  1650 
1680. 1190 1690 
1820 1840 1290 
2340 1880 2380 
1670 2130 1630 
1960 1550 2080 
1940 15.40. 2040 
1670 1,190 
1850 . 1370 1870 
2190 1740 2240 
2020 1700 
2260 2190 1430 

2250 2220 1590 
2020 1510 2010 

3A. 3 

Bird 
No, 

1806 
2105 
2149 
2151 
2161 
2302 
2422 
2486 
284 
2681 
3029 
3169 
3251 
3301 

3303 
3369 

142 

485 
506 

0529 

535 
57]. 
586 

748 
808 

1003 

1345 
1352 
1728  

Table 3k.]. 
(Continued) 

BW12 BW20 BW28 

950 1090 1910 
870 1480 1840 
790. 1130 1520 

910 1310 1660 
680 1790 1770 

1060 1810 2180 
750 .1300 1570 
890 1510 1830 
590 1220 1450 
800 1360 1680 
790 1300 1670 
880 1510 2020 
910 1400 1850 
890 130 .2140 
830 LUO 2130 
970 1510 1930 

940 1520 1480 
860 1410 1820 
780 1350 1550 
870 1460 1600 
910 1610 1810 
880 1550 1520 
860 1870 1570 

1020 1610 1560 
760 1880 . 1470 
860 1470 1750 

.890 1480 1670 
1030 1880 . 1930 

940 1500 1800 

1740 2450 1750 
1940 1610 2110 
1530 2100* 1690 
1600 1000* 

1870 1570 
1620 .1390 
1650 1800 	. 1370- 
1740 1450 
1560 1590 .• 1380 
1910 1530 2030 
1830 17O 
1950 1600 
1790 157Q 

Line 5 
1960 

Line 2 
1961 
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Table 3A.1 
(Continued) 

Bird. BW12 BW20 BW28 8W36 BW44 Change Identified by 
No.. 1. 2 	3 

Line 2 2083 930 1450 .1750 2050 2480*  1980 x x 
1961 2085 850 150 1740 1850 80 1780 x 

2113. 1010 1880 1830 2140 2330 . 	. x 
2302 900 1550 160 1790 2270 1770 x 
2590 970 1590 1770 1590 1270 x x 	x 
2922 860 1530 2070 2200 1750 2250 x 
3023 920 1400 1480 1630  1400 x x 	x 
3163 860 1340 1420 1480 12 . x x 	x 
3242 1020 1580 1990 2200 1860 x 
3267 920 1850 1650 1850  1860  1350 x x. 

Line 5 142 1000 1990 60 1850 2080 1490 x x 	x 
1961 481 980 1440 2120. 2230 1550 x x 

992 . . 970 1390 1880 1910 1580 x 
1008 1040 110 1820 190 l9 x 
1188 1060 

11922 1830 2130 2010 x 
1283 1020 . 111S. 1860 1940 210 x 
1627 880 1490 1740 1810 1310 1810 x x 	x 
1644 830 1330 1740 1810 1?90  1790 x x 	x 
2303 780 1290 1680 1740 1220 1720 .x x 
.324 820 1230 1680 1770 1480 x 
2342 .800 1230 1610 1560 1210 . x x 	x 
2390 770 1200 1580 1630 . 2000 x 
2430 1010 1420 1850 1990 1680 . z 

2505 800 1280 1800 1800 1380 1880 c x 
2541 640 1240 1660 1790 270 . 	. 

2824 980 970 1790 2040 2070 1470 x x 	x 
2904 980 1440 1810 1890 22Q x 
2987 880 1280 1660 1740 1410.. . .x x 
3.182 930 1420 1840 1930 147.0 1970 x 
3186 . 	790 •  1270 1690 1800 3530 . . 

3481 800 1280 1720 1630 1160. x x 	x 
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Table 3A.1 
(Continued) 

Bird BW12 BW20 BW28 BW36 BW44 Change Identified b 
No. 1 2 3 

Line 
1962 

 368800 1340 1690 179050 1850 x ,c 
2667 750 1350 1940 2100 1780 x x 
2731 830 1,840 1940 2060 2130 x 
2801 880 2801* 1710 1860 2180 (3 'C x x 
2970 1200 1410 2200 2390 2430 1910 x 
3545 940 1340 2000 2110 1840 x x 
3566 910 1440 1900 2110 28J  'C 'C 
3632 990 1170 1600 1950 2140 x x z 
3669 1090 1820 2450 2760 2220 2720 
3753 910 .1.610 1730 1830 1910 1310 x 
3763 960 1040 1630 1940 1980 x x 
4158 970 1610 1730 2010 14O 1980 x x x 

Line 5 566 940 1400 200 1850 1590 x 1962 
1145, 1020 U4 1840 1750 1990 'C  o x 
1242. 780 1640 1380 1540 2060 x 
2182 1170 1720 2310 2360 13.40

*  
2340 x x x 

2262 1010 2262* 2160 2250 2290 x x x 
2747 1050 1570 2130 2230 jL4.0 2240 x 
3165 960 1480 2090 2010 1590 2090 x 
3461 .1.000 1450 190 1960 1220 z x x 



APPENDIX IV 

AG1osSar of the SymbOls 

The meanings of most symbols used in the text are indicated. 

below. Those symbols which are not included appear in the text 

only within a page or two of their definition. The page where 

each symbol has been introduced is given. For each symbol used 

in the statistical model of Section 4.1, . the type of observation, 

i.e., true or aberrant, with which the symbol is associated is 

indicated. 

Sbo1 Page DefinItion 

4,1 Sire effect (aberrant) 

4.1 Sire effect (rue) 

4.1 Dam effect, within sire (aberrant) 

8 4.13 Regression coefficient of the correlated 
variable, 

Cl.Dam effect, within sire (true) 

c 4,3 The difference between population means of true. 
and aberrant values. 	Denoted as C,and C2  
when more than one type of aberrant value 
is considered. 

3,3 Multiple of standard deviation used to 

determine cutoff or truncation points in 
screening process. 

dijk4,1 Deviation within darn family (aberrant) 

D 4,1 Total number of dams. 	• 

4.1 Number of dams mated to the ith sire 	Denoted 
as d when design is -balanced. 



A4.2 

Symbol 
- 	- 

Definition 

4.13 Deviation from regression line. 

ilk - V  4,1 Deviation within dam family (true) 

b2  4.12. Heritability. Subscript indicates source of 
measure, i.e.., b 	And h2  from the sire and 
darn variance components respectively. 

-. 5.1 Cutoff or truncation point in -screening- 
processes. 	. 	V .  

4,6 Coefficients on 0 	and a 	terms in the expected 
mean squares of the hierarchical ANOVA. 

1(3  Denoted by 1(, K, and k3  when the analysis 112 
is modified to allow for relatives in the 
parent population. 	 . 	. 

KO 8.5 . .Cóefficieit on term representing .covariance 
V 	

between sire and dam effects. 

4.1 Population rnen (true) 

4.1 Population mean (aberrant) 	. 	
V 

; 4.1 Total number àí. individuals in the sample. 

3.8 Number of individuals in the ijth dam family. 
V 

Ai j 
V 

Denoted -as n when the -design is balanced. 

Probability of observing -a true value. 

q 4.1. V Probability  of observing , a particular type of 
V  

aberrant value-. 	 . 

R( 	) 0.4 Wright's coefficient of relationship, 

48 Probability of observing a second type of 
. 	 . 	 . 	 -... aberrant value 

S 	. 4.1 Number of sires. 	Denoted as .s when used with 
n -and a, e. 	N =nsd. 
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Synto1 Page Definition 

SD 7,9 Selection differential, 

$ 3.9 Estimated standard error (or standard deviation) 

a2  3.3 Variance component, 

7.4 Additive genetic variance. 

4.1 Between sire variance (aberrant) 

4.1 Between dams, within sire variance (aberrant) 

4,1 Within dam family variance (aberrant) 

4.1 Between dams, within sire variance (trie) 

4.1 Within dam family variance (true) 

7.4 Phenotypic variance. 

4,1 Between sire variance (true) 

4.13 Variance of Y, given X in a regression analysis. 

Cr 4.2 Covariance of aberrant and true sire effects. sa 

db 4.2 Coc,arance of aberrant and true dam effects, 
within sirs. 

4,8 True value of cbervation 

u 5.1 Number of true values in the sample, 	Subscripts 
• used to differentiate inbivariate case, 

i.e., u, u, etc. 

V 5,1'Number of aberrant values in the sample. 
Subscripting as with the symbol u 

3.2-,An observation, usually paired with another 
observation Y 

ijk 4.1 An observation. 	The number of subscripts depends 
upon the model. 	• 	 • 



.e Definition 

Ottawa data variable labels; 

8147 2.1 Body weight, 147 days after hatàh, 

13365 2.1 Body weight, 365 days after hatch. 

201 Egg production, from 147 to 273 days after 
• hatch,. 

TOTO 2.2 Vgq production, from 147 to 47 days after 
hatch. 	Represents total production of the 
bird while on test. 

Edinburgh data variable labels: 

Bw20 2.2 Body weight, 20 weeks after hatch. 

Bw44 2.2 Body weight, 44 weeks after hatch. 

NOE .  2.2 Egg production, from 20: to 28 weeks after 
hatch. 

TOTE 2..2 Egg production, from 20 to 44 weeks after 
hatch. 	Represents total production of the 
bird while on test. 
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