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... incompleteness may be due to the method of investigation itself such as the double
sample procedures in large scale sample surveys. If the measurement of the character
to be estimated is expensive, a small sample of individuals is chosen to supply
measurements of this character together with a number of concomitant characters
which are relatively inexpensive to measure. Then a large sample is taken for the
concornitant characters only. The former sample provides the regression equation and
the latter the estimates of mean values of the concomitant characters which are
substituted in the regression equation to obtain the estimates for the main character
under study.

C.R. Rao (1956)
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CHAPTER 1

INTRODUCTION

"... it is hardly an exaggeration to say that all studies
published to date contain at Ieast some systematic

1t

S. Hernberg (1986)



11 SOME STATISTICAL ASPECTS OF THE GENERALIZABILITY OF
OCCUPATIONAL HEALTH STUDIES

Occupational health departments screen employees during voluntary periodic health
assessments for possible early indications of ill health. These assessments are based,
among other things, on reference ranges for liver parameters, kidney parameters and
other blood parameters. After a period of, say, ten years. data thus collected can also
be used for large-scale epidemiclogic studies. In such studies, long-term risk
assessments may be made, either for early death or for specific diseases such as
ischaemic heart disease. Conclusions drawn from these studies can have a direct
influence on the short-term advice te specific employees on the basis of findings from
periodic health assessments, as well as on the contents of these assessments. Factors
such as exposure to chemicals, noise and physical exertion are being studied in these
epidemiologic studies (Monson, 1980). Furthermore, known determinants of disease in
general populations may be studied separately n occupational populations, in order to
investigate whether these determinants are less important in such healthy cohorts.
Apart from epidemiologic studies, well-designed trials are currently being introduced
in occupational health environments, in order to assess the effects of interventions in
life style habits of employees.

Hartley anpd Hocking mentjoned in 1971 that "the evil of incompleteness is
most frequently encountered with data routinely collected ... such as ... based on
surveys”. Their remark, alas, is still valid. Incomplete records still constitute a major
problem in studies based on data routinely collected at periedic health assessments.
The quality of the available data is always debatable, toc, and should be studied
critically. Since in a large occupational health study, both problems are quite often
encountered at the same time, they should be addressed by means of special
methodelogy, e.g.. through small studies on either incomplete observations or on the
quality of data, the results of which can be used to adjust the conclusions from the
large study for bias. Such a systematic approach of these problems of incomplete
records and questionable quality of data enables generalizations from such large
occupational health studies.

With regard to the principles of reliability of a study it is useful to recall two
relevant concepts: internal and external validity (Karvonmen and Mikheev, 1986).
Internal validity is achieved when no systematic errors are present within a study,
whereas external validity goes beyond the population actually studied. Internal validity
of a study comprises validity of selection, information and comparison. To ensure
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validity of selection, the probability of selection of individuals should not depend, in
any way, on the parameter under study. This refers directly to the problem of missing
data. Validity of information means that information gathered from all the subjects is
similar, irrespective of the category to which they belong, which refers to the problem
of quality of data. The validity of comparison has to do with correctly defining
reference populations and is embedded in the previous two items. The present thesis
discusses methods for assessing validity of selection and validity of information. To this
end, it presents methods that may help to remove bias caused by either incomplete
records or poor quality of data. Extrapolation of results or methods towards the area
of external validity is beyond the scope of this thesis.

The problems of missing data and misclassification are also conceivable in
small health studies. Here, however, they should be avoided by taking adequate
measures at the design phase. If this is not done, any statistical significance observed
might be due to "possibly erroneously collected data”, which, certainly for large-scale
studies, would not be acceptable as a way out. An additional problem with small
studies is that asymptotic results cannot be used in an adequate description of the
behaviour of test statistics. Generalizability can only be achieved if this behaviour is
known, at least under the nuli hypothesis. This will be a separate topic in this thesis.

1.2 THE SIMILARITY BETWEEN INCOMPLETENESS OF OBSERVATIONS
AND DUBIOUS QUALITY OF DATA

The most simple way of dealing with incomplete records is to remove them before
calculating the statistics on which interest focusses. The conclusions, however, are then
to be ristricted to the subsample of subjects of whom all data are (or can be) known.
These strong restrictions can only be removed through the use of a strategy to deal
with missing data. Three general approaches are found in the literarure, Firstly, there
is gaining actual information on the missing-data-generating process by resampling in
the subsample of individuals with incomplete records, resulting in adjustment of
conclusions derived from the sample of complete records. Secondly, postulating
various missing-data-generating processes to be operative and studying their effects on
important conclusions. Thirdly, imputing 'probable values’ for missing data, and
performing standard statistical analyses. In this thesis, a review of relevant recent
literature will be presented, from which it will become clear that, ¥ no extra
infoermation can be gathered by the first approach, a sensitivity analysis by the second
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approach may help to predict any dependence of relevant findings on assumptions
concerning the missing-data-generating mechanism.

In the area of misclassification there are again three general approaches to be
distingnished. Firstly, as in the missing data context, extra information can be gathered
and used for adjustment of relevant statistics. For example, the concepts of sensitivity
and specificity are useful to represent the proportions of possible misclassifications in
the special case of dichotomous variables. Begg (1987) discusses problems in the
design of studies made to assess these error rates when using a fallible diagnostic
instrument, and Marshall (1989) discusses methods to combine results of several
fallible instruments. The use of such estimated error rates can give an improvement in
the estimates for prevalence (Lew and Levy, 1989), odds ratios (Espeland and Hui,
1987) and risk ratios (Clayton, 1985 and Greenland, 1989). The second approach is to
postulate specific structures to have created the non-ideal data, for example in the
case of continuous variables with measurement errors. Reference is made to a series
of papers from a workshop on errors-in-variables published in Statistics in Medicine
(Byar and Gail, 1989). The third general approach originates from the area of robust
statistical analysis, When dubious data are suspected to be present, a possible way to
address the problem is using a robust analysis. Such analyses are fairly insensitive to
errors in data-collecting or data-filing. Well-known robust statistics are the median and
the median absolute deviation as alternatives to the sample mean and the sample
standard deviation. Recent publications discuss research on "robustified" regression
analysis (Rousseeuw anrd Leroy, 1987) as well as on logistic regression (Kiinsch,
Stefanski and Carroll, 19389) and on proportional hazards models (Lin and Wei, 1989).

From this short summary it should be clear that the first two approaches
mentioned are applicable to both problems, since they consider generating
mechanisms. The first approach is based on resampling, which might give evidence
that a specific mechanism is operative and might, consequently, make adjustments
feasible. The second approach is to postulate various inechanisms, with consequences
calculated in some sort of sensitivity analysis. Therefore, both problems of
generalizability can be addressed in a similar way. When data are missing, the
problematic observations are easily recognized and isolated. When dubious data occur,

the probiem might be In any of the observations, which in a sense makes it more
difficult to tackle.



1.3 SMALL-SAMPLE BEHAVIOUR OF STATISTICS

Two general approaches can be distinguished in the assessment of the small-sample
behaviour of a statistic, if asymptotic results are no longer assumed to be valid. As
most asymptotic results are correct up to order O(l/n), the first approach is to
develop statistics that are correct up to a higher order. In general, the approach stems
from the fact that the expected value of a statistic (under a specified hypothesis) can
be calculated up to any order, if required. In practice, it is only approximations up to
the second order that can usually be calculated. Most authors in this research area use
such second-order approximations to improve on the first-order results. Correction
factors like Bartlett’s (1937) can be applied for that purpose.

I statistics, correct up to the second order, are still not acceptable, another
approach is to generate all possible realizations of the statistic and then to calculate
exactly the statistic of interest. This method has been used for calculating p-values of
non-parametric (rank-)statistics under the null hypothesis of a uniform distribution of
all observed ranks (Lehmann, 1975). It is possible to extend this approach towards
parametric models postulated to have generated the dara.

14 EXAMPLES OF OCCUPATIONAL HEALTH STUDIES

The present thesis discusses two examples of occupational health studies conducted at
Shell Nederland Raffinaderij B.V./Shell Nederland Chemie B.V. at Pernis (Shell
Pernis for short). The first study concerns the effectiveness of a "back school”
education programme. One of the most frequent complaints in an industrialized
population is low back pain. Up to eighty per cent of such a population may be
troubled by it at some time or other (Ingber, 1989). Most of the complaints eventually
disappear, even without treatment. However, the percentage recurrences is high:
between 56 and 90 per cent (Knibbe, 1989). A "back school” is & course intended to
improve the knowledge and skills of patients through education and selective training
(Keysers et al, 1939). Up till now, back schools have been used as a therapy for
patients with acute or chronic low back pain. A trial was started at the occupational
health, hygiene and biomedical department of Shell Pernis in 1990 to study the
possible effects of a back school education programime on the percentage recurrences
~ of back pain. This trial is a secondary prevention trial with the underlying hypothesis
that intervention with a back school education programme will give an improved
flexability of the spine. The overall hypothesis is that an increased flexibility of the
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spine reduces the probability of recurrence. This should be reflected in a reduced
number of sickness absence days.

Problems concerning missing data that may be encountered in such a trial are
threefold. Firstly, some people who are invited may refuse to participate, well before
randomization. This will affect generalization of results to the population of all the
persons invited. Secondly, people may refuse to participate in the programme after
randomization, in which case zhéy are labelled drop-outs. All relevant information
from these drop-outs would still be collected in order to enable intention-to-treat
analysis. Thirdly, there may be persons on whom no sickness absence data can be
retrieved, because they left the population. A worst-case approach would then be
taken, in which these persons are assumed to have had sickness leave since their
departure. In designing our trial, we decided to study the phenomenon of non-
participation before randomization in a separate study; the results of which are
presented in this thesis.

The second example concerns a study of liver function tests, such as
y-glutamyliransferase (GGT) determinations, which form part of periodic health
assessments. This study s part of a project to explore possibilities of using these data
to predict the state of health of an employee within two years after liver function
determination. As a measure of health condition, data from absenteeism records were
used. Four different potential predictors are derived from the liver function tests,
which makes it possible to distinguish between cross-sectional and longitudinal
characterizations. In the cross-sectional approach, persons are labelled as having a
high liver function test value if it is outside the reference range, based on
interindividual variations alone. The longitudinal approach requires at least two
measurements of the liver function to be made on a person. If the change in value
represents a significant biologic change, this may be seen as a potential predictor. If
four (or more) test resuits per individual are available, the three previous
measurements can be used to calculate a person-related interval of reference values;
the persons whose fourth value is outside his interval are labelled. A fourth appreach
is to calculate the variation with time, and to derive a potential predictor from a
significant trend.

Problems may arise if persons do not show up at a periodic health assessment
to have their liver function tested. The degree of participation for the perjod 1985 -
1939 was studied on the basis of a total of 5279 male persons. It was found that,
during this four-year period, between 88 and 93 per cent of the employees in different
departments actually attended the periodic health assessment. For employees leaving
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Shell Pernis within this peried, attendance rates were somewhat lower, although for
each year only about 6 per cent. This indicates that about 84 per cent of these
persons, too, would have attended the periodic health assessment, if they had been
present for the whole period. This result makes validity of selection plausible.
Therefore, the conclusions from this study are considered to be valid for the total
population, between 1985 and 1989.

In a longitudinal study it is necessary to know the accuracy of the specific
tests, such as GGT determinations, performed during the relevant period. Therefore,
the long-term analytical bias of GGT determinations in the biomedical laberatory of
Shell Pernis was assessed, in comparison with results found in other laboratories using
the same analytical methods, and the results are reported in this thesis.

1.5 STRUCTURE OF THE THESIS

The present thesis discusses both the methodology as developed, and applications in
practice. Methods of dealing in the statistical analysis with the occurrence of missing
data are presented in Chapter 2 as a review of recent literature on this topic.
Complete issnes of Biometrics, Biomerika, Joumal of the American Stadistical
Assoctation, Statistics in Medicine and the American Jowrnal of Epidemiology have been
screened from 1986 up to 1991 on this point. Relevant literature from other sources
has also been included.

Two important statistics used in occupational health epidemiclogy are relative
risk and prevalence. A study of possible effects on the relative risk in the event of
inequality of the fractions of deaths and alives of which vital status is known, is
deseribed in Chapter 3. Adjustment procedures are proposed for caleulating
conservative confidence regions of the "true” relative risk, using only little extra
information. With respect to prevalence, adjustment procedures have been proposed
by several authors. An attempt to combine the impurtation method with postulating a
missing-data-generating mechanism is presented in Chapter 4, where missing-data-
corrected estimates for the prevalence are presented. These estimates are compared
with respect to their likelihcod through a likelihood ratio test.

Two general approaches concerning small-sample behaviour of statistics are
exemplified in Chapters 5 and 6. Many parameter estimates that are used in the
analysis of continuous outcomes, have well-known small-sample behaviour. This is not
true for the two statistics that are often used in the analysis of categorical variables.
Therefore Chapter 5 discusses an approximate Bartlett adjustment for testing the
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goodness-of-fit of multinomial regression models. This adjustment is applicable to any
multinomial regression model, since it only needs estimated category frequencies and
does not need any derivatives to be calculated. To illustrate the second approach, the
consequences of calculating exact p-values for the Wilcoxon-Mann-Whitney test
statistic in the case of ordinal response variables are presented in Chapter 6 with up
to ten observations in each sample. From this it appears that/the performance of
conditional statistics, based on observed ranks only, is not so good as that of
unconditional statistics based on an underlying, plausible, distribution.

The trial protocol of the back school education programme intervention study
included an investigation of differences between subgroups of participants and non-
participants, in order to gain some understanding of the distinctions between those
who want to participate and those who do not. If a determinant of participation is
related to the primary outcome variable, adjustments have to be made to allow
generalization of conclusions. Results obtained are presented in Chapter 7.

Chapter 8 describes a cross-sectional study of person-related determinants of
GGT levels. Model-based person-related tolerance regions are developed to facilitate
detection of potential determirants. The main finding is that persons with an observed
GGT value under 30 U/l in general do not need further screening, whereas persons
with an observed GGT value above 60 U/l do. For persons with intermediate GGT
values person-related determinants should be taken intc consideration. Thus, each
individual is either "labelled” to undergo further follow-up or not. Persons who are so
labelled are to be compared with persons who are not labelled in the actual liver-
function project. In Chapter 9, a model is postulated for correcting for long-term
analytical blas of a specific laboratory compared to a pool of comparable laboratories
In an external quality control programme.
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CHAPTER 2

MISSING-DATA-GENERATING MECHANISMS
AND THEIR EFFECTS ON THE SELECTICN OF
METHODS OF STATISTICAL ANALYSIS: A REVIEW *

SUMMARY

In medical and public health research, conclusions concerning a specific population
are usually derived from a sample which is assumed to have been randomly drawn
and is therefore considered representative of this population. If missing data occur in
the sample, the question arises whether the observed data are still sufficiently
representative to base conclusions upon. In many situations, inference is based only
upon those individuals for which all variables have been observed, the "complete-
cases-only analysis”". Generalization of the conclusions to the total population can only
be done by assuming a very specific mechanism for generating the missing data. In
this review chapter it will be argued that such an assumption is unrealistic. However,
if additional information on the mechanism is available, correction for the possible
bias due to the occurrence of missing data becomes feasible. In recent literature,
several options for postulating such mechanisms have been mentioned. Besides
introducing these mechanisms, this chapter discusses their merits with regard to an
increase in precision and unbiasedness of results, as well as their drawbacks. The
major drawback is the fact that underlying assumptions cannot usually be verified with
only the observed data at hand, but have to be based upon additional information. If
no additional data can be collected, a sensitivity analysis should be performed to see
whether relevant conclusions change with changes in the underlying conjectured
missing-data-generating process.

* After: Lugtenburg D and Van Strik R (submitted) Sratistica Neerlandica
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2.1 INFTRODUCTION

In empirical investigations on humans there are only few situations where missing data
never occur. Therefore, it is important to know whether valid conclusions can be derived
from a sample selected randomly from a pepulation of individuals, if some observations
are lacking. Methodology concerning the analysis of samples with missing data is
developing rapidly. This chapter presents a review of relevant literature, leaving it to the
reader to consult the standard text on missing data by Little and Rubin (1987) for
additional information.

The approach taken most frequently for dealing with missing data in the analysis
of a study is to remove every individual from the sample with at least one missing value.
One of the reasons for using this "complete-cases-only analysis" is that most software
packages need complete records to be applicable. Let us consider an ilfustrative example.
Suppose that In a specific research project, ten variables are to be measured in a large
sample of individuals. Let us further suppose that, for various reasons, 5 per cent of the
values turn out to be missing for each variable. If these percentages are mutually
independent, only 60 per cent of the individuals (0.95' x 100 %) will have complete
records. In the complete-cases-only approach it is these individuals which are used in the
analysis. It will be clear that in this situation, confidence intervals for estimated
parameters will generally be much wider than they would have been if all the data had
been available. I conclusions from this analysis are suggested to be valid for the total
population, the underlying assumption is that individuals with full records are still a
random sample of that population, implying that individuals with incomplete records are
a random sample tog, of course. If 60 per cent of a random sample is included in the
analysis, this assumption may be far from justifiable in usual practice. Hence, parameter
estimates and significance tests may yield biased results and at least will Jack precision.
There is a clear need for more flexible algorithms that do not remove data automatically
from the sample to be analysed.

It is useful to distinguish three general approaches to deal with missing data. The
first approach is to use a specific assumption for the underlying missing-data-generating
process, which enables us to estimate the relevant parameters, using all the
measurements made. If the missing-data-generating process depends only on completely
observed variables, and analyses are based on the likelihood principle, conclusions may
be considered to be valid for the total population. This approach is exemplified in section
2.2, In which the likelihood principle is clarified as well. A well-known algorithm for
caleulating estimates following the likelihood principle is the Expectation Maximization
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(EM) algorithm of Dempster, Laird and Rubin (1977). Because of the widespread use
of this algorithm, it will be discussed briefly in section 2.3, by means of a theoretical
example. The second appreach is to impute the missing data and then use the complete
sample to estimate the parameter of interest using a complete-cases-anly analysis. This
approach is discussed in section 2.4. The third approach, which is the preferred one, is
to gather extra Information about the incomplete records by resampling. In this way, data
can actually be used te test assumptions on the missing-data-generating process.

Some applications of these three approaches are presented in section 2.3, namely
for estimating either the prevalence of a binary feature, or the mean value of a
continuous variable, when only the outcome variable is subject to incomplete observation.
‘With respect to repeated outcome measurements, section 2.6 discusses relevant literature.
In section 2.7, the situation where only explanatory variables are subject to missing data,
is considered. Finally, section 2.8 presents conclusions and recommendations.

2.2  MISSING-DATA-GENERATING PROCESSES AND LIKELIHOOD-BASED
ANALYSES

If missing data occur strictly randomly amongst the individuals of the total sample, the
data are said to be missing-completely-at-random (MCAR). Complete-cases-only
analyses, which use all individuals with complete records, will lead to valid conclusions
for the total population. Before considering a less stringent mechanism, we will present
a formal introduction to likelihood-based analyses, of which linear regression, logistic
regression and log-linear regression are some well-known examples.

In many analyses, the outcome variable is assumed to follow a specific known
distribution, subject to some unknown parameters, e.g. a normal distribution with
unknown mean and variance. Suppose a specific parameter is written as a function of
explanatory variables, known except for some parameters, and that these latter
parameters have t¢ be estimated. In order to do so, one can express the probability (or
likelihood) that the observations were gathered from such a specific distribution as a
function of the unknown parameters. Likelihood-based analyses maximize this function
with respect to the unknown parameters. Estimates of the parameters that are calculated
in this way are called maximum likelihood estimates.

If missing data occur, the mechanism that is postuiated to generate the missing
data is included in the likelihood function. Maximization of the function now means that
one should also optimize over parameters related to that mechanism. ¥ the occurrence
of missing data for a specific variable per individual is related only to one or more other
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variables that are observed for this individuzl, these missing data are said to be missing-
at-random (MAR). On the basis of this assumption, Rubin (1676) has shown that the
likelihood can be split into a missing-data-dependent part and an observed-data-
dependent part. The two parts are mutually independent. Consequently, the likelikood
of the observed-data-dependent part can be maximized irrespective of the missing-data-
dependent part of the Iikelihood. This is expressed in the statement that the missing-data-
generating process is "ignorable”, not meaning that maximization is easy, but only that
estimates are valid for the total population.

If the occurrence of missing data for a specific variable per individual is related
to the (unobserved) value of that variable, the missing data are said to be missing-not-at-
random (MNAR). In that case likelihood-based analyses should include this mechanism
in the likelihood in order to obtain valid results. The most generally known example of
this is survival analysis with right truncation, in which each individual with a truncated
survival time, t, is analysed as having a surviva] time of at least t.

The three mechanisms, MCAR, MAR and MNAR, form a complete and disjunct
division of all the missing-data-generating processes. A summary is presented in Table
2-1. With MCAR the underlying conditions to be fulfilled are the most severe, but make
analysis easy. MINAR has the least stringent underlying conditions, but often makes
analysis difficult. Irrespective of the ease of analysis, It is obviously important to pursue
an accurate description of the underlying missing-data-generating process. A paper by
Stasny (1986) provides an example of violation of this principle. When estimating the
increase in unemployment due to persons losing jobs, he postulated his missing data to
be MNAR, whereas in fact they were analvsed to be MAR. Therefore, he mistakenly

related nonresponse to cbserved previous employment status instead of to uncbserved
present employment status.

TABLE 2-I

Summary of missing-data-generating processes and examples where conclusions are valid for the
total population

Process Example

MCAR complete-cases-only analyses
MAR likelihood-based analyses
MNAR survival analysis with right truncation




For discriminating between the several mechanisms, appropriate tests are
indispensable. For example, to decide whether MCAR applies, a simple test is to model
the probability of becoming a missing observation as a function of relevant variables. If
one of these variables is found to be a predicter of that probability, the data are not
MCAR. For multivariate data, Little (1988) proposes an omnibus test for testing missing
data to be MCAR. Several authors have proposed tests of the hypothesis that missing
data are MAR. However, such tests can never be applied without extra information
gained either through resampling or through using exteérnal information. For example,
Diggle (1989) ignores this principle in presenting a method for testing whether missing
data are MAR within each of several treatment groups. However, if data are not
observed at a specific moment in time, because the value at the preceding moment was
high, then the test statistic of Diggle erroneously leads to the conclusion that the missing
data are MNAR, whereas in fact this is a classical example of missing data being MAR.

23 THE EM ALGORITHM

The most popular algorithm for calculating maximum likelthood estimates when data are
missing is the EM algorithm. This algorithm nearly always converges to the correct
maximum. As it does not use second-order derivatives, this algorithm does not converge
$0 quickly as a method like the Newton Raphson method, which, however, does not
converge always.

The EM algorithm censists of two parts that are repeated iteratively until
convergence is reached. Before implementation, a representation of the maxdmum
likelihood estimates is derived as if all data were present. These estimates, often to be
described as a function of sufficient statistics, i.e. statistics in which all information of the
data is provided under the condition of a specific underlying distribution, are the basis
for the EM algorithm. In the expectation step (step I} of iteration j+1, the expected
values of the sufficient statistics are calculated as functions of observed values and of
estimates of the model parameters from iteration j. In the maximization step (step II) of
iteration j+1, the new estimates for the model parameters are calculated by maximizing
a function of these expected values. Dempster, Laird and Rubin (1977) present several
applications, including analyses with missing data. They also present a proof that the
iterative procedure converges to the maximum likelihood estimate.

Let us consider a simple illustration of the performance of the EM algorithm as
discussed by Little and Rubin (1987, pp 130-131). Suppose a random sample of n
observations is taken on a normally distributed variable with unknown mean and
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variance. Let 57 be the arithmetic mean of the sample values and S2 the same of the
squared sample values. The maximum likelihood estimate for the mean is S/ and the
maximum likelihood estimate for the varance is (82)-(SI)". Therefore, two functions of
the observations y, are relevant, being (in algebraic notation): SI=(2 y)m and
S§2=(zy7)/n. These functions are sufficient statistics, since they contain all sample
information under a normal distribution whose two parameters (the mean and variance),
can be estimated from S and $2. Now suppase that only m observations are known, i.e.
(n-m) observations were lost. When, at the 7 iteration, estimates u(j) and o(j) of the
mean and variance are known, the expected value for S7 is a function of the observed
values y; and w(j):

(m-mypB+y
ESD=—— L
n

With regard to the expected value for $2, it is useful to note that for a complete
sample the expected value of the squared standard deviation is:

E(SH-E(SIP=0" .

This has to be imputed in the incomplete part, leading to the expected value for S2:

(-m) P+ (P +3 ¥}
i=1

E($2)=
n

The new estimates for the mean and the variance are given by:
wG+1)=ESD)
and
o j+1)*=E(S2)-E(SI)* .

A point of interest js that this approach is not an imputation method with
estimated values as imputations for missing vatues. The term including o(j) in the above
equation for E(S2) can be considered proof for this statement. There are, however,
applications where the estimated value is imputed, viz. if sufficient statistics are sums of
observations, e.g. models in which the response variate follows a multinomial distribution.
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24 IMPUTATION METHODS

A commonly used impurtation technique is the imputation of means. The mean of the
variable for which missing data occur is imputed as surrogate for the missing data. This,
naturally, leads to strong underestimation of the variance of parameter estimates if the
fact, that such surrogate gbservations by definition contribute zero to the estimated
variance, is ignored. To obviate this problem, a random error term may be generated and
then "added"” to a simple imputation. Many of the imputation techniques currently known
follow from the assumption that missing data are MAR. Chiu and Sedransk (1986) have
shown, however, how information from other sources, about how the data became
incorrect or incomplete, can be included to permit a general specification of the
nonresponse model. Some imputation procedures for estimating the population mean will
now be discussed under the condition that missing data are MAR.

Little and Smith (1987) estimate the mean and covariance structure of a set of
variables through a stepwise algorithm. First, observations with missing or highly unlikely
(extreme) data are located, after which the corresponding variables are isolated and
lacking observations are imputed, including an additiopal random error term. The
problem of underestimaticn of variances, however, is still there because the imputed
values are treated as if they were observed, yielding confidence intervals that are too
narrow because the variability from not knowing the missing values is jgnored (Rubin and
Schenker, 1986). The latter authors presenmt a multiple imputation technique as an
alternative in which two or more complete data sets are created by imputing the missing
data several times. From every complete data set, the relevant population parameter is
estimated. Then, the combined estimate for the population parameter is a function
(mostly the mean) of the sample estimates. The estimate of the variance includes both
the within-imputation variance and the between-imputation varfance. For this purpose,
simple multiple imputation methods may be as effective as more complicated ones
(Heitjan and Rubin, 1990).

Imputation methods are subject to criticism because data are "created” on the
basis of observed data. However, on the assumption of missing data to be MAR, there
is no objection. Additional research has to be done to compare these procedures with
direct likelihood approaches as discussed in the previous section.

23



2.5  ANALYSES CONDUCTED WHEN MISSING DATA OCCUR IN THE
QUTCOME VARIABLE

In this section, we review some methods of analysis to be used if missing data occur only
in the response variable, as in follow-up studies where baseline data are collected on all
individuals and follow-up is only possible for a subset of this baseline cohort. Here,
commonly used population parameters are means for continuouws variables and
prevalence and incidence for binomial variables. If missing data are not MCAR, it is
possible under specific circumstances to correct for the bias in estimates of parameters.
The literature on estimating prevalence and means in such situations is growing. A
general method for adjusting for nonresponse has also been described (Alho, 1990). We
will now consider methods for estimating prevalence, followed by methods for estimating
means.

For estimating the prevalence of a feature of interest, imputation and likelihood-
based methods are generally used simultaneously. For example, in estimating the
incidence of home injury deaths, it has been found that a large proportion of reports on
injury deaths do not specify the place of occurrence {Conn, Lui and McGee, 1989). By
means of a logistic regression model, the probability of having a home injury was
estimated and used in a one-time imputation phase. Relaxing the corresponding
assumption that missing data are MAR is possible by specifying "certainty rates” for the
proportion of the missing data having this feature, which are then imputed. For example,
if all missing data are supposed to have this feature (e.g. a specific disease), an upper
limit on the estimate for the prevalence can be calculated. If none of the missing data
are supposed to have the feature, a lower limit cn the estimate for the prevalence is
obtained. Dinse (1986) discusses a nonparametric estimator that uses "certainty rates” as
introduced above. By postulating a model that incorporates both extreme "certainty rates”
together with more plausible alternatives, Lugtenburg and Mulder (accepted for
publication in Kwanmtatieve Methoden) advocate likelihood ratio tests as performance
criteria for the various imputation options.

Besides imputing the missing data. collecting information on the missing-data-
generating process is a third approach for dealing with missing data. Sampling persons
within the group of individuals with incomplete follow-up will present this additional
information. For example, in wildlife animal counting, this approach is used to estimate
the total number of muissed observations, after a first counting. Zeh et al. (1986) advocate
this approach by not using only a first camp, but also a second camp to record the
number of bowhead whales, together with a measure of the visibility. They use these data
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to estimate the size of the stock. If another way of sampling were feasible, without
problems like visibility, maybe more expensive and therefore not to be used as a standard
method, it would be possible to compare the two methods and end up with a formula to
correct for visibility. Steinhorst and Samuel (1989) assume that visibility problems do not
come up in counting radio-labelled animals and use 2 double sampling method to adjust
for visibility bias. In a similar category falls a paper by Aebischer (1986), who uses a
sight-record resampling method of eider ducks to estimate the proportion of uncatchable
animals, which can be found in situations where a specific group is "trap shy” for a
specific sampling strategy.

Sometimes the mean of a specific variable has to be estimated and a sample at
hand is not representative of the population due to imbalance for another variable
related to the variate of interest. Adjustment for this nonresponse bias is possible by
calculation of subgroup means, stratified on that variable, and then reweighting the
means with respect to the population distribution of that variable. This is referred to as
a "direct adjustment”. However, if many variables are related both tc percentage missing
and to the relevant variate, it is preferablie that a model-based direct-adjustment
approach be taken. By this means the probability of being missed is modelled and the
stratification now is on the expected probability to become missing (Rosenbaum, 1987).
This strategy can be applied if missing data are MAR. As was discussed in the previous
section, imputation techniques can also be used to estimate the mean.

2.6  MISSING DATA IN REPEATED MEASUREMENTS

Situatjons often occur, where repeated measurements are made on several subjects and
inference has to be based on all individuals included in a study, e.g. in trials on the
effectiveness of a drug,. If the repeated measurements can be condensed into one figure
per experimental unit, a "contrast”, these contrasts can be used in a between-subjects
analysis (Berk, 1987). For example, for the purpose of analysing individual trends, a
regression slope may be calculated on each individual as such a contrast, If high values
of the variate are more likely to cause missing data, the estimated slope for persons with
a steep regression will have a larger variance, because of less data collected, than for
persons with a less steep regression (Little, 1988, commentary). Of course, if the slopes
are combined, the overall regression slope shrinks towards zero. Several options are
compared by Wu and Bailey (1988) to correct for this shrinkage, incleding a method to
model the censoring process (Wu and Carroll, 1938).



Sometimes, however, there are no prior indications to define such a contrast.
Other outside information may then be available for use in specific analyses. For
example, in an analysis of the total number of relapses, Davis and Wei {1988) use the
fact that repeated measurements can only increase. Under a specific nested structure,
namely that data missing ar time t also means that for this experimental unit data are
missing after time t, Kenward (1987) models the response variate as a function of
preceding observations assuming the data to be MAR. The "added significance due to
a new measurement” can be assessed in this way and 1t is possible to determine the
moment from which two groups are significantly different. Murray and Findlay (1988)
show the use of an equivalent approach (which was incorperated in the protocol, a priori)
to the correction for the bias in a hypertension trial, caused by drop-outs due to the high
value at a previous observation. In a reaction to this procedure, Lewis (1988) presents
some alternative methods to handle missing data in that situation. The method of Murray
and Findlay seems preferable, however, in answering the question of effectiveness for a
subpopulation with a degree of hypertension that does not rise too high while under
medication. For categorical data, Lachin and Wei (1988) present estimates for the log
odds ratio and log relative risk when two independent groups are measured repeatedly.

Also, models considering separate time points, by defining a specific relationship
at each moment in time, have been advocated. The information from all these moments
may be combined to search for trends over time. This approach is used both for
continuous vartables (Wei and Stram, 1988) and for ordinal variables (Stram, Wei and
Ware, 1988).

In some cases it may be necessary to model the total multivariate space by
estimating a multivariate mean and covariance matrix. For this situation, the BMDP
program 5V is available, following an EM algorithm. Jennrich and Schluchter (1936)
present several well-known covariance structures and Rochon and Helms (1989) discuss
an ARMA covariance structure following Box and Jemkins (1976). These approaches
assume the missing data to be MAR. More recently, Brown (1990) used several
generalized censoring mechanisms which (in some undefined way) depend on the
outcome, tO present estimates for the multivariate mean and covariance structure that
are robust to certain departures from normality. Such estimates often end up with some
added uncestainty about variance and covariance estimates beyond the normal MAR
solution, because of the less stringent assumptions being made.
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2.7  MISSING DATA IN EXPLANATORY VARIABLES

If a linear regression analysis is required, Azen, Van Guilder and Hill (1989) show that
the EM algorithm can often ideally be used to estimate regression parameters and to
impute values under general censoring mechanisms. If the occurrence of missing data of
covariate values is related to treatment only, imputing values using a probability
imputation technique will remove bias in estimating treatment effects, as Schemper and
Smith (1990) have shown. In an interesting paper by Simon and Simocnoff (1986),
regression parameters are described as functions of a statistic F. If the statistic F takes
the value 1, the missing data are MAAR, otherwise they are not. In this way it is possible
to show the dependence between regression parameters and assumptions concerning the
mechanism that generates the missing data.

For survival models, omitting a totally balanced covariate can seriously bias the
estimated treatment effect, if the covariate is strongly prognostic; this implies the need
for thorough comparisons of adjusted and unadjusted analyses, as Chastang, Byar and
Piantadosi (1988) have shown. If survival data are censored and only partially observed
covariates are present, the EM-algorithm approach of Schluchter and Jackson (1989) can
be applied, assumirg noninformative censoring mechanisms.

2.8 DISCUSSION AND RECOMMENDATIONS

In this chapter, the three common missing-data-generating mechanisms: MCAR, MAR
and MNAR, are discussed. Because of limited space, other ignorable missing-data-
generating mechanisms are not considered. For example, Goffinet (1987) has presented
alternative conditions for ignoring the missing-data-generating process. Furthermore, the
relevant area of longitudinal analyses was not included explicitly because appropriate
analyses are closely related to analyses mentioned in section 2.6. In addition, a special
issue of Statisrics in Medicine has been devoted to papers presented at a workshop on
analysing longitudinal studies, with an introduction by Laird (1988).

In the design stage of a study it is often wise to presume that in the analysis phase
of the project there will be missing data. Therefore the first, trivial, recommendation is:
take steps to avoid mussing data. In any follow-up study, it is worthwhile to consider
possibilities to decrease the rate of loss-to-follow-up. Alternatively, extra information at
baseline about nonresponders can be gathered, or it may be feasible to perform a double
sampling strategy and obtajn extra information about the behaviour of the response
variate in nonresponders. In designing a randomized clinical tral it is customary to
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increase sample size because of the fact that, before the endpoint is reached, a number
of losses-to-follow-up will have occured. In such situations sample size adjustment is
usually made for specific expected proportions of losses-to-follow-up. In surivival analysis
using the logrank test, a sample size correction formula has been advocated (Lachin and
Foulkes, 1986), where loss-to-follow-up is assumed to be MCAR within each group and
the censoring distribution to be independent of the survival distribution.

If, a prior, 1t is expected that some responders will not tell the truth about having
a specific sensitive or hazardous feature, e.g. & drinking problem, another sampling
procedure can be considered. For example. a randomized response technique, in which
the interviewer does not know to which of two questions the responder reacts, can be
used (Warner, 1965). A more refined, computerized alternative to the same problem is
presented by Kuk (1990).

Methods to deal with missing data differ according to actual application. Generally
speaking, the statistical analysis should take into account that the occurrence of missing
data may be related to specific variables. If this is indeed true, and if these specific
variables are measured for all individuals, bias due to incomplete response can be
adjusted for, by using a likelihood-based approach. This will not be simple, but it is
feasible and worthwhile persuing. If a complete-cases-only analysis is performed,
conclusions are only valid for this complete case subcohort. Conclusions may be valid for
the total population provided missing data are MCAR. It seems only logical to perform
additional analyses. In general, if possible, all data observed are to be used in a
likelihood-based analysis, under the less stringent assumption that the missing data are
MAR. If conclusions are different, it is clear that the complete-cases-only analysis alone
is insufficient. If additional information is available (for example through resampling)
about the specific nonrandom character of the missing-data-generating process, this extra
information can be incorporated into the final analysis.

In many studies, extra information on missing-data-generating processes is not
available. Sensitivity analysis may then help to show how relevant conclusions may vary
under different assumptions on the underlying missing-data-generating process. This gives
some insight into the robustness of these coneclusions.

It 35 likely that in the future, robust statistical analyses will be shown to be
insensitive to the occurrence of (relatively) small percentages of missing data. For
example, with the "least median of squares” regression method of Rousseeuw (1984),
applied to a sample that includes cne individual where data are missing completely,
imputing extreme values will not change conclusions so much as with an ordinary least
squares regression method. This is due to the high breakdown point of the former



analysis (50 per cent) compared to the low breakdown point of the latter (0 per cent),
the breakdown point being defined as that percentage contamination where estimates can
take on uncontroflably large aberrant values.

Although quite some research remains to be done on this subject, it is clearly time
to implement procedures that can deal with missing data, both in the design phase and
in the analysis phase of a project.
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CHAPTER 3

THE EFFECTS OF LOSS-TO-FOLLOW-UP ON
ESTIMATES OF RELATIVE RISK *

SUMMARY

Loss-to-follow-up is a serious problem in longitudinal studies. For estimating a certain
relative risk, two subpopulations, one of which is exposed to one or more potential
risk factors, are followed in the course of time. After a predetermined period, the
endpoint status of all persons is assessed. In many situations, the fraction of loss-to-
follow-up will differ amongst endpoint categories. The resulting bias in relative risk
estimates is considered and evaluated quantitatively, using survival status as the
endpoint. If the fraction of deaths with vital status known (= f) differs from the
similar fraction of alives {= f,), there is a bias towards 1 if f,>f, and away from 1 if
f.>f. For low risks of both subpopulations, this bias is small, even for fractions of loss-
to-folilow-up as Jarge as 20 per cent. Two methods of calculating conservative
confidence intervals for the relative risk are presented: a direct approach using simple
adjustment factors, and another one using the relation between relative risk and odds
ratio. The latter yields a less conservative confidence interval. Data from an actual
study are used to illustrate the implications of both methods for estimating relative
risks. Authors of papers about relative risk estimates in the case of different fractions
of complete follow-up, are encouraged to explicitly present information on such
fractions.

* After: Lugtenburg D and Van Strik R (submitted) Am. J. Epidemiol.



3.1 INTRODUCTION

Two major problems may present themselves in a follow-up study of relative risk. Firstly,
there may be misclassification of exposure (at baseline) or of outcome, which will give
biased estimates. Secondly, incomplete follow-up of individuals may present similar
problems. One simple reason for incomplete follow-up in mortality studies can be that
perscns cannot be traced, for instance, due to emigration.

The literature on misclassification is immense, see for example Flegal, Brownie
and Haas (1986); Dosemeci, Wacholder and Lubin (1990) and Espeland and Hui (1987).
The problem of loss-to-follow-up, however, has not been addressed all that often,
although more recently several papers have appeared either on determinants for loss-to-
follow-up, for example Vernon et al. {1990); Sonne-Holm et al. (1939) and Jooste et al.
{1990), or on adjustment procedures for loss-to-follow-up as presented by Conn, Lui and
McGee (1989) and Steinhorst and Samuel (1989). By way of adjustment procedure, a
model is generally postulated for the process that generates the incomplete follow-up.
Sometimes, data can be collected to support such a model. This model then is used for
adjustment of simple statistics and it has led to some interesting results for estimating
prevalence (Alho, 1990).

To our knowledge, no adjustment procedure has been published, however, for the
relative risk estimate. Only a few papers discuss the fact that biases might occur (Criqui,
1979; Greenland and Criqui, 1981 and Johnson, 1990). This chapter describes effects of
incomplete follow-up, if fractions of loss-to-follow-up, the complement of response rates,
differ amongst the possible endpoint realizations dead and alive. This results in a
correction formula for non-response. If lower and upper bounds for follow-up rates can
be derived, maybe from other sources, this formula can be used to adjust the confidence
interval for the relative risk. An example from the literature is used to illustrate this
adjustment procedure.

3.2 METHODS
3.2.1 The bias in estimating relative risk

Let N be the total number of subjects in the study at baseline. The exposed group has
size N, and the unexposed group has size N, so N=N_+N,. The probability or risk that
a person of the exposed group will die during the period of follow-up is denoted by p..
The risk that a person of the unexposed group will die during follow-up is p,. The relative



risk, or risk ratio, is denoted by RR=p /p,. Now suppose that incomplete follow-up data
are available. The fraction of deaths of which vital status is known is denoted by f,. The
fraction of alives of which vital status is known is denoted by f.. Fraction f, is assumed to
be equal in the two subpopulations of exposed and vnexposed individuals. Fraction f, ,
too, is assumed to be equal in both subpopulations. This causes the estmate of the
relative risk to become biased when this estimate is the normal estimate, », which is
(number of certified deaths in the exposed)/(number of exposed where follow-up is
complete) divided by (number of certified deaths in the unexposed)/(number of unexpo-
sed where follow-up is complete). This estimate is an estimate of a biased relative risk,
RR'. If loss-to-follow-up actually oceurs, then the biased relative risk, RR', as shown in
Appendix 3-A, is the product of the "true" relative risk, RR, and a bias factor, K:

RR" = K. RR
with
K—L( 1- 2, )+pofd

(1
(1 - P, )'*’Pc fd

In the (rare) case where response rates are independent of vital status, i.e. f,=f,
K=1 and the estimate of the relative risk is unbiased. If p,=p, (RR=1), tco, nc bias
occurs. However, in all other situations where f, # f, a certain bias will result. In the
extreme situation where all subjects that have died at the end of follow-up are known,
but all subjects that are still alive at the end of follow-up are unknown (f,=1 and f,=0),
both risks are estimated to be 1 and therefore the estimated relative risk equals 1.
Consequently, if f, > f,, the biased relative risk, RR’, is biased towards unity. To
investigate this in more detail, the percentage bias as a function of £, f,, p. and p, will
now be studied.

The percentage bias is defined as 100 (K-1). Thus, a percentage bias of 10 means
that RR" overestimates the "true" relative risk by 10 per cent. From the foregoing it
follows that the percentage bias can be calculated to be:

(f,Fa X p-p,)

100(K-1)=100
fa ( l_pc )+pcfd

2

Since follow-up percentages are positive and 0<p <1, the denominator must also
be positive. For RR>1, p-p, is positive. In that situation, when f,-f, is positive, the
percentage bias is paositive, too. So, if f, > f,, the relative risk is overestimated. If f, < f,
the relative risk is underestimated.

The conclusion above may be derived in another way. £, > f,, the estimates of
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the risks p, and p, are biased towards one. Hence, the relative risk will be biased towards
unity, too, and is therefore underestimated.

3.2.2 A direct approach to the calculation of the confidence interval of the relative risk

In an actual study it is often possible to estimate from observations the values of f, £,
p. and p,, at least within reasonable boundaries. For example, if it is known that out of
1000 persons, 200 persons have died and that vital status is unknown for 100 persons, at
most 300 persons have died and at least 200 persons. Therefore f, lies between
200/300=0.66 and 200/200=1.

Equation (1) is used to obtain adjustment factors for RR’ based on the inequalities
Join S L0 % e s Fioin S0 £ fiman s Pomin € P € P @a0A p,_. £ P, £ P, FOr an upper
bound to RR" we then obtain RR (f,,..(10.mi) T Pome SimaFominl 1D FPvmid aovin ) A

lower bound for RR' is RR (fonllPone) F Pumin Simis) Frmel 1Derin) FPomi i)
Consequently, the boundaries for RR are: 1/K,.. RR" < RR <€ 1/K,,, RR" with:

1 umisl 1P ) *Prein Fyom
Km fam( 1“Po,min )+po.m:n: fm

and

1 - f:z,:mx( l_pe,min )+pema.xf;:‘.nmx
Koin  Josl Y Pomx 2P0 min Fimin

The boundary values for /K, and I/K, can be used to adjust confidence
intervals for RR" to obtain conservative confidence limits for RR. Suppose a confidence
interval for RR’, calculated using the log-transform approach (Rothman, 1986), is from
cr, 10 ¢r,, then the limits of a conservative confidence interval for RR, ¢r,, and ¢r,,., are
criK... and cr/K.... A formal proof of this statement is presented in Appendix 3-B.

3.2.3 Anindirect approach to the calculation of the confidence interval of the relative risk

The indirect approach uses the relation between odds ratio and risk ratio. The odds ratio,
OR, is defined as OR=(p./(1-p.)) / (p./(1p,)). The relative risk is easily shown to be
directly related to the odds ratio and p, according to:

RR = (1-p,) OR + p, 3)



As the odds ratio estimate is unbiased with respect to all realizations of f, and
f., see Appendix 3-A, conservative lower and upper 95 per cent confidence boundaries
for RR are:

crmjn=( l—pcm Yorg, + Pemin

er . = iwpcm Yor . o+ Pomax

where or,, and or,,, denote the 95% confidence limits of OR, e.g. using a log-transform
approach (Rothman, 1936).

From the above equations it is easy to understand that, in the situation where p,
is small, i.e. if the odds ratio OR nearly equals the relative risk RR, the use of the above
formulae does not change the confidence interval. This is not equally evident for the
direct approach discussed in the previous section. An estimate of p_,. 1s obtained if it is
supposed that all persons lost-to-follow-up came from the exposed subpopulation and
died during the follow-up period. To estimate p,,, it is supposed that all persons lost-to-
follow-up came from the exposed subpopulation and were still alive at the end of the
follow-up pericd.

3.3 RESULTS

The practical implications of the methodology discussed in the previous sections will now
be summarized. To begin with, the amount of bias will be considered as a function of the
fractions f, and £, in the case of incomplete follow-up. Next, a real-life example is used
to illustrate how confidence intervals for RR' can be adjusted to represent a conservative
confidence interval for RR. In addition, the advantage of using the indirect approach will
be illustrated.

3.3.1 Percentage bias as a function of f, and f, in the case of incomplete follow-up

Unit contours of the percentage bias according to equation (2) are shown in Figure 3-1
for specific realizations of p, and p, and for various combinaticns of f, and f,. A unit
contour is defined as a contour connecting possible combinations of f, and f, with
identical percentages bias. Four different realizations of p, and p, are used to show the
effect on the percentage bias.

39
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Figure 3-1 Unit contours of percentage bias for four combinations of p, and p, 2s a function

of f, and f,. A percentage bias of +5 means that the biased relative risk, RR’,
overestimates the true relative risk RR by 5 per cent.

it follows from the definition of K that, with K, p, and p, given, f, is proportional
to f,, so that the contours are straight lines through the origin. For RR=2 and RR=4, it
is seen that the relative risk is overestimated as long as f, exceeds f,. If f, equals f,, the
relative risk estimator is unbiased. If f, is less than f,, the relative risk is underestimated.

It is also apparent from these graphs that the amount of bias is low in the
situations where the risks of death are low in both subpopulations. In the four situations
illustrated in Figure 3-1, the absolute percentage bias is less than 2.5 if the fractions of
people followed-up exceed 0.90 both for alives and deaths.
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3.3.2 A practical example of adjusting for incomplete follow-up

By way of example, use is made of some data from a recent follow-up study in the
Netherlands (Doornbos and Kromhout, 1990). A cohort of men, all of them born in 1932,
was examined for enlistment in military service in 1950/1951. After 32 years, 78.505
persons had complete follow-up; 3456 persons had died and the remaining 75049 persons
were still alive. 150 persons were excluded from the study because their death certificates
could not be traced. In addition, 1152 persons were excluded because data were not
available on one of the variables under investigation. The original cohort size had
therefore been 79807, all male persons who had passed medical examination. The
fraction of deaths of which vital status is known, f;, is between 3456/(3456+15041152)
and 3456/(3456+150}, i.e. 0.726 < f, < 0.938, depending on how many of the 1152 persons
excluded had died during the 32-year follow-up. The fraction of alives of which vital
status is known after 32 years is between 75049/(7304941152) and 75049/75049, i.e.
0.985 < f, < 1. Obviously, f; < f.. Therefore, a first conclusion is that unadjusted relative
risks will be biased away from one.

As an example of using the direct approach, let us now calculate an adjusted 95
per cent confidence interval for the relative risk of dying within 32 years, having a low
education (with a risk p, of dying) against having a high education (with a risk p, of
dying). Although no absolute frequencies were given, Table 3-1 was derived from the
percentages as tabulated. From the data in the table 7 is calculated to be
0.03/0.034=1.47 with a 95 per cent confidence interval for RR" (see Appendix 3-B) of
1.314 to 1.646. To adjust this confidence interval all available data will be used, including
estimates of boundaries for p, and for p,. Concerning the upper boundary for p, it seems
logical that p, < (1892+150+1152)/{37836+150+1152) = 0.082. Similarly, p, %
(345+150+1152)/(10145+1504+1152)= 0.144. When this reasoning is also applied to
lower boundaries, we have 0.0485 £ p, £ 0.082 and 0.03053 < p, < 0.144 . Imputing these
boundaries gives 0.85 RR™ < RR < 1.19 RR’, leading to an "adjusted” conservative
confidence interval for RR given by 1.12 < RR £ 1.96.

Using the odds-ratio approach, the 95 per cent confidence limits for the odds ratio
are found to be: 133 < OR £ 1.68, which can be used for calculating the confidence
limits for RR" by imputing p,=0.05 in formula (3). Using the boundaries on p, leads to an
adjusted confidence interval 1.27 £ RR < 1.68, which is somewhat narrower than the
interval obtained with the direct approach, which may be due to the fact that only
boundaries on p, are implemented.
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TABLE 3-1

Outcomes from a 32-year follow-up of two subpopulations, defined by educational level at
baseline

Vital status

Dead Alive Unknown
Low education 1892 35944 ¢
High education 345 9300 0
Unknown education 150 G 1152

34 DISCUSSION

This chapter presents a framework to assess the (percentage} bias for estimates of the
relative risk, assuming that f, and f,, the fractions of alives and deaths, respectively, with
known vital status, can be estimated within narrow limits and can be assumed to be
nondifferential with respect to exposure. The reifative risk of dying is biased towards 1 if
f: > f. (and away from 1 if f, > f,). This would indicate that it is feasible to optimize
follow-up procedures as long as it is fairly certain that the fraction of deaths with vital
status known is at least as high as the fraction of alives with vital status known. However,
most follow-up studies will probably show opposite signs, i.e. f, > f,, as in the example
discussed before. So, in general, published relative risks calculated from longitudinal
studies, will be biased away from 1 when follow-up is incomplete. In order to ascertain
this. extra information is needed, of course. This information might be collected by
resampling in the subgroup of incomplete follow-up. Complete, although more expensive,
follow-up for a representative subgroup is sometimes attainable. In the example
discussed, necessary additional data had been presented in the paper, but very often
these are not available. It is clearly important that papers should give data on fractions
of follow-up, 5o that, if relevant, an adjusted analysis can be performed.

Another conclusion from this chapter is that, in many practical situations, the
resulting bias due to incomplete follow-up can be expected to be relatively small. With
a follow-up rate of at least 90 per cent, the percentage bias will usually not exceed 10.

I fomin = fomme (OT fre < fimn)» statistical hypotheses testing is not affected and
p-values calculated for RR are still appropriate for RR, as may be shown as follows, If
Sani>S aa then f,>F,. Therefore, it is known from equation (1) that either J<RR<RR" or
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I=RR=RR or I >RR>RR’. Suppose that a test of the hypothesis RR'=1 at @=0.05 leads
to rejection and results in the statement RR™ > 1. The conclusion would consequently be
that also RR>1 (at ¢=0.05). This is confirmed in the example discussed before, where
both approaches of calculating confidence regions led to the conclusion that RR>1.

Given that the influence of incomplete follow-up will usually be relatively small,
the direct approach of adjusting a relative risk seems rather pessimistic as it leads to
rather large increases of the confidence inmterval. The increases are less if the indirect
approach of adjusting an odds ratio to represent a relative risk is used. The odds ratio
approach is conjectured to give less conservative estimates and confidence limits and
therefore might be preferable in practical situations.

In the introduction it was stated that two problems occur in longitudinal studies,
misclassification and incomplete follow-up. The simultaneous occurrence might result in
a smaller bias of the relative risk estimate, since misclassification generally leads to a bias
towards 1, whereas incomplete follow-up generally leads to a bias away from 1. More
research needs to be done to establish to what degree this occurs in actual practice.
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APPENDIX 3-A
Derivation of equation (1)

On the basis of the notation introduced in the methodology section, it is intuitively clear
that the expected value of (number of deaths in the exposed group)/(number of exposed
where follow-up is complete) 18 P, yme = Pe fu / ((1-p.). + p. fi ) and that the expected
value of (nmumber of deaths in the unexposed group)/(number of unexposed where follow-

up is complete) is P, wemes = P, J2 / (10, )f. + p.f.). Therefore, mr” estimates the population
entity: RR- = pe,o{-yemd/ipo.obmmed = RR - K.

Independence of odds ratic of f, or f,

The simple estimate of the odds of the exposed group is an estimate of 2, ;. e/ (10, cgpormea

P, Jfa

odds{ exposed )= ) 7. .
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Similarly, the simple estimate of the odds of the unexposed group is an estimate
Of po,abmrvcd’{(l—po,ob:tmd):

P, f;

odds{ unexposed )=m .

Hence, the simple estimate of the odds ratio of both observed groups estimates
the quantity: OR™ = odds(exposed)/odds{unexposed) = OR.
APPENDIX 3-B
Interval ¢r /K., to /K, provides a conservative confidence interval of RR

Suppose A; deaths are observed in the exposed subpopulation of which N, persons had
complete follow-up, and suppose A4, deaths observed in the unexposed subpopulation of
which N, persons had complete follow-up. For RR™ the 95 per cent confidence interval
is obtained following Rothman {1986) as:

exp| In r7°:1.96/Var(in rr) | =

A N N -4, N,-
exp h_llmlil_gs ._,.l____1+_7-_ﬁ
4, N, AN, AN,
From RR= RR/K it follows that an estimate, rr, of RR is /K.

Var(In(yr))=Var(In(7"/K ))=Var( In 7" -In(K) )=Var(ln ") since X is constant.

Hence, conservative 95 per cent confidence limits for RR are

exp [In 77"-In K, ~196Var(n rr*) |

and

exp [In 77 -In K, +196/Var(n ) | .

A conservative 95 per cent confidence interval is thus given by cr/K,.. to er/K,.. .
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CHAPTER 4

MODELLING MANIPULATED DISCRETE PROCESSES:
ESTIMATING PREVALENCE IN THE CASE OF NON-RESPONSE *

SUMMARY

Missing data may cause a problem in the estimation of the prevalence of a certain
disease in 2 population by means of a survey. This chapter presents a model-based
approach for dealing with missing data. The model involves several strategies, each
resulting in a different estimate of this prevalence. The strategies will be compared by
means of likelihood ratio testing procedures within the parametric setting. Of course,
properly testing goodness of fit is not possible sclely through a likelihood ratio test as
long as missing data are not replaced with resampled information. The parametric
model is shown to be applicable also for sitnations in which there is observational
erTor.

* After: Lugtenburg D and Mulder PGH (submitted) Applied Statistics
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41 INTRODUCTION

In some situations observations collected are not correct or complete. One reason may
be that, before outcomes of the relevant process can be observed, a second process has
eliminated part of these outcomes or changed part of them. This second process
"manipulates” the outcomes of the first process. Probably, the manipulating processes
encountered in practice most often are "vanishing" and "recategorizing'. The latter is a
process where only part of the outcomes of the first process are observed correctly. If the
former process is active, part of the outcomes of the first process become missing.

The nature of "vanishing” processes as they may occur in practice varies widely.
For instance, in surveys where questionnaires are sent to persons of specific populations,
it is only rarely that afl questionnaires are returned or are completely useful for analysis.
There is a certain percentage of non-respomnse. The mechanisms that underly the
existence of such missing data may affect the appropriate analysis, see e.g. Rubin {1970).
An excellent introduction to this subject has been written by Little and Rubin (1987).

Three general approaches are suitable to deal with the "vanishing” problem. First,
extra information about the "missing group” can be gathered by resampling. Second, the
missing data can be "filled-in” or "imputed” and corresponding analyses performed.
Finally, a specific structure of missingness can be assumed and conclusions can be derived
from that assumption. For estimating prevalence all three general approaches have been
proposed in the literature. In estimating the size of the western Arctic stock of bow head
whales, Zeh et al. (1986) use the assumption that missingness is only related to visibility
and obtain estimates by resampling. If several sampling procedures are available (the one
that is the most expensive being the most precise) a correction formula can be derived.
An example is the procedure of counting radio-labelled animals, which is not interfered
with by visibility problems (Steinhorst and Samuel, 1989). The second and third of these
general approaches are sometimes used simultaneously, as in the example of this chapter.
By supposing that all missing data show the outcome of interest (e.g. have the disease or
have high blood pressure) an upper limit of the prevalence is obtained. The model
postulated in this chapter makes it possible to evaluate such imputation procedures.
Dinse (1986) discusses similar but nonparametric estimators.

The following example will be discussed. A chemical industry needed an estimate
of the percentage employees with hypertension. In a survey all employees were invited
to have a medical examination. Some employees, however, decided not to attend. These
refusers presumably did not form a random subgroup of the total population. A non-
random process may have caused some eniployees to attend and others not to attend the
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examination. Assumptions concerning the non-randomness of this underlying missing-
data-generating process are needed in order to properly estimate the prevalence of
hypertension. Several simple sets of assumptions will be discussed, as well as likelihood
ratio tests for discriminating between these sets.

Besides the problem of missing data, there is also the problem of misclassification.
An observer may make mistakes in allocating an observed outcome to the correct
category. Many authors have written about this phenomenon. The first and the last of the
three general approaches referred to earlier are proposed in the literature to deal with
it. Obviously, resampling by means of repeated measurements can improve the estimates
considerably, as discussed by Clayton (1985). Also, models have been proposed which a
priori allow for misclassification. Copas (1988), for example, discusses binary regression
models.

In this chapter, a framework is presented that may facilitate the modelling of both
the recategorizing and the vapishing process. As has been remarked before, we will
assume that the outcomes of the first process are manipulaied by a second process.
Therefore, only certain combinations of outcomes of both processes can be observed.
First, the underlying principles will be discussed, illustrated step by step by showing the
implications of modelling a vanishing process. This generally applicable model is
presented in section 4.2 for binomial successive processes. The distribution of the actually
observed outcome variate will be demonstrated to be multinomial. The model will be
specified and the procedure to obtain maximum likelihood estimators (MLE) for the
model parameters will be described. For the algorithm we use the composite link
approach as introduced by Thompson and Baker (1981). The several different imputation
procedures to estimate prevalence will be discussed within the general framework. In
section 4.3, the above-mentioned example (prevalence of hypertension) is dealt with in
more detail. The analysis is elaborated as far as necessary to serve illustrative purposes.
Section 4.4 describes the recategorizing process within the general framework, and a
discussion is presented in section 4.5.

4.2 THE MODEL
4.2.1 Introduction of the model
Consider two successive binomial processes with the second process manjpulating the

outcomes of the first process. The first process has two passible outcomes, z, and z,. The
probability that the first process actually has outcome z, is denoted g,. The second
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process has two possible outcomes, z,; and z,,, where the probability that outcome z,
actually occurs may depend on the outcome of the first process. As a consequence,
another two probabilities are introduced: g, is the probability that outcome z, occurs
when z; is the cutcome of the first process, g, being the corresponding probability when
z, is the outcome of the first process. The resulting process is illustrated in Figure 4-1.

o}
N .
q, / \q1
z z

outcome
1 2
a, Ni-a, a, [\ 1-q,
| [\
outcome z z z Z
21 22 21 22
count y.oJ, VR 7,

Figuore 4-1 Schematic description of two successive processes.

There are four response categories r: (2, ,2y), (2, ,22), (2, ,Zy) and (z,,2.,) with r
being 1 to 4, respectively. The response category r (r=1,..,4) is observed y, times. The four
Tesponse categories are complete (there are no other responses possible) and mutually
exclusive. For each response category r the corresponding category probability, p,, is
assumed constant with p, = ¢.q., p. = q.(I-q,), p; = (I-q4).q; and p, = (I-q,).(1-q;)}.
Consequerntly, the response variate, which describes the frequency with which this
category will actually be observed, has a multinomial distribution, see e.g. Johnson and
Kotz (1969).

If the second process is a missing-data-generating process in which z,, means "not
missing” and z., means "missing”, it is easy to see that in fact one cannot observe ali
category counts separately. The counts that can be observed are (y;), (v;) and the sum of
y.and y.: (y.+y,). In matrix notation: ¥, = C y, with y=(, ,y. ,v:,»,)" and

1060
C = |0010; .
0101
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In short, only combined category counts are observed. Somehow, one has to deal
with this limited information when estimating the dependence of the probabilities g, on
a vector of explanatory variables. This will be discussed in subsection 4.2.4. In the next
subsection, 4.2.2, the dependence model for the probabilities ¢; is specified.

4.2.2 Postulation of the model

For design point { ({=1,.... 5} the process probabilities g; {{=1,2,3) are assumed to depend
on p explanatory variables assembled in a vector x;

g=qx) j=L23; i=1..5.
For every g, a2 logistic model is postulated as follows:
logit(g)=8"x, j=12,3; i=l,.,s

with 8; a vectar of p coefficients specific for each probability g, The first element of the
vector x; equals 1 in order to provide intercepts ;. Some of the other coefficients in f3,
may be zero, meaning that the corresponding explanatory variable in x; is not
incorporated in the j* process.

4.2.3  Several strategies for estimating prevalence

Suppose that persens having the disease of interest, e.g. hypertension, fall in category z,.
Again, the second process is a missing-data-generating process where z, means "not-
missing” and z, means "missing”. Then an estimator for the prevalence (percentage
observations falling in category z,) is defined as follows. When the estimated category
counts for the category counts y, are denoted ¥, then the prevalence estimator is:

F
1003 G +¥;)

i=1

ini

i=1

prevalence=

The corditions that define independence of both processes are straightforward.
Both processes are independent if and only if Pr(z,, |z,)=Pr(z,|z.} for all design points
i, which is tantamount t¢ ¢,=¢s or B,x.=pg;x , for all [ (this means f§,=5;). This
independence condition results in a "simple-guess-estimator” for the prevalence.
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A generalization is the following:

logit(g;)-logit(g. )=V

for all i. If 4=0C this simplifies to the above case q,=¢s. If ¥ - =, then g, - 1, meaning
in the example introduced above that all missings are counted as normotensives. This
leads to a "lower-boundary estimator” of the prevalernce.

If 4 ~ -0, then g;; + 1, meaning that all missings are counted as hypertensives. This
results in an "upper-boundary estimator” of the prevalence.

It will be obvious that these last two situations are extreme situations and unlikely
to be real. However, "how" unlikely are they? Interval estimation for the prevalence can
be evaluated by means of a likelihood ratio testing procedure as follows. First, consider
the following three situations: ¢ = -« (upper bound), ¥ = 0 (simple guess) and ¢ = =
(lower bound). For every situation the corresponding deviance is calculated. Secondly,
the deviance corresponding to the MLE of ¥ is calculated. This leads to an "optimal-
guess estimator” for the prevalence. For each fixed ¢ the likelihood ratio test statistic is
calculated as the difference: deviance(¥g,.,) minus deviance(yr,,,). When this statistic is
supposed to have a chi-squared distribution with 1 degree of freedom (DF for short) on
the assumption that ¥, Is the true ¢, then all values of ¢ with a deviance less than 3.84
(chi-squared value, 1 DF and «=0.05) away from the deviance corresponding to .,
correspond to values that are in the 95 per cent confidence interval of the prevalence,
because of the monotonic relationship between ¥ and the prevalence.

4.2.4 Firting the model

If the second process is a missing-data-generating process and g.=q, or equivalently
B.=f;, MLEs for the model parameters 8, and 8. can be calculated by applying standard
binomial algorithms. Two separate binomial models can be fitted. The first for calculating
MLEs for the model parameters of the first process: y;, positive responders out of a total
of y,+v, observations at design point i. For the second process this is: y, +y; as positive
responders out of a total of i, observations at design point i. By adding the corresponding
binomial log-likelihoods it can be shown that the total log-iikelihood is the appropriate
multinomial log-likelihood. The more extreme models with either g.=1 or g;=1, too, can
be fitted with standard binomial algorithms.

In ali other sjtvations, no standard binomial afgorithms can be used. As a general
method t0 maximize the multinomial log-likelihood, a Poisson reparametrization will be
introduced.
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A sufficient condition for the outcomes y, (r=1,..,4) at design point{ to behave like
a multinomijal distribution for given p, and n,=y,;+y,+y;+y, is a Poisson distribution for
the y,, stratified on design point i. Birch (1963) showed that both likelthoods are
proportional to each other and so lead to identical MLEs in a log-linear model
specification. Palmgren (1981) showed that the inverses of the Fisher information
mairices are identical so that the asymptotic covariance matrices of the estimates also
coincide.

We now specify the following dependency model for the expected responses E(Y,)
with a model parameter g, representing the stratification on design point Z, so that there
is a one-to-one relationship between the linear logit{g,) predictors (with coefficient
vectors ;) and the linear log(p,) predictors:

E(Y, )=np;= exp(“i"'YIx:*'ﬁ;xi)
E(Y, D= 1, p, 5= exp(it;+Y;%)
E(Y, )= n, p; 4= exp(pt.+|3§.xl.)

E(Y, )= n, p, .= exp(p)
with:

exp(Bsx, )+1)

fofyfxi +In( -
exp(ﬁ:,x! }+1

resulting for ¢ in:

¥ =B§x,‘_ﬁ§xg -

As ¥ has to be constant across i, ¥ is the difference of the intercepts of process 2 and
process 3: ¢ = B, - By, the other coefficients in B, being equal to those in 8,

The above reparametrization to a Poisson regression model provides a way of
handling the problem in question, namely that the y, at design point { are not observed
directly, but that only certain combinations over r of the y, are cbserved: yfobs) = Cy;
with y,{obs) being an observed column vector of dimension k<4 and y; a column vector
of elements y, (r=1,...,4); the (k*4)-matrix C being the composite link matrix which is the
same for all design points I, A typical C-matrix has zeroes and omes as glements.
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Composite Poisson models are described by Thompson and Baker (1981), who
introduced the composite link mode] as a generalization of the generalized linear model
{McCullagh and Nelder, 1983). The algorithm described by Thompson and Baker has
also been applied to the example of this chapter. For the vanishing process the C-matrix
already was presented in subsection 4.2.1. The Poisson reparametrization provides a
generally applicable algorithm without any further conditions.

43 AN APPLICATION: THE PREVALENCE OF HYPERTENSION

A survey was conducted on 6287 employees of Shell Pernis, ranging in age from 20 to 59
years, to find the total percentage of employees with hypertension. This was defined as
a diastolic blocod pressure of at least 95 mm Hg or a systolic blood pressure of at least
160 mm Hg. The target populaticn was the total working population on January 1, 1982
at the site. The employees were invited to undergo a physical examination that year. Of
about 25 per cent of the employees, however, no blood pressure values were recorded.
This is partly due to the fact that a number of employees refused to attend, but also
because of some computer storage problems. The latter is known because the observed
blood pressure values of some employees, who were known to have attended the
examination, could not be retrieved at the time of analysis in 1989.

In the general context of this chapter the first process is considered to be the
process that determines whether a person has high blood pressure. The second process
determines whether the bleod pressure values could be retrieved for the analysis in 1989.
A very relevant explanatory variable for the first process is age, which was grouped into
four classes: 20-29, 30-39, 40-49 and 50-59 years. One explanatory variable for the second
process is the number of times a person reported sick during 1982. The underlying
reasoning is stmple. If an employee was sick, he did not get an invitation to attend the
examination. Two classes were used, namely "reporting sick less than four times" and
"reporting sick at least four times". No other explanatory variables were used. This is also
an obvious determinant for process 1, especially for correctly estimating the prevalence.
A sumrnary of frequencies in the resulting 8 age-sickness classes is presented in Table 4-1.

In this example the first binomial process was defined as the process that
determines whether a person has high blood pressure with the probability parameter only
varying across age groups. The outcomes z, and z, mean “hypertensive" and
"normotensive”, respectively. The second binomial process is a missing-data-generating
process with z,, and z,, meaning "not missing" and "missing", respectively.
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TABLE 41

Observed percentages of definite hypertension in a survey of an industrial population for different
age and sickness-absence categories

Age (years) Reporting sick Number of Percentages Within the data
at least four employees data that are that are known,
times unknown the percentage
persons with
definite
bypertension
20-29 no 1197 24.6 8.4
20-29 yes 245 331 12.2
30-3¢9 no 1318 27.5 9.6
30 -39 ves 203 36.0 13.8
40 - 49 no 1267 217 14.3
40 - 49 yes 171 357 20.0
50 - 59 no 1642 24.5 20.7
50 -39 ves 244 32.0 235

As the second process may be considered to randomly delete blood pressure
records within a given age-sickness category, the percentage unknowns should be the
same for employees that have outcome z, and for employees that have outcome z.,
implying g.=q, for all classes i. This also implies that ¢, introduced in section 4.2.3,
equals zero. This "simple-guess approach” is evaluated first. In this situation, it turns out
for the first process that, besides a linear trend of the logit of the response probability
on age category, the number of sickness absences (<4 or >3) in 1982, too, has
explanatory power. The second process is assumed to be related only to the number of
sickness absences. After fitting this moedel for the total process, a deviance of 16.22 with
11 DF was found, which indeed suggests a reasonable fit. Since independence applies,
this deviance can easily be divided into two. For the first process this leads to a deviance
of 3.52 with 5 DF and for the second process to a deviance of 12.70 with 6 DF, which
latter result is not satisfactory. Various other alternatives for ¢ instead of the simple-
guess approach (¢ = 0) are to be evaluated. The results are presented in Table 4-I1L
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TABLE 4-11

Summary of several strategies towards the randomness of the underlying missing-data-generating
process

Strategy name Second process Estimated Deviance DF
prevalence of
hypertension
simple guess go=qz 14.3 16.22 11
lower bound g.=1 106 15.73 11
upper bound g1 365 81.44 11
optimal guess ¥ estimated 122 14.97 10
(0.91)

It seems that in this example the simple guess, the lower bound and the optimal
guess are nearly equivalent strategies. However, the upper bound strategy with § = -«
is highly unlikely (p<<0.001). The optimal guess estimate for the prevalence is 12.2 per
cent. In Figure 4-2 the deviance (as a function of the estimated prevalence) of the
different strategies is interpolated; it can be seen that the 95 per cent tolerance region
for the prevalence is from 10.6 to about 16 per cent, including both the lower bound
estimate and the simple guess estimate.

deviance

80 r

10 ¢

o R e

+
+ .
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10 15 20 25 30 35 40
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Figure 4-2 Deviance as a function of estimated prevalence of hypertension.
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44 MODELLING A RECATEGORIZATION PROCESS

If the second process is a recategorizing process, then this process, too, can be described
in terms of the general framework presented in this chapter. This will be shown in this
section.

If the second process is a recategorizing mechanism, in which z,, means "correctly
reproduced” and in which z,, means "falsely reproduced”, it is easy to see that in fact one
can only observe the following combined counts: (v, +v,) and (v.+y;).

When the Poisson reparametrization is used, the composite link matrix C is:

1001
C =
[0110}

If the second process recategorizes the outcomes of the first process, direct
estirnation by binomial algorithms is possible if g,=7-g; (or 8,=-4,). In this case only the
parameters 8, can be estimated. However, for a recategorizing process this condition is
very unrealistic. Moreover, one is interested in g, rather than 8.

4.5  DISCUSSION

This chapter presents a comprehensive approach to tackling the situation where two
processes are observed and interest lies in only one, because the other process is a
"manipulating” process. Additional information in the form of explanatory variables may
be incorporated into the approach, provided that this information is available for all
units. An algorithm is presented, applying the compasite link approach. It is shown that
sometimes it is also possible to apply standard binomial algorithms to calculate the
MLEs. Of course, the EM algorithm (Dempster, Laird and Rubin, 1977) can be used as
well.

By means of an example the problem of testing various strategies of "correcting”
for missing data is presented. The choice is based on a likelihood ratio testing procedure
by incorporating in a generalized model several strategies, of which the "simple-guess”
strategy relates to the model-based direct-adjustment procedure of Rosenbaum (1987).
Closely related, too, is the method of Conn, Lui and McGee (1989). These authors deal
with the problem of estimating the incidence of home injury deaths in a situation where
the place of occurrence is often unspecified. They use a logistic regression to estimate the
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probability of having a home injury and use this function in a one-time imputation phase
for estimating the incidence of home injury deaths.

One should be aware that the appropriateness of the model can never be proved
by goodness-of-fit testing. It can only be proved by resampling within the missing-data
subgroup. However, the assumption, stated in the example, that the missing-data-
generating process does not depend on age seems to be supported by the data from
Table 4-I1. For this specific generalization of the model, a likelihood ratic test was
perfoi'med. The observed small age effects were not statistically significant. If the model
specification had given a bad fit, also a super-binomial model could have been postulated
and fitted with the computer program GILIM. For the present example, this did not seem
necessary. In the example, the fitted value for ¢ was 0.91. This means that there is a
slight tendency towards an overrepresentation of normotensives within the missing-data
group, so that the optimal-guess estimate for the prevalence goes toward the lower
boundary. Additional data were available for only 51 per cent of the missing cohort. In
this group, attending the periodic health examination in one of the following three years,
the prevalence of hypertension turned out to be 11.1 per cent. Although this subsample,
too, is no random subsample of the missing data cohort, this finding supports the
parametric findings.

If the first process has more than two possible realizations, e.g., In misclassification
problems of ordinal responses, the algorithm may be tedious to build, but the approach
is essemtially not different from the approach described in this chapter. For the
McCullagh (1980) models the composite link matrix C may become a band matrix
because misclassification for ordinal data will most probably consist of a shift of one
category away from the true category.
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CHAPTER 5

AN APPROXIMATE BARTLETT ADJUSTMENT FOR TESTING THE
GOODNESS OF FIT OF MULTINOMIAL REGRESSION MCDELS *

SUMMARY

For up to four categories and given sufficient replications per design point (eight or
more seem to be enough), an adjusted likelihood ratio statistic for testing the
goodness of fit of multinomial regression models is proposed. This adjustment does
not depend on the multinomial model used and therefore will have a wide range of
applications. It is certainly useful for the proportional odds model, introduced by

McCullagh. This proportional odds model is used in some simulation studies to
investigate the performance of the new statistic.

* After: Lugtenburg D (1991) J. R. Stazist. Soc. B, 53, 393-398
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51 INTRODUCTION

Ordinal response variables may often be appropriately analysed by application of ordinal
regression models, as introduced by McCullagh (1980). The likelihood ratio (LR) statistic,
which is often used as the goodness-of-fit test statistic, is a special member of a more
general family of goodness-of-fit statistics; see Cressie and Read (1984). For small sample
sizes, however, this statistic is not distributed as the corresponding asymptotic chi-squared
distribution; see Koehler (1986) and Agresti and Yang (1987) for the case of log-linear
models.

One way of improving the statistic is to use Bartlett’s (1937) correction factor; see
also Barndorff-Nielsen and Cox (1984), in which a simple proof is presented of the
correctness of this statistic up to order O(N**) where N is the number of observations.
Recently, Barndorff-Nielsen and Hall (1987) proved that, in regular cases, this adjustment
is even correct up to order O{N). The correction factor has been applied in many
contexts, for example in multivariate normal distributions (Mdller, 1986, Porteous, 1985).
Results obtained by Lawley (1956) can be applied in the computation of the adjusted
statistic in more complicated situations. Cordeiro (1983) applies this approach to
univariate generalized linear models. In another paper Cordeiro (1987) presents Bartlett
adjustments when the dispersion parameter i$ unknown. A parameter invariant
alternative to Lawley’s results has been derived by Ross (1987) for curved exponential
familes.

In the present chapter, an approximate Bartlett adjustment is proposed for testing
the goodness of fit of multinomial regression models. This adjustment does not correct
the distbution of the test statistic up to any order, but it will be shown to be adequate
in some situations. In section 5.2, the LR statistic will be separated into two parts: a
model-dependent part and a meodel-independent part. The approximate Bartlett
correction factor, derived in section 5.3, is based primarily on the model-independent part
of the LR statistic. In section 5.4, some simulation results are presented, which illustrate
the performance of the improved statistic.

52 SEPARATION OF LIKELIHOOD RATIO STATISTICS
The pumber of times that response category j is observed for the categorical
response variate at design point { is denoted by y; (i=1,2,..., 5; j=1.2,...,k), where s is the

number of design points and k is the number of response categories. For a model under
investigation with p unknown parameters, the fitted value f; is the maximum likelihood
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estimate (MLE) of the expected value of the category count y;. The resulting maximum
multinomial log-likelibood is:

x k
L=3 3% ¥, log(-X ")

i=1 j=1
with

3
njzz Vi
=t

For the saturated model this simplifies to

L, E E ¥y log(

i=1 j=1

The value of the LR test statistic is 2(L,-L,). This statistic asymptotically, as min, », - e,
has a chi-squared null distribution with s(k-I}-p degrees of freedom (DF); see, for
example, McCullagh and Nelder (1983).

If p; denotes the true but unknown category probabilities, the exact log-likelihood
L is

s k

L=3>3 y; loglpy).

i1 j=1

The LR statistic now can be separated into a model-dependent and a model-independent
part: LR=LR_-LR_, with LR _=2(L -L) and LR_,=2(L-L).

If the model is correct, LR, has, asymptotically, the chi-squared distribution with
sfk-1) DF, and LR, is asymptotically chi-squared distributed with p DF; see, for example,
Dobson (1983).

A simulation study was performed, to check whether the larger part of the bias,
caused by considering the null distribution of the test statistic to follow a chi-squared
distribution with s(k-1)-p DF, is associated with LR or with LR_. Some results of this
study are presented in Table 3-1. Observations were generated for six different
parameterizations of the proportional odds model of McCullagh {1980). All six models
relate to an ordinal scale of response with four response categories (scores j=1,2,3 or 4).
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TABLE 5-1

Simulation results”

Model B, B, Model-independent mean Model-dependent mean
(expected: 18) (expected: 5)
I 02 00 21.48 4.80
I 0.3 0.0 21.76 557
[H| 04 00 21.19 4.78
v 0.1 0.2 2236 572
v 0.2 04 21.17 5.08
VI 03 0.6 20.09 5.04

* For 100 simulations per study the observed means of the model-dependent part and the model-indepent
part of the LR statistic are listed.

Cumnuiative probabilities are denoted by

ngzzpi{

=1

The model used in the simulations can be described by
logit(yj) =6Jej— Byx,—B.x,
for j=1,2,3, with
Y= ¥ D

¢; is an s-vector with elements unity. The vectors x, and x,, teo, are of dimension s.

The three cut-oif points & are treated as fixed (6,=-1,6,=0 and §,=1). Six design
points are considered for each model (s=6), withx,=(00011 1) and x,=(012 01 2)".
The six models differ only with respect to the values of the parameters g1 and g2 .

The expected value of LR, is asymptotically equal to 18 and, if the model is
correct, the expected value of LR, is asymptotically equal to 5. Table 5-I shows that LR,
is subject to the larger bias. Similar conclusions with respect to this statistic are reported
by Koehler and Larntz (1980).

33 APPROXIMATE BARTLETT CORRECTION FACTOR

To apply Bartlett’s correction factor the expected value of the second-order Taylor
approximation of LR, denoted by E*(LR,,), and of LR, need to be derived. Since LR,
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shows the larger bias, only E*{LLR;} is calculated. The formulae for k=2 up to k=4 are
presented in Appendix 5-A. The derivation for k=2 can be found in Cerdeire (1983). In
Appendix 5-A helpful remarks are given for k=4. For k>4, direct calculation is not
trivial, but calculations can be simplified with the help of software like REDUCE or
MAPLE.

The following correction factor ¢(p,,.-..p..) Will be used for the IR statistic:

k-1~
C(plp---s psg)‘:Es:'E‘Z"R"))—fz'; >

in which £%(LR,,) is a function of the unknown exact category probabilities p;. Since the
p; are not known in practice, the proposal is to use correction factor c(p*,,...p*.J) with
p¥=fin,, to calculate the corrected test statistic LR =c(p*,,...p%) {2(Lr-Lp}}.

54 SIMULATION RESULTS

To compare the two statistics LR and LR, simulations were performed for each of the
six models described in section 5.2. The results, which can be found in Table 5-II, are
strongly in favour of LR.. In these simulations, the null hypothesis is correct. A study of
the non-null behaviour is beyond the scope of this chapter and will not be illustrated
further.

TABLE 5-11

Number of exceedances of LR, for three values of o

Model @=0.20 a=0.10 a=0.05
I 28 (48) 16 (30) 6 (18)
I 19 (44) 12 (22) 4(13)
I 27 (41) 17 27 7 (20)
v 32 (46) 17 (35) 9 (20)
v 21 (42) 11 (23) 5(11)
VI 17 (32) 6 (19) 4 (12)

* For the six different models, the table lists the number of times (out of 100) that the corrected test
statistic LR, exceeds the ¢ percentage point of the chi-squared distribution with 13 DF. The corresponding
nunbers for the uncorrected statistic LR are given in parantheses,
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APPENDIX 5-A

Suppose that there is one design peint, y,=y, y/#=¢, r=n and p,=p, For up to four
categories the second-order Taylor approximations of E(LR*_/2) are then:

k-1
E (IRJ2) = AR+ AD,
z=1
k-1 k-1
E (LR, /2) = 4B +EA1(3)+E AR+ Y AL 1R,
t=] j=r+1
k-1 k-1 k-1 k-1
E (LR,2) = 0(L)+EA @3 AEDY 3 A 1R +
2=] t=1 j=z+l

k-1 k-1 k-1

D3 B AL kA

r=] jatel hzjsl

for k=2, k=3 and k=4, respectively, with

Ayl =(k-1)/2,

A, =(-p,+1/p)/12n,

AR ={p1-2p)pI6-p, PLL-2P)1-p-D)3 +
+p, PLOL-p)I4=3p (1 -p)(1-p,-P )4} Inp},
A, 1R =(2p, p)+p, pA-p)1-P)}2np;,

At 7hE) = -p, p, p, Inpy.

‘With 5 design points these formulae are appropriate for every design point { separately
as functions of the corresponding category probabilities p,, with j=1,...k The relevant
formulae in these cases are simply the corresponding sums.
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The derivation of the formula for k=4 will be presented in five steps.

(@)

(b)

(©)

68

The Taylor series around L(p,..p.) of L(qy..q.,) s

k-1

oL
L(qp-"aq;c—l) = L(pp"-,pk_l)*'; (GJ_PJ)(‘E_)“&“‘)(F,- +
= J

k-1 k-1

1 oy FLy
Y ¥ (ap)gp) aqzagj)qﬂ

—
20559 T

1 -1 k-1 k-1 831_
+§7f\: ; ;,E; (qj-pj)(q,—p,)(qb—ph)(m) gor Ho

with g=(q, ,.., §..), r=(P; .-, P,) and with the constraint =5, g=1.

The log-kkelihood L{qg; ..., g.,) is a function of the observed relative frequencies
g: L{g; . q.)=%".mglog g, with the constraint £, g~1. This results in the
following formulae for jt ¢ {1,..,k-1}.

aL
~a~——=n(iog q,~log gq,)

4

FL n n

— i —

3gl 9 %

and

PL n

ag;q‘ Qk

for t#/ , and sc on.

After the derivatives have been substituted into the Taylor formula, we can
calculate the expected value of the difference of both log-likelihoods L(g) and
L{r), correct up to second order. For this, formulae for the product moments are
needed. The multinomial cumulants and the transformations needed to give the
product moments are both listed in Johnson and Kotz (1969). Formulae like
E(g,p,)(q:p.) = - np, p, (1/n*) are thereby derived.



(@

(©)

The terms of the expected value involving a first-order derivative are

E-1
S E(g,~p)(n log p,-n log p)=0.

1=1
The terms of the expected value involving a second-order derivative are

k-1

%}3 E(g,-p )2+ 22) +E{(q, P, ), -2, @, P (a5 Py) +
=1 P, P

k-1
1 1 n n
Hay Py} —==A ¥ —np (1-pY(=+ Dy +
PO Yy 2l P. P

1 1
=0y P;~Py P3Py PY—=2(k-1)=4,4) .
Dy 2

The terms of the expected value involving third-order and fourth-order derivatives
are derived as above. = A4, (t) and T A, (tk) result from combining the terms
involving a third-order derivative for 7= and involving a fourth-order derivative
for r=j=h, for terms respectively independent of and dependent on p,. = A, (3j.k)
results from combining the terms involving a third-order derivative for ¢ # j and
involving a fourth-order derivative for one pair of the indices (z,j4) being
identical. T A4,(tj k) results from combining all remaining terms.

The total of the terms involving up to the fourth-order derivative (higher order
derivatives do not add terms of second-order precision) provides the formula for
k=4, as presented at the beginning of this appendix.
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CHAPTER 6

SMALL-SAMPLE RESULTS
OBTAINED WITH THE UNCONDITIONAL
WILCOXON-MANN-WHITNEY TEST STATISTIC
FOR ORDINAL DATA

SUMMARY

For up to 10 observations per sample, and for up to five categories, tables with
unconditional critical values are presented for the Wilcoxon-Mann-Whitney test
statistic when the response variate is ordinal. As the underlying process is considered
to be a multinomial process, these critical values are not dependent on ties but,
instead, on the category probabilities of this multinomial process. If these category
probabilities equal 1%, where k is the number of categories, the critical values appear
to be conservative. Extensive comparisons with respect to the difference between
nominal and actual p-values suggest that this unconditional statistic is superior to the
conditional test statistic.

71



61 INTRODUCTION

The Wilcoxon-Mann-Whitney statistic tests the null hypothesis that the distributions of
two populations are identical, given independent random samples. More specifically, it
tests the hypothesis that D=Pr(7,>T.)=1/2, with T, being the observed outcome cn a
subject from sample 1 and 7. the observed outcome on a subject from sample 2. This
statistic is suitable in particular in the testing for a shift between the distributions. I
the response variate has an ordinal scale with up to k possible response categories,
the problem of ties occurs. Lehmann (1975) has shown how for this situation it is
possible to calculate exact p-values. His approach conditions the possible outcomes on
sample sizes and on category frequencies. Calculation is mot difficult but tedious.
Mehta et al. (1984) and Verbeek and Kroonenberg (1985) present algorithms that
reduce some of the calculations. Emerson and Mases (1985) suggest that this conditio-
nal exact test should always be used for sample sizes of 10 or less and asymptotic
results only for larger sample sizes.

For large samples an unconditional approach has been presemted for cal-
culating confidence limits for T, see Halperin, lamdy and Thall (1989), who postulate
a multinomijal underlying process. They follow the approach discussed in Halperin,
Gilbert and Lachin (1987). Postulating such a muitinomial underlying process makes it
possible to calculate critical values of the Wilcoxon-Mann-Whitney statistic, as
functions of the multinomial parameters. Whenever these multinomial category
probabilities are supposed to equal 1/, this appears to lead to a conservative test.

Comparisons between conditional and unconditional tests have been made in
the 2x2 situation by Suissa and Shuster (1985), using a Z-statistic for sample sizes
larger than 10. They explicitly stated to be the first authors recommending uncon-
ditional testing to obtain an increase in power. They calculated sample sizes
accordingly, with the nuisance parameter being eliminated following Basu (1977),
resulting in a conservative test. The availability of several levels of prior information
on the nuisance parameter has led to a probability model with an unconditional
alternative to Fisher's exact test, see Rice (1988).

For the more general Ax2 situation, we will make a compariscn in this chapter
between the two approaches for the Wilcoxon statistic with respect to the difference
between the actual apd nominal p-values. For a wide range of multinomial category
parameter settings, for k=3 and k=4 and for sample sizes that range from 4 to §
exact actual p-values will be calculated for both approaches. Int all these situations, the
uncorditional approach, using conservative critical values, outperforms the conditional
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approach. For the most heterogeneous situatjon (category probabilities equalling 1/%),
in which the unconditional approach has actual p-values that are mostly at least 30%
of the nominal p-values, the unconditional approach sometimes has a coverage of only
50%.

In section 6.2, Lehmann’s approach is discussed. The unconditional approach is
presented in section 6.3. Also, critical values are listed there for the case where the
category probabilities equal 1/k, for sample sizes up to ten, with X being three to five
and ¢ equal to 0.01, 0.05 and 0.10. With the aid of several parameter settings of the
multinomial process, the magnitude of conservatism for both approaches is shown in
section 6.4. Power comparisons between the two approaches are presented in section
6.5. Finally, section 6.6 presents conclusions and recommendations.

6.2 THE CONDITIONAL WILCOXON STATISTIC

If we denote the m observations from the first sampie X, and the n observations from
the second sample Y,, the outcome of the Wilcoxon-Mann-Whitney statistic for testing
the null hypothesis of no difference against the one-sided alternative of a shift to the
right (X<¥) corrected for ties, is:

m n

W=3 ¥ 6(X,.Y) @

u=1 w=l

where ¢(xy)=38, if x<y, §, if x=y and ¢, if x>y. Here, §,=1, §,=0.5 and §,=0. This,
naturally, is equivalent (apart from a constant) to the sum of ranks for the ¥7's
evolving from ranking all m + 1 observations.

Another expression, suitable in particular for ordinal data with up to k possible
outcomes in order of magnitude 1,2,..%, is the following. The number of observations
that fall into category j for sample i is denoted f; with I equalling 1 or 2 and j ranging
from 1 to k. The outcome W of the test statistic, w, is:

k k
W=3 F; Gy fy+8, 2 ) @

=1 £5j+1
For deriving the conditional distribution of this statistic, the » + m (not
necessarily different) ranks are wsed as a starting point to generate all possible
permutations of m ranks. For each permutation the outcome of the test statistic with
its probability are calculated, assuming a uniform distributicn of all ranks. The
proportion of generated outcomes of the test statistic that at least equal the observed
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outcome ¥, represent the one-sided p-value. It is easy to see that this underlying
distribution is conditional both on the sample sizes (m out of m + n ranks) and on
the category frequencies. For example, if category 2 was actually observed four times,
the corresponding mean rank can be selected from the » + m possible ranks not
more than four times. This distribution has to be generated for every single observed
outcome. In the next section a different method is presented, which generates critical
values applicable in every practical situation, independent of ties that may have
occurred.

63 THE UNCONDITIONAL WILCOXON STATISTIC

Suppose observations from population { ({=1,2) follow a multinomial distribution with
category probabilities p; (j=1,..k). One specific realization (f} .., f.) for sample i then
has log-probability

log (p) = fylog (p) + o + filog (p,) + log nl -log fi! - . - log fi!
with

k
n=3_f;
J=1
If for each possible realization {f,, ,..., fix » fu s fu} the probability to occur,
P2, i3 calculated, then for each possible realization W of the Wilcoxon-Mann-
‘Whitney statistic, its one-sided p-value, p, is calculated as:

p= ¥ P p,
Si1 s Jop With w2 W

in which W is calculated as in (2).

Obviously, critical values for corresponding a values are easy to calculate if the
multinomial parameters p.=p, are known. In practice this situation rarely occurs. For
sufficiently large samples, maximum likelihood estimates can be used to estimate these
parameters. For small sample sizes one might search for a specific parameter set that
results in conservative critical values. In the next section it willi be shown that the
parameter set p,=I/k appears to be such a parameter set. Using this parameter
setting, for k=3 to k=35, the lower critical values W, have been calculated for sample
sizes up to 10 and «=0.01, 0.05 and 0.10 (so: Pr(w<W,)<e). Tables 6-Ia to 6-Ic show
the results.
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TABLE 6-Ia

Lower critical values W, for which Pr(wsl,)<e with ¢=0.01, =0.05 and «=0.1 on the first,
second and third rows, respectively. for k=3

n
m 3 4 3 6 7 g 9 10
3
0.3
1.5
4 * 0.5
1.0 235
2.5 3.5
5 0.5 1.0 20
2.0 3.5 5.0
3.0 4.3 6.5
6 1.0 1.5 3.5 4.5
25 4.5 6.5 8.0
4.0 6.0 3.0 10.0
7 1.0 25 4.0 55 7.5
33 53 7.5 10.0 12.0
5.0 15 8.5 12.5 15.0
8 1.5 3.5 5.0 1.5 9.5 113
4.0 6.5 9.5 115 14.5 17.0
53 835 115 14.5 175 20.0
9 235 4.0 6.5 8.5 11.0 13.5 16.0
4.5 7.5 10.5 13.5 17.0 19.5 23.0
G.5 9.3 13.0 165 19.5 23.0 2635
10 2.5 5.0 135 10.0 13.0 15.3 18.5 215
35 8.5 12.0 155 19.0 225 255 295
75 11.0 14.5 185 2235 26.0 30.0 335
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TABLE 6-Ib

Lower critical values W, for which Pr{w<W,)<ea with a=0.01, ¢=0.05 and a=0.1 on the first,
second and third rows. respectively, for k=4

n
m 3 4 5 6 7 8 9 10
3 *
0.5
1.0
4 * 0.5
1.0 2.3
2. 3.3
3 0.0 1.0 20
2.0 3.0 4.5
3.0 45 6.0
6 0.5 1.3 3.0 4.0
2.5 4.5 6.0 7.5
4.0 55 80 10.6
7 1.0 25 4.0 55 7.0
3.0 3.5 13 9.5 115
4.5 7.0 9.5 12.0 14.5
8 1.0 340 5.0 7.0 9.0 11.0
4.0 6.5 9.0 11.5 14.0 165
55 30 11.0 14.0 17.0 19.5
9 2.0 35 6.0 85 10.5 13.0 15.5
4.5 7.5 105 13.0 16.0 19.0 220
6.5 8.5 125 16.0 19.5 22.5 26.0
10 25 4.3 7.0 9.5 1235 15.0 18.0 205
5.0 85 11.5 15.0 18.3 220 255 285
7.0 10.5 14.5 18.0 220 25.5 29.5 33.0
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TABLE 6-Ic

Lower critical values W, for which Pr(w<W,)sa with «¢=0.01, ®=0.05 and «=0.1 on the first,
second and third rows, respectively, for k=3

n
m 3 4 5 6 7 8 9 10
3
0.5
1.0
4 * 0.0
10 20
24 3.0
5 0.0 0.5 1.5
1.5 3.0 4.5
3.0 4.5 6.0
6 0.3 1.5 2.5 4.0
235 4.0 6.0 7.5
35 55 7.5 9.5
7 0.3 2.0 3.5 55 7.0
3.0 5.0 7.0 935 115
4.5 7.0 9.5 11.5 14.0
§ 1.0 3.0 4.5 53 85 10.5
33 6.0 3.5 11.0 13.5 165
3.5 8.0 11.0 14.0 16.5 19.5
9 13 35 5.5 3.0 10.5 12.5 15.0
45 7.5 10,0 13.0 16.0 19.0 220
6.0 9.5 125 16.0 19.0 2235 26.0
10 20 4.3 6.3 9.5 12.0 14.5 175 205
5.0 85 11.5 15.0 18.0 215 250 285
1.0 10.5 14.5 18.0 215 233 290 33.0
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6.4 CONSERVATISM OF CRITICAL VALUES FROM BOTH APPROACHES

The upper critical values, W, of w for the case where p,=0.25 (k=4) and n=m=38 are
calculated as described in the previous section for the unconditional statistic. These
are 44.5, 47.5 and 53, respectively, for ¢=0.1, 0.05 and 0.01. These values can be
calculated from Table 5-Ib as well, using the relation ¥,=nm-W, from the lemma:

if PriwsW)<a then Pr(iwz n m-Wp)s «

which is obvious for the unconditional approach. So, if a=0.1, W,=64-19.5=44.5.
Considering different parametrizations of the multinomial underlying process, we can
calculate the exact (or actual) prebability of a more extreme value than this specific
critical value. In several figures, results of such calculations are summarized for 30
different underlying multinomial distributions, covering a range of possibilities for the
difference between the maximum category probability, p,.. and the minimum category
probability, p.... The exact probabilities calculated are shown as functions of the range
R=p, D, in Figure 6-1 for k=3: (n=4, m=4), (n=4, m=8), and (n=8, m==8) and in
Figure 6-2 for k=4: (n=4, m=4), (n=4, m=38) and (n=8§, m=38).

For the conditional test statistic, the following approach has been applied. For
all possible combinations of r, r, r, ¥, (in which r=f,+f,) and observed value W of the
test static w, the p-value corresponding to this W is calculated as described in
Section 6.2. If p<0.05 this is denoted by

§( rl,r2,1'3,r4,W )=1,
otherwise

§ ( 1y, W =0 .

Suppose that for the multinomial model the probability that combination r, ,r, ,r; 75y , W
actually occurs is denoted by p(rLr2r3,r4, W) . The p-value, which is the probability
that the nuli-hypothesis will be rejected if the null hypothesis (including the
multinomial assurption) is true, then is:

p-value= E P (rur o r W) S (rprrr,W).

T Sy Ty W

Results from the conditional approach for the situations where the
unconditional approach was used are shown in Figures 6-1 and 6-2 as well.
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The graphs show that the p,=1I1/k substitution gemerally leads to conservative critical
values. For the unconditional approach in which a=0.03, this conservatism is less than
30% in most cases, viz. with R(p}<0.3, and p,,>0.05. Only for cases with extreme
variations in p;, like R(p;>0.8, the exact p-value is considerably overestimated. For
¢=0.01 more cases show considerable overestimation.

For the conditional approach, this conservatism is even much higher. Here, one
can see, that even in the situation where R(p)=0, the exact coverage of critical values
might be even less than 60% of the nominal value. This is true, in particular if there
are few observations, so if the probability of zero-frequencies is considerable. When
there is a zero-frequency, the conditional approach ignores that category completely,
whereas the probability that this frequency is zero by chance is not 0, especially not if
the multinomial underlying probabilities are specified.

6.5 COMPARISON OF THE POWER OF THE TWO STATISTICS

In considering the power of a test statistic, an alternative hypothesis has to be
specified to show the prebability of rejecting the mull hypothesis if this alternative is
true. Because of the nonparametric approach, this may cause difficulties for the
Wilcoxon statistic. In testing for a shift in distribution, Collings and Hamilton (1988)
used a general concept of the alternative, approximating the power with a boctstrap
method. In this section, however, we follow the approach of Whitehead (1983), who
discusses a general way to look at the power of the Wilcoxon statistic. If we denote vy,
the probability that a response in category j or worse is observed on a subject from
population I with i=1 or 2, population differences are defined as:

A, = logit (v,) - logit (v,) , where] = 1,..k-1.

‘Whenever the two population distributions are equal A,=0 for all j. If A; < 0 for all j,
then there is a shift to the left for the distribution of the second population. Although
many realizations of A, may occur, the following is chosen to investigate the power of
the Wilcoxon statistic:

A; = A for all j.
This choice of a parameter to study the power of a statistic with regard to a given

realization of A, also relates this concept to the cumulative log odds model, discussed
by McCullagh (1930). He shows that in a comparison of two populations, with
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underlying logistic distributions, the comparison may be done with a model as
described above. In this case a pure shift-model emerges with A being the difference,
or shift, between the two population distributions.

Both strategies for deriving one-sided p-values of the Wilcoxon-statistic wiil
now be considered.

For the conditional test statistic the following approach is used. For all possible
combirations of r, ¥, .5 ,r, (In which r=f+f;) and observed valne W of the test
statistic w, the p-value corresponding to this ¥ is calculated as described in section
6-2. If p<0.05 this is denoted by

S( r17r27r35r4;W )=17

otherwise

S (Tl W )=0 .

For the multinomial model, the probability that combination r, .7, ,ry ,r, . W actually
occurs is denoted p*(r,,r.r;,r,,W) . If the null hypothesis is not met, this is not
equivalent to p(r,.r..r;.r,, W) from the previous section. The power, which is the
probability that the null hypothesis will be rejected if the alternative hypothesis is true,
then is:

POWER= 3 Pt rar gt WY S (1 gk W) .

rl,r:,ra,r4,W

Exact power calculations are preseated in Table 6-II for various values of A when k=4
and n=m=8, using several aull distributions, including p,=1/k.

For the unconditional test statistic the power calculations are made by
calculating Pr(w<W¥;) with W, =16.5.

From tables like this it has been concluded that the exact conditional test in

general has less power to detect a difference A than the conservative unconditional
test has.



TABLE 6-11

Exact power for one-sided tests with ¢=0.05 and as alternative hypothesis a shift to
the left, under specific null hypotheses for two statistics where k=4 and n=m=8

Alternative hypothesis Unconditional Wilcoxon Conditional Wilcoxon
(A= 00 0.0458 0.0384
A =-05 0.124 0.1081
A =-1.0 0.2613 0.2348
A= 2.0 0.6036 0.5785
2)A = 00 0.1247 0.1081
A=-05 0.2689 0.2408
A =-10 0.4590 0.4240
A =20 0.7901 0.7681

(1) I p,=0.25, j=1..4
(2) It p,=0.17, p,,=021, p,,;=027, p,,=0.35

6.6 CONCLUSIONS AND RECOMMENDATIONS

In this chapter the conditional and unconditional approach of calculating p-values for
the Wilcoxon-Mann-Whitney statistic have been compared with respect to nominal
and actual p-values. It appears that the conditional approach is comparable to the
conservative unconditional approach. Cne drawback of the unconditional approach,
viz. its dependence on the underlying multinomial distribution, is outweighed by its
advantages: it is independent of the number of ties and permits the use of
conservative critical value tables.

The overall recommendation should be that if the underlying multinomial
assumption is considered met, the unceonditional approach should always be used. If
the multinomial null-parameters are known a priori, then the comservative critical
values can be replaced with exact critical values. This might be related to the use of
different weights for specific categories in the conditional Wilcoxon statistic.
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CHAPTER 7

PARTICIPANTS AND NON-PARTICIPANTS
IN A TRIAL OF
A BACK SCHOOL EDUCATION PROGRAMME *

SUMMARY

Two groups of persons with a recent history of back complaints have been invited to
participate in a trial, in order to evaluate the effectiveness of a back school education
programme, held outside working hours and intended as a secondary prevention. The
first group (A) had been on sickness leave in connection with back complaints. The
second group (B) had stated to have frequent back complaints in a questionnaire at
their periodic health examination. The present chapter assesses the degree of
association of several variables with the willingness to participate in this tal.

The overall attendance figure for the trial was 43 per cent. Different
determinants of willingness tc participate were found to be active at the four different
stages of the intake process. Relevant determinants for non-participation were high
body mass index, low educational level, smoking and short duration of the latest
absenteeism. Personal reasons menticned by employees for non-participation indicate
that non-participants are not troubled by back pain so seriously or have developed a
method to deal with it. On the other hand, participants have more complaints or no
method to deal with them; they are hence more willing to invest time in the
programme. Because categories of participants and non-participants appear not to be
quite similar, persons from the non-participant categories, too, have to be followed
gver time, in order to be able to generalize the cutcome of the trial.

* After: Lugtenburg D, Wiemer GR, Drooger W and Rensink HIT (submitted} Spine
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71 INTRODUCTION

Between October 1, 1990 and April 1, 1991, 439 male employees of Shell Pernis were
asked to participate in a trial on a back school education programme. Back school
education programmes had previously been used with either acute™ or chronic™ low
back pain patients. The Pernis back school education programme, however, was not
intended as therapy, but as a secondary prevention for normally working persons with
a (recent) history of back complaints. In the overall evaluation of this trial, non-
participation has to be taken into account, especially as a secondary prevention trial is
bound to have a participation figure far below 100 per cent.

Persons who run a high nisk of developing specific diseases are of greatest
benefit to health-promotion programmes. Therefore, studies have been cenducted to
see whether these persons participate.”” Personal reasons for pot participating® and
also more objective "baseline” data for participants and non-participanis have been
studied, the Iatter collected after’ or before™ the moment of invitation. The
determinants of non-participation in population-based studies, such as higher age™ and
lower socioeconomic status/education®, are not found consistently in work-site studies,
except for the higher prevalence of smoking, which is a determinant in both kinds of
studies.* These findings might explain results from follow-up studies of participants
and non-participants, both in population-based surveys” and in work-site medijcal
surveillance programs®, from which it is known that non-participants, in general, are
less healthy than participants.

A health-promotion programme and a secondary prevention trial differ in that
for the latter, the proposed programme has as yet ic be evaluated for effectiveness.
Hence, determinants of participation will differ and participation in either of the two
settings has to be studied separately, preferably in a prospective setting to reduce
recall-bias. A trial alsc makes it possible to identify different levels of non-
participation. Determinants of non-participation must be assessed separately for each
category of non-participants.”

Our study was designed to gather information prospectively with respect to
variables concerning sjckness absence and periodic health assessments from
employees invited to participate in a trial of a back school education programme,
which was held after working hours. Our study included participants and non-
participants of this trial, so that an unbjased assessment of several determinants in the
different phases of participation was feasible. Facts about health habits, health status
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and demographics are relevant for describing the subpopulation studied and aiso
make possible a discussion of the external validity or generalizability of the trial.

7.2 METHODS
721  Population

At Shell Pernis, about 4300 persons, predominantly male, work in a petrochemical
complex consisting of a refinery and a number of chemical plants. Absenteeism due to
sickness is reported to the department of occupationai health. At the end of a
sickness period both its duration and the disease code {following the WHO ICD-codes
of 1975}, are stored in a computer. The department of occupational health also
conducts on a regular basis periodic health assessments. Non-operational employees
are screened every four years, operators and maintenance people every two years.
The periodic examination comprises the measurement of the characteristics body
weight, body length and diastolic and systolic blood pressure. Further, a questionnaire
is completed concerning smoking habits, alcohol consumption and sporting activities.
Also, questions about general health are answered, one of them being whether the
person has frequent back complaints.

7.2.2  Srudy population

Between October 1, 1990 and April 1, 1991, a number of male employees were
mmvited to participate in the trial; they were selected on either of two characteristics.
One group (group A} consisted of persons reporting back in the week before
invitation, after a sickness absence period due to back complaints. The other group
{group B) consisted of persons stating that they had frequent back complaints at a
periodic health examination one week before invitation. The number of persons
invited varied between 2 and 15 per week.

7.2.3  Intake procedure

Persons from the study population were invited by means of a letter which provided
extensive information. They were asked to make an intake appointment with a
physician at the department of occupational health. If, after two weeks, no
appointment had been made, they received a second invitation with identical

87



information. The persons who, after this second letter, still did not respond, formed
response category J. The persons who responded, but stated that they had no interest,
formed respomse category [l The remaining persons made an intake appointment.
During this intake appointment a physical examination was conducted by the back
school physiotherapist and inclusion and exclusion criteria were applied by the
physician. Persons whose complaints could not be defined as caused by low back pain
were excluded. Medical contra-indications were Bechterew, herniated disk. steroid
therapy, anticoagulant therapy, (beginning) hiparthrosis, malignancies and severe
psychological problems. Also, persons who were unable to read or understand Dutch
and persons who knew a priori that they would be unabie to attend all lessons, were
excluded. So, response category I consisted of persons who were excluded from the
trial because of one of the exclusion criteria. The remaining persons were asked to
participate in the trial. Persons who, for various (personal) reasons, did not participate
after all, formed response category IV, and persons who agreed and participated
formed response category V. Figure 7-1 presents a schematic diagram explaining this
intake procedure and the results obtained.

439 employvees invited

T
Cl: reaction no yes 346
93 /\
C2: intake no yves B77
BN

C3: excluded ves no 234

43 /\
C4: willing no yes

45 189
response I II 111 v v
category
Figure 7-1 Schematic representation of the intake procedure followed in the Pernis

back school education trial.

&8



7.2.4  The trial

In the trial, participants were randomized into two groups: a waiting-list group and a
group that attended the back school education programme in subgroups of eight
persons. The programme consisted of eight sessions, in which information was given
on physical and psychological factors related to back complaints. Furthermore, a
number of exercises for the back were instructed according to the principles of
McKenzie." After a one-year follow-up period, the possible effects of the back school
education programme on, among other things, absenteeism will be assessed.

7.2.5  Baseline variables considered to be potential determinants

At each of the four consecutive stages of intake (¢f. Figure 7-1), the categories of
persons from the study population willing to participate were compared with the
category of persons who were not.

For every individual, age, work-to-residence distance, registered car pooling
(ves/no), shift work (yes/mo), kind of department (chemical, refinery,
technical/maintenance and remaining) and educational level (low, medium, high) were
known. With respect to educational level, low” means that a person only had primary
education, ‘high’ means a university degree or a higher vocational education level and
‘medium” means all intermediate educational levels. Since different determinants of
participation may operate within groups A and B comparisons between categories
were made separately for A and B. In group A the influence of the number of days of
the latest period of sickness leave was studied. In group B the influence of the health
characteristics diastolic blood pressure, systolic blood pressure, body mass index
(weight/height®), smoking habits (smoker: yes/no), alcohol intake (less than or at least
3 drinks a week), sports (ves/no) and medication (yes/no) were studied.

7.2.6  Statistical methods

In the sequence of comparisons, the intake procedure was followed closely, see also
Figure 7-1. In the first comparison, CI, persons who did not react (category I) were
compared with those who did {categories II, IIT, IV and V). In the second comparison,
C2, persons who did not want to make an intake appointment (category I7) were
compared with those who did (categories I, IV and V). In €3, persons who were
excluded from the trial (category [If) were compared with those who were not
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(categories JV and V). In C4, persons who did not want to participate (category 1V)
were compared with those who did (category ).

For each comparison (CI to C4), univariate analyses were done to assess the
influences of baseline variables on the willingness to participate. The Wilcoxon-Mann-
Whitney test® was used to compare categories with respect to the mean value of
continuous baseline variables, viz. age and distance to residence (for both groups A
and B), period of absenteeism (group A only) and diastolic blood pressure, systolic
blood pressure and body mass index (group B only). Chi-square tests” were used to
compare categories with respect to discrete baseline variables, viz. kind of department
and ecducational level. Fisher’s exact test” was used to compare categories with respect
to dichotomous variables, viz. registered car pooling and shift werk, and, for group B
only, smoking, drinking, sports and medication.

On the basis of the results of the univariate analyses, logistic regression
analysis® was applied to evaluate simultancously all potential determinants of
participation for every individual comparison, CI to C4. Since the response categories
are mutually exclusive and complete, the response variable can be considered to
follow a multinomizl distribution. Using logistic regression analysis for each
comparison, however, implies that the outcome variable for each conﬁparison follows a
binomial distribution. But, given the comparison sequence as discussed above, the
likelihood, when optimized, relates to the multinomial distribution.” By this approach
the probability of a person not further participating in the intzke procedure was
modelled at every stage. The resulting probabilities can straightforwardly be compared
between two subgroups using the odds ratio. If we denote the probability that a
person from a particular subgroup $7 ends participation at a certain stage p, and the
probability that another person from a subgroup S$2 ends participation p, the odds
ratjo of ending participation for subgroup §f compared to subgroup §2 is defined as
p/(1p) divided by p/f(1-p.). Odds ratios were estimated with corresponding

confidence intervals (CI) for all relevant determinants using a logistic regression
model.

73 RESULTS
7.3.1  Smudy population

A total of 439 persons were invited to participate in the trial; group A, which
consisted of 207 persons reporting back in the week before invitation after a peried of
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sickness absence due to back complaints, and group B, which consisted of 232 persons
stating to have frequent back complaints at a periodic health examination one week
before invitation. Baseline characteristics are summarized in Table 7-I. No substantial
differences between A and B are observed, except for the distribution of departments
{which is fully explained by the agenda according to which departments were invited
for their periodic health examination) and the distribution of educational level
{persons with higher education have less sickness absence due to back compiaints).

7.3.2  Univariate comparisons

Baseline variables with a statistically significant effect at the 5 per cent level (or of
borderline significance) on willingness to participate in either group (A, B) at some
stage in the univariate analysis, are listed in Table 7-II. Variables with no significant
effect were not included in this table.

Table 7-II shows that in group A, 19 % did not react at all at stage 1 and in
group B 23 % (comparison CI). A comparison between workers from the various
departments showed that for group A 32% of the employees in chemical departments
did not react, compared to 14% of the employees in other departments and for group
B 37% compared to 18%.

Of those reacting, 20 % were not interested in the trial in both groups
{comparison C2). Workers in a chemical plant (those who gave a reaction) had a
lower percentage of non-interest: 9% compared to 24% in the remaining departments
in group A and 8% compared to 23% in group B. Duration of latest absenteeism was
another determinant for non-interest in group A. In group B, low alcohol consumption
and low body mass index were also indicative of unwillingness to participate.

At the intake appointment, 16 % were excluded in group A and 15 % in
group B (comparison C3), low education being a determinant for exclusion in both
groups, 553% compared to 12% in group A and 45% compared to 13% in group B.
Some variables indicative of exclusion in the univariate analysis only were age and
duration of latest absenteeism in group A and medication in group B.

At the final stage 18 % in group A refused to participate and 20 % in group
B (comparisen C4). Only in group B was a difference observed between workers with
low educational level (67 %) and persons with higher education (18 %). In group B, a
high body mass index was found to be indicative of unwillingness to cogperate at the
final stage.
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TABLE 7-1

Bascline characteristics for subjects in both groups (A: sickness absence, B: frequent
complaints) who received written invitations to participate in a back school education trial

Group A (n=207) Group B (n=232)
Age in years: mean (sd) 42.4 (9.5) 42.5 (9.2)
Distance to residence in km:
mean (range) 18.0 (2-97) 20.1 (2-101)
Registered car poolers (%) 12.6 12.1
Shift workers (%) 61.4 554
Department (%)
chemical 30.4 254
refinery 217 11.2
technical/maintenance 319 474
remaining 16.0 15.9
Education (%)
low 9.2 8.6
medium 83.6 76.7
high 7.2 14.7
Period of latest absenteeism
in days: mean (range) 12.0 (1-88) *
Diastolic blood pressure in
mm Hg: mean (sd) * 814 (10.2)
Systolic blood pressure in
mm Hg: mean (sd) * 133.4 (14.8)
Body mass index in
kg/m* mean (sd) * 252(3.1)
Smokers (%) * 36.2
Alcohol intake
< 3 unitsjweek {%%) * 353
Sports (%) * 40.5
Any medication (%) * 155

*: not determined for that specific group



TABLE 7-11

Variables considered to be potential determinants for unwillingness to participate. Percentages
indicative of unwillingness are shown by variable and by intake stage. Significance levels are
based on the ungrouped baseline data

Comparison at stage Cl lovs C3 c4
Group A B A B A B A B
Overall percentages 19 25 20 20 16 15 18 20
Age:
below 40 years 21 26 25 21 6t 11 16 21
at [east 40 years 18 21 17 19 22 18 19 20
Education:
low 32 40 15 8 55t 45¢ 20 67%
higher 18 21 21 20 2 13 18 18

Chemical department:

yes 32 37t 9% &t 13 15 21 14
no 14 18 24 23 17 15 17 23
Duration of absenteeism:
less than 1 week 20 28 ¢ 11+ * 2
at least 1 week 15 * 14 * 19 * 16 *
Body mass index
below 25 kg/m™ * 19 * 241 * 17 * 10
at least 25 kg/m® * 27 * 14 * 14 * 30
Alcohol intake
low * 27 * 281 * 19 * 17
not low * 21 * 15 * 14 * 22
Medication
yes * 31 * 24 * 32t * 31
no * 21 * 19 * 13 i 19
Smoking
yes * 3¢ * 20 * 21 * 22
no * 19 * 19 * 12 * 20
* - not determined for that specific group
CI: no reaction vs reaction
C2: no interest vs interest
C3: excleded vs not excluded
C4: not willing 10 cooperate vs willing to cooperate
t: statistically significant difference between percentages concerned (p<0.03), only by univariatc
analysis, uncorrected for confounding variables
t: statistically sigpificant difference between percentages concerned, also by multivariate
analysjs, corrected for confounding variables
T: statistically significant difference between percentages concerned, by multivariate analysis,

borderline significance by univariate analysis
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7.3.3  Simultaneous assessments of potential determinants

Generally speaking, a univariate analysis can give only a preliminary result as to which
variable (out of a number of more or less correlated variables) may be a potential
determinant. Since various cormparisons showed more than one determinant in the
univariate approach, it was obvious that & thorough analysis was needed to see
whether some of these effects could be ascribed to a "confounding” variable.
Therefore, logistic regression analyses were performed to take account of such
influences.

With respect to initial reaction (CI), working in a chemical department was
found to be a determinant. The odds ratic estimate for not reacting in group A: 2.88
with a 95% CI (1.42, 5.87) and in group B, 2.83 with a 95% CI (1.46, 5.52). In group
B, smoking was ancther independent determinant for mot reacting. The odds ratio
estimate for smokers: 1.92 with a 95% CI (1.01, 3.63).

With regard to the intake procedure (C2) for those reacting at the first stage,
not working in a chemical plant was found to be a determinant for non-interest. The
odds ratio for non-interest in group A is 0.32 with a 95% CI (0.10, 0.96) and in group
B 0.30 with a 95% CI (0.10, 0.92). In group A duration of the latest absenteeism is
another independert determinant for non-interest, with the odds ratio estimate for
persons with a period of latest absenteeism less than 1 week being 2.40 with a 95 %
CI (1.10, 5.26).

With respect to exclusions (C3), only one independent determinant remained
as indicative of exlusion from the trial, viz. low education. The odds ratio estimate for
exclusion of persons with a low education in group A: 8.6 with a 95% CI (2.32, 31.5)
and in group B: 3.3 with a 95% CI (1.64, 17.4).

With respect to the final stage (C4) in group B the two independent
determinants for unwillingness were high body mass index, with odds ratio estimate:
3.4, CI (123, 9.09), and low educational level, with an estimated odds ratio of 6.93
and 95% CI (1.13, 42.5).

7.3.4  Reasons of invited individual persons for not participating
At each stage of the intake process, data were collected about reasons mentioned for

not participating any further. As these data concern personal opinions, collected only
from mnon-participants, they cannot be used in assessing differences between
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participants and non-participants. However, they may help to find out whether the
reasons given correlate with the actual comparisons of baseline data in Table 7-I1.

The reasons given for non-interest in the trial (C2) were as follows: not
having Jow back complaints (z=7), back complaints due to a cold (n=9), in therapy
with a specialist (n=14), back complaints not serious or already doing exercise
(n=26). The remaining 13 persons stated other reasons.

Reasons for exclusions according to criteria written down in the study
protocol (C3) were as follows: not understanding or not reading Dutch correctly
(n=6), not having low back complaints (n=9), other specific objective back complaints
like Bechterew and herniated disk (2=11), serious psychological problems (n=2), not
working at own department due to incapability {(r=8), excluded for other reasons
(n=7).

Personal reasons given by the 45 persons who did not cooperate in the final
stage (C4) were as follows: would have participated if problems concerning
transportation could have been solved (7=20), not liking questionnaires (z=35), low
expectations (n=0), other personal problems (#=14).

7.4 DISCUSSION

In this study, non-participation in a trial on a back school education programme is
evaluated, following the intake process step by step. Altogether 439 persons were
invited, of which 43 per cent ultimately participated. The distinction between two
groups, A and B, pertains to the fact that sickness absence characteristics were known
for group A and periodic health characteristics were known for group B. However,
the two groups have in common that they consist of persons with low back pain with
quite similar baseline characteristics (cf. Table 7-I). Therefore in this discussion, the
distinction between the two groups will not be mentioned. Univariate analyses may
produce results that are due to "confounding” by other variables; in muldvariate
analysis, based on a logistic model, the problem of confounding is circumvented.
Therefore, results from logistic regression analyses are given more weight.

An intriguing finding was that persons working in chemical departments were
less willing to participate initially than persons working in other departments, in the
sense that they were less inclined to react to the invitation (CI); the odds of not
responding are about three times higher than in other categories. However, this effect
was clearly compensated for in the next stage (C2). where persons working in a

chemical plant were more willing to make an intake appointment than other
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employees. Persons from chemical plants were not found to be different from persons
from other departments with respect to mean age and mean distance from work to
residence. As might be expected, the percentage shift workers was higher in chemical
plants, but a more refined analysis of participation within both groups (chemical
plants and other departments) showed that shift work was no determinant of non-
participation within these groups. Therefore, the observed difference in the
percentage shift workers between the two groups provides no explanation for the
difference of non-participation between them. A similar analysis of the observed
differences in the distribution of educational levels between the two groups did not
provide any explanation either. Overall, there is apparently no difference between
departments in willingness to make an appointmeént for the intake procedure.
However, people from different departments may show their non-interest in different
ways: either by not reacting at all, like the workers in a chemical plant in this study, or
by reacting through declaring explicitly to have no interest in such a trial, like other
workers in our investigation.

Short duration of recent absence because of low back complaints turned out
to be a determinant for non-participation. The participants with a relatively long
sickness absence considered the trial more attractive due to their more serious back
complaints. Some confirmation was found from individual reasons mentioned by 69
nan-participants, where "few complaints” was the main mativator not to participate.

On the basis of these results we would assume that there is an expected-cost-
benefit ratio for willingness to participate in such a trial. The expected cost is the
personal investment in time outside working hours, the expectation of benefit being
based on the individual health status and the seriousness of the recent complaint. Cn
this assumption we may expect a fairly high percentage of participation in back school
education programmes from low back patients without any current therapy, against a
low percentage in primary prevention programmes. The percentage participation in
our secondary prevention programme should be somewhere in between. This is
confirmed by a comparison of the attendance figure after the first two stages in our
study (63 %) with the attendance at a general fitness programme, where voluntary
participation outside scheduled work time was found to be low (28 %)* and with the
attendance at a back school education prograrmame with a directly available consultant
at the department of occupational health for persons with acute back problems, where
it was high (100 %)% It seems important to note that (secondary) prevention should
follow actual back complaint pericds very closely to get a high attendance and that
severity of back complaints seems a relevant trigger for participation. It could be
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argued that the seriousness of a complaint is felt less after an elapsed period of time.
It may be interesting to investigate whether participation increases with introducing
the back school trial at the time when a person reports back after sickness absence or
when completing the questionnaire.

In the third stage, €3, 16 per cent of persons were excluded, mainly related to
low education, partly because these people were unable to read and understand
Dutch. If we exclude the six persons involved from our analysis, low educational level
remains a determinant, although statistically significant omly for group A. Our
conclusion is that the remaining exclusion criteria do not favour the inclusion of
persons with low education.

It is interesting to note that body mass index, being a known determinant of
willingness to enter a study” turned out to be a determinant in this study too, although
only in the last stage after admission (C4). At this stage, however, low educational
level was a determinant for non-participation only in group B and not at all in group
A. It may be that different mechanisms are operating in the two groups.

The reasons mentioned at the final stage for non-participation, for example
car pooling and distance from work to residence, are not found as determinants in the
analysis of the baseline data. It might therefore be speculated that these reasons are
some sort of excuse for not wishing to participate in persons of low motivation.

In none of the four stages does shift work appear to have any effect on non-
response. At the time of design of the trial, there was scine scepticism about the
"degree of inconvenience” involved for both shift- and day-workers. Consequently, the
programme was planned after working hours, so that inconvenience would be the
same for both groups. Since no effect of shift work on participation was found, this
problem seems to have been addressed adequately.

Concerning the personal reasons mentioned for non-participation, they seem
to indicate that non-participants do not have serious complaints or have developed a
method to deal with them. Presumably, participants are persons who either have more
serious complaints or have no method to deal with them, and are therefore more
willing to invest the time involved. Although until now the back school education
programme is offered outside working hours, it might be considered recommendable
to have this changed to within working hours in order to increase motivation to
participate, at all stages. Therefore, the various groups of non-participants will be
followed with respect to the main outcome used in the trial and be compared with the
control group in the trial in order to advise management on the desirability to present
the programme during working hours.
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CHAPTER 8

A STATISTICAL METHOD FOR
EVALUATING GAMMA-GLUTAMYLTRANSFERASE
IN CCCUPATIONAL HEALTH SCREENING #

SUMMARY

Data on 5222 male employees in a refinery and petrochemical complex have been
used in a cross-sectional study to identify determinants influencing the levels of
serum  y-glutamyltransferase (GGT). Multiple regression analysis showed that GGT
levels were associated, in order of importance, with body mass index, age, alcohol
consumption, cigarette smoking, medication and physical activity. On the basis of the
person-related determinants a model was developed, which was used to study the
influence of work-related variables (e.z. chemical exposure) on GGT. None of the
work-related variables was found to be of influence. In addition, the model was used
to predict employees’ individual GGT wvalues and to compare these with the
laboratory-determined values. These comparisons were used in defining reference
intervals which may be applied in the identification of possible hepatocellular effects.
We concluded that persons with GGT levels below 30 U/l are unlikely to have liver
impairment and do not require additional testing. For persons with GGT levels above
60 U/l additiona] testing of other liver enzymes is indicated. For persons who have
observed GGT levels between 30 and 60 U/l the need for additional testing depcnds
on the personal characteristics mentioned before.

* After: De Koningh AGJ, Lugtenburg D and Van Sittert NJ (submitted) Clinical
Chemistry
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3.1 INTRODUCTION

Gamma-glutamyltransferase (GGT; EC 23.2.2) is a sensitive indicator of various types
of hepatobiliary diseases."” Several determinants are known to influence the concentration
of GGT in serum of human populations. The most important ones are age and sex™,
body mass index™, alcohol consumption™ and medication***=. The measurement of
serum GGT levels in industrial workers potentially exposed to hepatotoxic chemicals is
generally considered to be a sensitive test for monitoring hepatocellular effects®™*
However, the inter-person variation of GGT levels will be influenced by the above-
mentioned person-related determinants. In a study of possible association between
exposure to chemicals and serum GGT activities, it is essential to adjust for these
determinants.” This is also necessary for the detection of liver impairment, particularly
if GGT is marginally increased.

The main aim of the crass-sectional study reported here was to find out whether
we could confirm the association between the above-mentioned determinants and GGT
levels in a large industrial population. On the basis of these determinants a statistical
model was developed, which allowed the prediction of an individual’s theoretical GGT
level and its tolerance interval. This model was then used to study the influence of work-
related factors, e.g. chemical exposure, on GGT. In addition, the model was used to
compare predicted values and laboratory-determined values, after which observed
differences were studied to find out whether they were statistically significant as indicators
of possible hepatocellular effects.

82  MATERIALS AND METHODS
8.2.1 Description of the study population

A total number of 6310 men are registered as having been employed at Shell Pernis for
some time between 1 April 1985 and 1 October 1989. Of this group 5222 persons
attended a voluntary Periodic Health Assessment (PHA) or an obligatory Pre-
Employment Health Assessment (PEHA). These men formed our study population. The
frequency of the PHA depends on job-specific hazards (e.g. employment in chemical
operations, in refinery operations or in administrative jobs) and varies from yearly to
once every 4 years. This was the rationale for choosing an observation period of 4.3
years. Employees who started employment during this period had at least had an
obligatory PEHA.
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During the PHA and PEHA every person had been requested to complete a
questionnaire with regard to health experience, working conditions and lifestyle habits;
biochemical and hematological substances in blood had been measured, as well as several
physical parameters (body weight, height). The personal and health assessment data had
been stored in an HP 3000 computer. Health assessment data of the first PHA were used

for the present study, except when these were not available, in which case data of the
PEHA were uvsed.

8.2.2 Variables studied

The following person-related variables were considered in the statistical analysis: age
(vears); body mass index (kg/m®); body weight (kg); score alcohol consumption (SAC)
graded 0-4, i.e. 0, 1-2, 3-10, 11-25, >25 drinks a week; score smoking habits (SSH) graded
0-4, ie. 0, 1-5, 6-10, 11-20, >20 cigarettes a day; medication (nofyes); physical activity
during leisure time (no/yes); educational level, ie., low, medium, medium/high and high
education.

The work-related variables considered in the analysis were: duration of
employment (vyears); intake procedure (PHA or PEHA); exposure category, ie.
employment in chemical operations, in refinery operations or in an administrative job;
shift work (yes/no); individual perception of working conditions, ie. complaints of
exposure to dust, smoke or vapour (yes/no).

8.2.3 Specimen collection and GGT analysis

Blood specimens had been collected between 08.00 and 10.00 hours from subjects who
had not been asked to fast. Blood had been taken from the antecubital vein with the
subject seated. Tourniquet pressure had been released immediately on venepuncture
using the vacutainer system. About 15 ml of blood had been collected in tubes for
preparation of serum for the measurements of GGT and other blood substances. The
serum samples had been kept at 4°C and analysed within 24 hours. No losses of activity
of GGT had been observed when serum had been stored under these conditions. GGT
had been determined with a Hitachi 705 autoanalyser (Boehringer, Mannheim) at 30°C,
using L-y-glutamyl-3-carboxy-4-nitroanilide (2.9 mmol/l) as a substrate,

The precision and accuracy of the GGT measurements over the whole study
period was estimated by participating in quality assessment programmes. The day-to-day
precision over the whole observation period, expressed as coefficient of variation, was on
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average 2.4%. It was shown that with our method GGT values were on average 13%
lower than with the method recommended by the International Federation of Clinical
Chemistry”. In another study it was shown that neither precision nor accuracy are
dependent on GGT level.®

824 Statistical methods

The influence of work-related variables (x) on serum GGT levels, after correction for
person-related variables (z)), was analysed through fitting a linear model. In this model,
the logarithm of GGT is tentatively considered to be a linear combination of m person-
related variables, (p-m) work-related variables, and a random error term:

In{GGT) = bz, + ... b,zg + boXy + - bX,, + error .

The error term is assumed to be distributed as N{C,6%). In a sequence of steps the most
relevant main effects and interactions of person-related variables were identified as
determinants of GGT, using multiple regression analysis. When the variables were clearly
categorical, they were entered into the regression equation by means of dummy variables,
which have only two possible values: 1 or 0.

The following method was applied for selecting relevant person-related variables.
Starting with the most simple model, ignoring any explanatory variable, we successively
considered variables for inclusion i the model, in decreasing order of relevance, using
the information from the existing literature™. Any term was included provided the null
hypothesis that the parameter b; of this extra term z, equals zero was rejected (F-test).
This F-test is based on the difference between two Error Sums of Squares (ESS), i.e. the
sum of the squared residuals, calculated for a model including this extra term and for a
model excluding it. The corresponding p-value is the probability that the observed
reduction in ESS, which results when this extra term has been entered into the model,
is due solely to chance. In view of the large number of observations, cnly variables with
p-values less than 0.01 were included in the model. The appropriateness of a model (Le.
its goodness of fit) is characterized by the coefficient of determination, R®, computed
from (SuS-ESS)/(SuS), where SuS is the sum of squares of observed values of In{GGT).
In other words, R® equals the proportion of variance of In (GGT) explained by the
model.

In a first step the variables age, body mass index, body weight and alcohol
consumption were considered for inclusion in a basic model. Body mass index was
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included because it had previously been demonstrated that GGT increases with body
mass index.”” Age was fitted by a linear as well as a quadratic component because several
authors have shown that GGT levels increase up to 50 years and decrease thereafter.™

In subsequent steps the remaining person-related variables were included, one at
a time, entering their main effect and their interactions with age, body mass index and
alcohol consumption in the model. Various models were fitted this way and their
goodness of fit was evaluated. On the basis of this procedure a final model resulted,
which incorporated all the relevant person-related variables (reduced PRV model).

The plausibility of model assumptions was evaluated by residuals analysis. In
addition, the presence of "influential points”, i.. observations that influence a regression
coefficient, was investigated. Whether the F-tests applied in evaluating various models
lacked power because of limited diversity in the sample space, was judged through
performing collinearity calculations.”

The model obtained was then used to calculate a tolerance interval around the
predicted value for every person, given his person-related variables only, as:

[predicted In GGT-2.5d, predicted In GGT+2.5d) 48]

in which sd is an estimator for the residual standard deviation, calculated as the square
root of the Mean Square Error, defined as the mean of the squared residuals. In practice
the tolerance interval is transformed back to original units, providing the reference
interval of a population with identical characteristics.

The person-related-variables model may then be used as a starting point 1o assess
the additional influence of work-related variables. This was done through multiple
regression analysis, to detect any further significant reduction of error sums of squares,
by taking each variable in turn.

The person-related-variables model can also be used to calculate an individual’s
theoretical or predicted GGT level and its tolerance interval. If a person’s laboratory-
determined value {GGT) falls outside the tolerance interval, say, exceeds the upper limit
(UL), this may be taken to be an indication of an effect of an unidentified variable such
as liver impairment. By plotting for each individual of the population the difference d
(¢ = UL-GGT) against GGT, persons with this indication are easily identified.
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83  RESULTS

The study population comprised 5222 men participating, out of a total of 6310 men. The
age distributions of the participants and non-participants are shown for comparison in
Table 8-I. The participation figures of age groups below 50 years were similar, but the
age group above 50 years had a lower participation figure.

TABLE 8-1

Age distribution of participants and non-participants

Age group 16-29 30-39 40-49 50-62 Total
Participants 1200 1345 1356 1321 5222
(87.8%) (88.1%) (88.9%) (69.8%) (82.7%)
Non- 166 182 169 571 1088
participants (12.2%) (11.9%) (11.1%) (30.2%) (17.3%)
Total 1366 1527 1525 1892 6310
population

The distribution of the GGT values for the 5222 men was skewed to the right
(Figure 8-1). The median GGT level was 15 U/l and the 2.5 and 97.5 percentiles were
7 and 58 U/l, respectively.

Figure &-1
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The first part of the present study was directed at identifying person-related
variables that influence the level of GGT. The median GGT values at the various levels

of variables are presented in Tables 8-Ila and 8-IIb. Because no adjustment for

determinants was applied, these tables only give preliminary results. A more refined

approach, such as multiple regression analysis, was therefore indicated.

TABLE 8-Ila

Distribution properties of study population (N=5222); subpopulations grouped according to the
levels of the person-related variables studied with median GGT values

Varjable studied Levels of variables Frequency Median
GGT value
(%) (Um
Age groups (years) 16-29 23 12
30-39 26 14
40-49 26 17
50-62 25 17
Body mass index <20 5 11
(kg/m®) 20-22.5 20 12
22.5-25 34 14
25-275 28 17
>27.5 14 21
Aleohol Intake Seore Alcohol Consumption (SAC)
0="no alcobol" 21 14
1="1-2 drinks a week" 22 14
2="3-10 drinks a week" 40 15
3="11-25 drinks a week" 15 18
4="more than 25 drinks a week" 2 22
Cigarette smoking Score Smoking Habits (SSH)
0="no cigarcttes” 66 15
1="1-5 cigarettes a day” 5 15
2="6-10 cigarettes a day” 11 15
3="11-20 cigarettes a day” 15 16
4="more than 20 cigareties a day” 3 18
Medication yes 12 18
no 38 15
Physical activity yes 44 14
during leisure time no 56 16
Educational level low 12 18
medium 33 15
intermediate 38 14
high 17 14
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TABLE 8-1Ib

Distribution properties of study population (N=5222); subpopulations grouped according to the
levels of the work-related variables studied with median GGT values

Variable studied Levels of variables Frequency Median
GGT value

(%) (un

Intake procedure pre-employment health assessment 3 11
periodic health assessment 97 15

Duration of 0-10 44 13
employment (years 11-20 26 16
P Grears) 21-3¢ 18 17
>30 13 17

Working schedule shift work 47 15
day work 53 15

Exposure category chemical operations 33 135
refinery operations 33 15

administratice staff 29 15

Negative perception  yes 2 14
of working no 98 15

conditions

At this stage, the reduced person-related-variables (PRV) model was derived,
following the steps described in section 8.2.4. This model included the variables: age, age?,
body mass index, body weight, alcohol consumption, medication, physical activity,
cigarette smoking and the interactions of alcohol intake and body mass index (both linear
and quadratic). Analysis of residuals from the fitted model did not reveal signs of
nadequacy of the model, except that the distribution showed a skewness to the right.
Influential points were not detected. Collinearity was not observed. For all GGT levels
below 60 UYL, the variance of the residuals was found to be constant; for jevels above 60
U/} this variance increased with GGT level.

For the purpose of estimating a person’s In GGT on the basis of only person-
related explanatory variables, the following formula was derived for the PRV model:

Predicted In(GGT) = 1.05946 + b, body mass index + b, body weight + b, age +

+ b, age® + b; SAC + by(SACY + b, SSH + b, medication + b, physical activity +
+ by, body mass index.SAC

The regression coefficients (b,....b,) with their standard errors are shown in Table 8-IIL
The ’explained variance” was 21.7%. The residual standard deviation equals 0.468.
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TABLE 8-III

Regression coefficients, b, with standard errors, s.e., for the reduced PRV-model of In (GGT)”

Units b s.e.
Intercept 1.06 0.121
Body mass index kg/m® 6.0x 107 052 x 10*
Weight kg -49x 10% 1.08 x 10°
Age yrs 26x 10° 0.45 x 107
Age? yrs® -2.6x 10° 0.55 x 10"
SAC 9 <23 x 10% 0.55 x 107
SACE 35x10° 0.56 x 107
38H ° 21 x10° 0.54 x 107
Medication 1=yes, 0=no 0.11 0.020
Physical activity I=yes, 0=no -0.083 0014

Body mass index
times SAC kg/m® 80x10° 2.16 x 10°

® R* = 0.217

MSE {(Mean Square Error of residuals) = 0.219
SAC: Score Alcohol Consumption, graded 0-4, i.e. 0, 1-2, 3-10, 11-25, >25 drinks a week
9 SSH: Score Smoking Habits, graded 0-4, i.e. 0, 1-5, 6-10, 1120, >20 cigarettes a day.

DI

To identify the influence of work-related variables (on a group level) the PRV
mode] was used as a starting point, again using regression analysis. The work-related
variables duration of employment (years), intake procedure, exposure category, shift work
and perception of working conditions completed the model description by adding to the
PRV model each variable as main effect and interactions with age (linear and guadratic),
alcohol intake, body mass index (linear and quadratic), medication, cigarette smoking and
physical activity, respectively. It should be noted that all the work-related data were not
available for every individual person. Only for one variable, "intake (PHA or PEHA)",
could all 5222 individual results be used in the analysis. For the remaining work-related
variables the mumber of individual results varied between 5039 and 5052 (170 persons
who had a PEHA were unable to provide information on work-related variables, because
they were not yet employed at the moment of examination). The result of this approach
to the data of our study population was that none of the work-related variables had a
significant influence on GGT level.

On an individual basis the use of formula (1) to calculate the tolerance interval
around the predicted GGT value makes it possible to judge whether the laboratory-
determined GGT value is an indicator for possible hepatocellular effects. For each
ndividual in our study the difference (d) between the GGT level and the calculated UL
(upper limit of the tolerance interval) is plotied against GGT in Figure 8-2.
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Figure 8-2 The difference d between the laboratory-determined (observed) GGT and the
predicted upper limit of the tolerance interval (d=UL.GGT) as a function of the
observed GGT.

Figure 8-2 shows that laboratory-determined levels below 30 U/l are nearly always below
the corresponding UL, levels above 60 U/l nearly always exceed UL, and the individual
UL has to be calculated only at levels between 30 and 60 UA.

3.4  DISCUSSION

In this cross-sectional study we used data on 5222 men who participated in a voluntary
PHA or obligatory PEHA during an observation period of 4.5 years. In a generalization
of the conclusions to the total population account should be taken of a possible
participation bias. It turned out that fewer persons above 50 years attended the voluntary
PHA than persons in the other age groups (70% versus 88%). Therefore, the conclusions
are at least valid for the participating 70% and 88% of these age groups. A statistical
method has been developed to correct for such a participation bias.®

Serum GGT levels in cur population were significantly associated with the person-
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related variables body mass index (and body weight), age, alcobol consumption, cigaretie
smoking, medication and leisure time physical activity. Altogether, these variables
explained approximately 22% of the inter-individual variation of GGT levels, which is
similar to the percentage reported for a Norwegian population.’

The regression model made it possible to estimate the effect of a variable on the
mdividual GGT, corrected for other variables. The strong positive association between
overweight and GGT levels in the present study, adjusted for the other variables in the
model, is in agreement with reports of other authors’™* On the basis of the
corresponding estimated model parameters (Table 8-IIT) it can be concluded that for
subjects who do not take alcohol, with similar values of other determinants, an increase
of 2 kg/m® in body mass index results in about 13% higher predicted GGT levels. With
regard te age, predicted GGT levels showed a clear increase to an estimated top at the
age of 49 years, and a slow decrease thereafter. This is in apreement with the
literature.**"** Persons aged 50 years had 25% higher predicted GGT levels than persons
aged 20 years with similar values of other determinants. The effect of alcohol
consumption on GGT levels can be illustrated by comparing subjects with SAC=0 and
SAC=4, with body mass index 25 kg/m” and similar values of other determinants. Heavy
drinkers had 58% higher predicted GGT levels than non-drinkers. The association
between cigarette smoking and GGT values is not very clearly documented in other
studies. In the present study, the predicted GGT value in heavy smokers (SSH=4) was
found to be 8.5% higher than in non-smoking men. The positive association between
GGT and uvsage of certain types of medicine, such as the hepatic microsomal enzyme
inducers phenytoin, phenobarbital, carbamazepine, and of oral contraceptives is well
known "% {n the present study, subjects on medication (without specification of the
type of medicine) had 12% higher predicted GGT levels than non-medication persons.
The negative association between leisure time physical activity and GGT levels reported
previously by Arnesen et al.” was confirmed in our population, where persons with leisure
time physical activity had 8% lower predicted GGT levels. In summary, the person-
related determinants of influence on GGT levels in this industrial population are in
agreement with those found in the general population.

The PRV model was then used to assess the influence of the work-related
variables on GGT. It was demonstrated that the variables duration of employment,
employment in chemical operations, in refinery opérations, and shift work had no
statistically significant influence on the GGT level. In Table 8-IIb a relation is suggested
between the variable "intake (PEHA, PHA)" and median GGT levels (11, 15 U/,
respectively). This relation was not confirmed by muiltiple regression analysis, since it is
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merely due to a difference in the distributions of person-related variables (age, body mass
index). Another interesting finding suggested by Table 8-Ib was a relationship between
the variable "duration of employment” and median GGT values. In the multiple
regression analysis (corrected for age) this relation was not confirmed, because of a high
correlation between age and duration of employment. Hence, the model enabled us to
reject the former relationship suggested by Table 8-IIb, but not the latter.

The PRV model was alsc used to estimate persons’ theoretical GGT values and
their tolerance intervals, i.e. reference intervals corrected for personal characteristics. On
the assumption that there is no liver impairment if the laboratory-determined GGT is
within the tolerance limits of the predicted GGT, we conclude that, if the laboratory-
determined GGT level is below 30 U/, no further medical testing is indicated on the
basis of the GGT value alone. Laboratory values above 60 U/l nearly always exceed the
upper tolerance limit, and additional Liver function tests are indicated for a medical
judgment on liver impairment. Additional tests are also recommended for persons with
GGT values between 30 and 60 U/l whose laboratory-determined GGT value exceeds the
upper tolerance limit calculated on the basis of personal characteristics.

In summary, the results of this study show the possibilities of the PRV modei for
studying hepatocellular effects of work-related factors and for identifying persons whose
laboratory-determined GGT levels indicate further medical testing. A similar approach
may also be applicable for other ciinical chemical tests.
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CHAPTER 9

A GENERAL APPROACH TO THE CORRECTION FOR BIAS IN
ANALYTICAL PERFORMANCE IN LONGITUBINAL STUDIES:
ESTIMATING THE EFFECT OF
AGE ON GAMMA-GLUTAMYLTRANSFERASE *

SUMMARY

In Jongitudinal studies of variations in biochemical blood parameters with time, results
may be influenced by changes in analytical methods, instruments, eic. An observed
trend may well represent a drift in analytical performance instead of a truly biological
finding. A model has now been developed, which allows retrospective correction of
analytical changes with time. This model is based on the concept of adjustment of
longitudinal data using the long-term performance of the laboratory compared with
other laboratories in an external quality comtrol programme. In practical situations,
the model] assumptions have to be verified.

Results from the mode! were applied in a study on the effect of age on
v-glutamyltransferase (GGT) in a cohort of employees between two periodic health
assessments in 1984 and in 1989. Cross-sectional results apparently show an increase
of GGT up to 50 years of age. However, longitudinal findings, after correction for
analytical changes, do not support these results. As a possible explanation a "cohort
effect” in GGT is put forward.

* After: Lugtenburg D, Van Sittert NJ, De Koningh AGJ and Van Strik R
(submitted} Clinical Chemistry
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91  INTRCGDUCYION

Every one to four years, employees of Shell Pernis are invited to attend a periodic health
assessment. During this assessment, blood specimens are collected. For studying changes
with time in biochemical blood parameters it is essential to correct for long-term
analytical deviation in each individual’s data record. Short-term (and long-term) analytical
variation, or analytical imprecision, is usually assessed in internal (intra-) laboratory
quality control programmes using quality contro! specimens, either in the form of
commercial freeze-dried survey serum or of 2 frozen serum pool'® In this way, the
analytical process is monitored. Long-term participation in external (inter-) laboratory
quality control programmes permits the comparison of analyte concentrations with those
measured in other laboratories using the same method, allowing the assessment of the
inaccuracy, or analytical bias, of the analyte under consideration.*” However, no method
has been described in the literature on the use of these guality control programmes for
the retrospective adjustenent of longitudinal data.

Such an approach is investigated in the present chapter, using results collected in
an external laboratory quality contrel programme®, in which the biomedical laboratory of
Shell Pernis participated over the period 1983-1990, and which concerned determinations
of vy-glutamyltransferase (GGT) in quality control survey samples. A model was
developed which allows the assessment of the amount of analytical bias. Results obtained
with this model were applied in a separate study to investigate individual changes with
time of serum GGT measurements between 1984 and 1989,

$2  ANALYTICAL BIAS MODEL
9.2.1 Quality control programme

From 1983 to 1990 the biomedical laboratory of Shell Pernis participated in an external
quality control programime.® In this external program (EP), analytes were determined in
two different samples of quality contro] survey serum, from human or animal origin,
which were sent in freeze-dried form by the organizers to about 200 participating
laboratories on specific days once every two months. The findings of each laboratory
were reported to the programme committee and, in return, this committee reported to
each participating laboratory the overall mean of all the laboratory results and the mean
of all laboratories using the same analytical method. For serum enzyme assays only the
latter is relevant, because of the large systematic differences between results if different
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methods are used to measure serum enzyme activity. Consider this mean value, y, as a
realization of a stochastic variable, Y (the EP stochast). The median of Y is postulated
10 be the "true" value of the enzyme activity in a quality control serum using a specific
method. The amount of bias of a specific laboratory, for that measurement, can then be
estimated. The EP, conditional on periods where the process was under conirol, will
serve as a source of information from which analytical bias due to analytical changes with
time is assessed. The EP is used because, in comparison with other quality control
programmes, it simulates more realistically the actual every-day practice of the routine
analysis of samples in a clinical laboratory.

There are three interesting parameters of Y to be estimated, viz. the 2.5%, the 50°
and the 97.5" percentile. The median is the "true" value and the other two percentiles
form a (analytical-change-corrected) tolerance region for an individual measurement in
a quality contro]l serum. These percentiles can be used to see whether the observed
change between two consecutive measurements in serum collected from an individual,
can be explained either by analytical changes or as an indication of a biclogical change.

9.2.2 A model for the assessment of analyrical bias over time using quality control serum

Using all pericds from the EP where the analytical process was under control (resulting
in our study in 78 values), a statistical analysis will now be conducted to assess the
analytical bias over time. The purpose of the analysis is to estimate three characteristics
of the distribution of the stochastic variable Y, viz., the median or 50* percentile, the 2.5*
percentile and the 97.5® percentile, when determinants of ¥ are taken into account. For
this, the value reported by the EP committee, y, is modelled as a linear combination of
k explanatory variables x; and a normally distributed error term e with mean zero:

y=0+8x+ .. + fox 4 o€

The column vector of explanatory variables is denoted generally by z=(1, X,,..., X.)"
Under the stated assumptions, the analysis is an ordinary least squares linear regression
analysis, leading to estimates b, for §. The covariance matrix of (the estimates of) the
parameters § is denoted £ () and the residual mean square is denoted MSE. The
influence of several possible determinants on Y is assessed on the basis of a linear

regression analysis using appropriate F-tests to evaluate the statistical sigmificance of
reductions in MSE.
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The most important underlying assumption is that Y follows a normal distribution
with a mean value of 8, + £, x, + ... + f,x, and constant variance .. This assumption
obviously has to be verified empirically. Residual apalyses should be performed routinely
for that purpose. If the assumption seems not to be met, a transformation of y might
perform better, e.g. the In-transformation. Also, first-order and second-order assumptions
of the model can be checked using a test for heteroskedasticity.*

In a practical situation, this model is suitable for estimating the median, the 2.5-
and the 97.5- percentile of ¥ if z is known. An estimate p50(¥|z) for the median of ¥,
given z, Is denoted ¥ = &, + bx, + ... + bx,, which also estimates the mean of ¥ under
the stated assumptions. In order to estimate the 2.5® and 97.5" percentiles of ¥ (given
z} corresponding to a newly observed column vector z, one should take into account both
the residual mean square and the inaccuracy of the estimated model parameters. The
estimated variance of a new observation on ¥ (given z) is Var(Y|z)=MSE + 2" £ ()} z.
The 95 per cent tolerance region of 2 new observation on Y, given z, is therefore :
{$-1.96 NVar(Y|z), 7 + 1.96 /Var(Y|z)}. This means that an estimate p2.5(Y|z) for the
2.5" percentile of ¥ (given z) is p2.5(Y|z) = - 1.96 /Var (Y|z) and that an estimate
p97.5(Y|z) for the 97.5" percentile of ¥ (given 2} is: p97.5(Y|z) = 9 + 1.96 /Var(Y|z).
These percentiles will further be denoted, respectively, by the lower limit of Y1 LL(Y) and
the upper limit of ¥: UL(Y).

9.2.3 Determinanis of analytical bias studied with quality control serum

In the assessment of the analytical bias in the measurement of GGT, five potential
determinants of ¥ have been considered, viz. (x,), the measured value of the GGT
analyte in quality control serum; (x,), a dichotomous variable, taking account of a change
in the analytical instrument on 1 March 1985, given a value 1 for samples analysed before
this date and 0 for samples analysed after it; (x; and x,}, source of quality control serum

coded by means of two dichotomous variables, x; referring to whether the source of the
serum is known (yes/no) and x, referring to whether it is human or animal provided it is
known; both variables are required since the organizers of the quality control programme
provided the origin of the quality control serum only from 9 February 1987 onwards; (x;
to x,,), year of measnrement using seven dichotomeus variables for an eight-year period
{1983 yes/no - 1989 yes/no) and (x, to x,): month of measurement using eleven
dichotomous variables for 12 months (January yes/mo - November yes/no). Since it is
unlikely that analytical bias would be smoothly related (e.g. linearly) to either the year
of examination or to months if ordered according to a temperature-of-month scale, we

118



did not consider such relationships. Although dichotomous variables will be less powerful
in the detection of, for example, a linear relationship, they are more powerful in the
detection of "general" departures from the no-effect hypothesis. On the basis of the final
(reduced) model the tolerance regions for Y, given z, are calculated.

9.2.4 Measurements in routine human serum with time

On the basis of the amnalytical-bias assessment described above using quality control
serum, both an estimated median value, ¥, and a 95% tolerance region for ¥, given a
newly observed z, can be calculated from a single measurement of an analyte in an
individual routine serum. We then implicitly postulate that the analytical bias in analysing
quality-control serum is representative of the analytical bias in analysing routine human
serumn. For two consecutive measurements on the same subject the corresponding fitted
values and tolerance regions are now calculated as follows. Denote the explanatory
column vector z at the first assessment z,. The 95 per cent tolerance region for ¥, given
7, is caleulated as {LL(Y|z,) , UL(Y]z)}. For a second occasion this vector is denoted
z,. The tolerance region for Y, given z,, is {LL(Y|z,), UL(Y|z.)}. Each assessment yields
an estimate p50(Y|z) for the median of ¥, given z, denoted by 9, and ¥, respectively.

An individual change with time between two assessments made on the same
subject, corrected for analytical bias is defined as d = ¥, - ¥..

Of course, a relevant question is whether the observed change, 4, is statistically
significant. This can be answered as follows. If an individual shows LL{¥|z,)>UL(Y|z,),
then the decrease is statistically significant and cannot be ascribed to analytical changes
with time only (see Figure 9-1). If an individual shows UL(Y|z,)<LL(Y)|z;), then the
increase is statistically significant and cannot be ascribed to analytical changes with time
only (see Figure 9-1). This simple approach will result in less than 5 per cent individuals
with significant differences under the (null-) assumption that these changes are only due
to analytical variation with time.
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Figure $-1 Statistically significant decrease and increase between two assessments on one and
the same individual, following the simple approach.

Because of the fact that less than 5 per cent individuals will be labelled as having
a significant decrease or increase, this simple approach is conservative. It might be
replaced with a more refined one, as follows. Under the normality assumptions stated
before, the 95% tolerance region of the difference is

{d-1.96/(Var(Y|z,) +Var(Y]z.)), d+1.96/(Var(Y|z,)+Var(¥ |z,))}.

If this interval does not contain the value zero, the difference cannot be ascribed to
analytical changes with time (@=0.05). This approach will result in exactly 5 per cent
indjviduals showing significant differences under the {null) assumption that these are only
due to analytical variation with time and therefore this approach is not conservative.

If in a population, more than 5 per cent of the individuals show significant
changes, then these changes can clearly not be ascribed to analytical variation with time
only. This percentage may be determined using a simple binomial test of the null
probability of success set at 5 per cent, which furnishes a conservative test in the simple
approach.

Bath the difference and the percentages significant increases (or decreases) can
be related to explanatory variables, for instance age. Hence, on a population level,
determinants of (significant) individual changes can be identified.



93 THE ANALYTICAL-BIAS MODEL APPLIED
9.3.1 Introduction

We will now describe an application of the results of an analytical-bias model. For each
individual employee two GGT measurements were known, one made in 1984 and the
other in 1989. For every employee the change in GGT between 1984 and 1989 was
assessed quantitatively, corrected for analytical bias. Then it was assessed whether this
change was statistically significant. The individual findings were combined to investigate,
on a population level, whether age was related to changes in GGT.

9.3.2 Description of study population

The study population comprised all 1019 (out of a total of about 5000) male employees
of Shell Pernis, who had attended two voluntary periodic health assessments, one in 1984
and the other in 1989. Many of these persons had also attended health assessments
within this interval. However, a time span of 5 years was chosen, to reveal changes in
GGT on an individual basis. Of each person, the age was known, the serom GGT had
been determined and the body mass index had been measured. Alcohol consumption had
been provided by the employees in a questionnaire. Although more variables had been
assessed, cnly those mentioned were included in the present study, because age, body
mass index and alcohol consumption are well known determinants of GGT.™

89.3.3 Specimen collection and GGT analysis

Blood samples had been collected between § and 10 a.m. from subjects who had not
been asked to fast. Blood had been taken from the antecubital vein with the subject
seated. Tourniquet pressure had been released immediately on venepuncture using the
vacutainer system. The serum samples had been kept at 4° C and the GGT activity had
been determined within 24 hours. Nao losses of activity of GGT take place if serum is
stored under these conditions. In 1983, 1984 and in January/February 1985 GGT had
been determined using a programmable discrete analyser PAS00 (Vitatron Scientific,
Dieren, the Netherlands). Since 1 March 1985, GGT analyses had been carried out with
a Hitachi 705 autoanalyser (Boehringer, Mannheim). On both instruments GGT had
been determined at 30° C using L-y-glutamyl-3-carboxy-4-nitroanilide {2.9 mmol/1) as a
substrate.
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9.3.4 Procedure

Results from the analytical-bias model were applied to study changes in serum GGT
values from individual subjects over the period 1984 to 1989. To assess the association
between serum GGT and age, two cross-sectional studies were performed using data
from the same 1019 subjects separately for 1984 and 1989. Regression analysis was used
to estimate the influence of the various determinants on GGT. An additional longitudinal
study, using the three definitions described for (sigmificant) individual changes, was
carried out for studying the changes in GGT values with time for individuals (intra-
individual variation).

$4 RESULYS
9.4.1 A model for analytical variation with time based on quality control serum

During the period October 1983 to June 1990, the Pernis laboratory participated in the
EP, and determined analyte concentrations in 80 quality control samples. Figure 9-2a
shows the mean values y of the survey samples as reported by the EP commuittee. Figure
9-2b shows the performance of our laboratory as measured by the ratio y/x, during this
period. This graph shows that after the change to a different analytical instrument on 1
March, 19835, the relative performance was fairly stable.
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Figure 9-2a  Reported mean values of GGT (¥) in quality control serum of
about 50 laboratories using the same analytical method during the
period October 1983 to June 1990.
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Figure 9-2b  The ratio (v/x,) of the mean GGT values in quality control serum of laboratories
using the same analytical method to the GGT measurements in our laboratory
during the period October 1983 to June 1990.

Twa GGT measurements made in the EP during the period 21 May 1984 to 13
July 1984 were remaved, since during this period, an internal quality contral programme®
revealed that the analytical coefficient of variation was above 5 per cent. This left a total
of 78 values to be used in the regression analysis.

A residual analysis following the initial regression analysis showed that (1) the
residuals did not obey a normal distribution and (2} that variability increased with the
magnitude of fitted values. These two findings constitute an ¢xample of violating
assumptions of the initial regression analysis, which may be remedied by a logarithmic
transformation of both the reported value and the laboratory measurement. Therefore,
from now on y denotes the (patural) logarithm of the reported value of the EP
committee and x, denotes the (natural) logarithm of our laboratory measurement. So, ¥
stands for the (natural) logarithm of the EP stochast, i.e. the stochastic variable pertaining
to the reported value.

In the regression analysis, it turned out that after the variables x; and x, (change
in analytical instrument) had been included, the year of analysis and an interaction of x,
and x, were relevant determinants of analytical bias (reducing the MSE significantly at
5 per cent level, F-test). The interaction x,, x, indicates that the relation between y and
x, was different during the two periods represented by x,. These variables taken together
determined 74 per cent of the variation in y. The origin of the serum and the month of
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analysis, however, were not found to have any additional significant influence ony in our
study.

After x, had been taken into account by simply setting 8,=1, the variable x,
appeared to be the most important additional determinant because it explained 60 per
cent of the remaining variation in y, which is to be expected when we look at Figure 9-2b.
We will now discuss this reduced model, since conclusjons derived with it were the same
as those found with the unreduced model. For this reduced model, residuals were found
to be approximately normally distributed, and first-order and second-order assumptions
were not rejected, when tested for appropriateness®. The resulting estimates for the
model parameters are collected in Table 9-1.

Using a back-transformation from the logarithmic scale to the original scale, we
may derive from the estimates of Table 9-1 that for a GGT measurement x, made in 1984
or made in 1989, an estimate for the median of the EP stochast, is 0.92 x, or 1.039 x,,
respectively. This means that when the PAS00 analyser was used for the GGT
determinations, the values reported by our laboratory were on average 8 per cent higher
than the overall mean of all the laboratories using the same analytical method. With the
Hitachi 705, the values reported were on average 4 per cent lower than the mean. The
95 per cent tolerance interval for the EP stochast, for 1984, is from 0.85 x, to 0.99 x; and
for 1989 from 0.96 x; to 1.12 x, (see Appendix 9-A for details).

TABLE 9-1

Estimates of model parameters for the reduced model, in which only x, Is assessed as additional
determinant of y, taking account of x, by ;=1

Model: y = 0.03788 + x, - 0.1218 x,

estimated covarjance matrix of {estimated) parameters §:

0.00002346 ~0.00002346

x =
(£) -0.00002346  0.00013068

MSE=0.001501
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On the assumption that the above model developed for survey serum can also be applied
when fresh human serum is used, a 95 per cent tolerance interval for the EP stochast of a
measured GGT level in 1984 is from 0.85 x; to 0.99 x,. For a measurement, made in 1989, this
interval is from (.96 x, to 1.12 x,. In the following section these results are used to investigate
whether individual and population changes have occurred in serum GGT between assessments
in 1984 and 1989 and to investigate the influence of age on these changes.

94.2 The effect of age on GGT: an application of resuits from the analytical-bias model

All 1019 persons who had attended a periedic health assessment both in 1984 and in 1989, were
included in this analysis. Cross-sectional analyses demonstrated that within cach year average GGT
values increased with increasing body mass index and with increasing age for the subpopulation
of individuals between 20 and 40 years. After the age of 50, average GGT levels showed a slow
decrease (Figure 9-3). In addition, a positive association was found between GGT levels and level
of alcohol consumption (F-test, p<0.05). These findings confirm results of other authors.**
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Figure 9.3 The relationship between the median of GGT levels by one-year age-groups and
the age at examination, in 1984 and 1989, uncorrected for analytical bias.

125



Following the approach presented, a longitudinal analysis was performed on changes in
GGT levels (corrected for analytical bias) in persons investigated both in 1984 and 1989.
In the methodology section we discussed three methods to define individual (significant)
changes. As a consequence of the logarithmic transformation, the change in GGT values
for an individual is estimated as pSO(EP stochast |z,) | pSO(EP stochast|z,).

We found that, compared to 1984, the GGT values in 1989 were on average 2.4
per cent Jower. Regression analysis demonstrated that this change was associated with
a decrease in body mass index (p=0.0001), but not with age in 1984 (p=0.49). Hence,
a relation between age and change in GGT was not found in this way. Additionally, only
6.4 per cent of the intra-individual variation between these two assessments could be
explained in this regression analysis. However, data on alcohol consumption were not
available in 1984, so a possible effect of changes in alcohol intake on GGT could not be
determined. Tentatively assuming that the data on alcohol consumpticn in 1989 were the
same as in 1984, we introduced these In the regression analysis. The above conclusions
remained the same.

The percentage subjects in the population with a significant GGT change was also
calculated, with the simple method. Results stratified according to age, are shown in
Table 9-11. After correction for analytical variation with time, nearly 44 per cent of the
subjects showed a significant decrease in GGT after 5 years, and 18 per cent an increase.
Hence, the (overall) 62 percent changes cannot be explained from analytical variation
alone (binomial test; p=0.001). For each age group the percentage significantly increased
GGT values is lower than the percentage decreased values and is fairly constant over the
age groups. The conclusion from this second analysis supports the above longitudinal
finding that age is not related to an individual change in GGT.

In addition to the easy method to define "increase” or "decrease”, the more refined
analysis was applied, too, using the formula for the confidence region of an individual
change. Here, 22.5 per cent of the individuals showed a significant increase, whereas 52
per cent showed a significant decrease. This is somewhat higher than in the former
approach, as was to be expected. Here again, the percentages significant increased and
decreased GGT-values were fairly constant over the age groups.
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TABILE 5-1I

Percentages persons (of a total of N persons) stratified according to age that showed, using the
simple method, a significant increase or a significant decrease in GGT over a period of 5 years,
after correction for variation in analytical bias

Age in 1984 (years) Increase (%) Decrease (%) N
15-24 111 66.7 18
2529 144 47.0 83
30-34 16.6 442 181
35-39 20.7 40.0 135
40-44 19.5 356 174
45-49 184 449 147
50-54 200 439 155
55-60 15.1 50.0 126
Total 18.0 436 1019

9.5  DISCUSSION

In this chapter a method has been developed for the retrospective correction of
longitudinal data for changes in analytical bias with time. The method developed is based
on a statistical model using quality control survey serum measurements in an external
quality control programme. It is important that the quality control survey serum used
should fully simulate the fresh human serum specimens that are routinely analysed.” In
the study presented here, no association was found between the origin of quality control
serum (animnal’human) and the performance of GGT measurement methods. The
assunmption seems justified that, with respect to GGT, fresh human serum is similar to
the survey serum used in the quality control programme. So, a correction for analytical
bias using quality control serum is justified. For our specific example, model assumptions
concerning the normal distribution of the residuals were met after an In-transformation.

Results from the analytical-bias model were applied in a study of individual
changes in serum GGT of Shell employees between two periodic health assessments
carried out in 1984 and 1989. The influence of age on these changes was also
investigated. A simple conservative analysis revealed that after correction for analytical
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variation with time, nearly 44 per cent of all employees showed a significant decrease and
18 per cent a significant increase in GGT after 5 years. These significant changes,
therefore, could not be explained from analytical variation alone. The remaining 38 per
cent individual changes were possibly explained by analytical variation. Using the more
refined method the significant-change figures were higher: 52 and 22 per cent,
respectively, as would be expected, because this method is not conservative.

Additional results from analysing the estimated changes 4 show that the average
GGT values decreased only 2.4 per cent. In this respect it is clear that the approach
using statistically significant changes gives more detailed information, showing there is a
clear within-person effect.

In contrast, cross-sectional analyses showed, for both years, a consistent relation
between average GGT and age: it consistently increased up to 40 years. So, the
conclusion is that age and GGT are related between persons but not within persons,
which suggests a "cohort effect”. A possible reason for this cohort effect (often found in
cross-sectional studies) may be that older people underreport alcohol consumption more
seriously than younger people. If this is true, the relationship between age and GGT
found in cross-sectional studies™”, may be explained by the influence of alcohol intake on
GGT. This hypothesis is supported by the lack of a relation between age and GGT in
same populations with low alcohol intake.” In future cross-sectional studies, age should
be considered an alcohol-questionnaire-adjustment variable.
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APPENDIX 3-A

Suppose the log of the observed GGT value is denoted x, and that the log of the GGT
value reported by the EP committee, denoted y, is considered to be a realization of a
stochast with estimated mean value $=b, + b, x; +...+ b.X,, then an estimate for the
{median) value of the EP stochast is x,.exp{¥}.

From § = 0.03788 - 0.1218 x, (cf. Table 9-I) it follows for samples analysed before
1 March 1985 (i.e. x,=1) that J = - 0.08392, leading to an estimate for the "true" value
in 1984 as (.92 x,. Similarly, for samples analysed after 1 March 1985 (i.e. x,=0)
$=0.03788, which results in an estimate of 1.039 x,.

For a normally distributed variable Y, Var(Y|z) is the sum of the residual mean
square, MSE, and a linear combination of (co-)variances of estimates of parameters /5,
in matrix-notation: x* =(8) x (cf. statistical method section). In case of only one
explanatory variable x,, this matrix formula can be rewritten as: V, = x7 Var(8,) + 2x,
Cov(B,.5.) + Var(8,), where /3, and §. are the regression parameters to be estimated.

In the example ¥, is the variance of a new observation of Y, being the In-
transformation of the EP stochast. An antilog transformation is needed to obtain a
tolerance region for the EP stochast. Multiplying the estimate for the ™rue value" by
exp{-1.96 / V,} gives a lower limit and multiplying by exp{+1.96 / V,} gives an upper
limit for the 95 per cent tolerance region of the EP stochast, given z, where ¥ is
estithated as described above.

From the results in Table 9-1, it can be seen that MSE=0.001501, Var(S,) is
estimated to be 0.00002346, Var(f3,) to be 0.00013068 and Cov(f,,53.) to be -0.00002346.
For all cbserved values before 1 March 1985 (x,=1) the estimated value ¥V, therefore
equals 0.001608. The lower and upper limit of the 95 per cent tolerance region of the
EP stochast in 1984 can therefore be calculated by multiplying the estimate of the "true”
value by 0.92 and 1.08, resulting in 0.85 x, and 0.99 x,, respectively. For all observed
values of GGT after 1 March 1985 (x,=0) the estimated value ¥, equals 0.0015244. This
means that the lower and upper limit can now be calculated by multiplying the estimate
of the "true" value by 0.926 and 1.079, resulting in 0.96 x, and 1.12 x,, respectively.

A reparametrization of the model in which the In-transformed value of the ratio
(reported value) / (own measurement), given specific determinants, would be assumed
to follow a normal distribution, leads to identical results.
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CHAPTER 10

GENERAL DISCUSSION
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160.1 INTRODUCTION

The main subject of interest in this thesis is the generalizability of conclusions derived
from statistical analyses of studies with incomplete records and/or dubiocus data. To
investigate the question of generalizability, we have considered several sources of bias.
The first source on the part of the investigator would be the omission to take account of
the fact that using a model or a test statistic implies that certain assumptions have to be
met. These assumptions must therefore be checked (usually on the data) for their
plausibility. This aspect of generalizability evidently needs to be considered in every study
because, if left unsolved, it is not worthwhile for purposes of generalizability to put any
effort into reviewing additional information. In this context, by way of example,
consideration has been given to the behaviour of a test statistic under the null hypothesis
when samples are small. It is well known that asymptotic results do not apply then. Two
well-known alternative approaches have been discussed. A second-order Taylor
approximation, discussed in Chapter 5, has the advantage that fairly simple correction
formulae might result, but has the disadvantage that it cannot be used if sample sizes are
very small. FHowever, for such cases an exact method is available, as presented in
Chapter 6. If the null behaviour is misspecified, conclusions derived from values of test
statistics may be invalid and generalizability is not warranted.

Although the two examples discussed in Chapters 3 and 4 illustrate relevant issues
of generalizability, in practice investigaters encounter such generalizability problems only
rarely. Whether generalizability is an issue that needs to be addressed separately depends
on the research questions to be answered, as discussed in section 10.2. The main results
of our study of problems of generalizability are considered in section 10.3. Related
statistical topics are presented in section 16.4. Authors of papers reporting on studies
involving incomplete records are invited in the final section to present information that
may enable the reader to assess generalizability of conclusions.

102 GENERALIZABILITY DEPENDS ON RESEARCH QUESTIONS

Let us consider the occurrence of dubious data, due to misclassification for categorical
data and due to measurement errors for continuous data. Without adjustment for this
source of bias, any conclusions can be generalized only to populations that are identically
sampled with the same degree of information loss due to dubious data. In some situations
this i inevitable and may have no serious consequences. For example, in screening for
a specific disease, a diagnostic instrument is used having sensitivity and specificity that
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are usually both less than 100 per cent. Whether this is a serious drawback of the
instrument depends on whether it still detects correctly the potentially sick persons.
Suppose screening on alcohol intake is done by means of a questionnaire, which is bound
to have sensitivity and specificity for isolating persons with a drinking problem far below
100 per cent. Howeves, if this questionnaire is nevertheless able to isolate the group of
persons with a higher probability for developing liver cirrhosis, assumed to be related to
heavy drinking, it can still be a very valuable screening device. The research question in
this screening study, therefore, is answered satisfactorily. On the other hand, this
questionnaire cannot be used if the research aims at finding out to what degree heavy
drinking is related to liver cirrhosis.

In Chapter 1 a clear conceptual similarity was shown between the bias due to such
dubicus data and bias resulting from incomplete records. For both, resampling provides
information on the mechanisms that may have generated the problematic data. This
information can be used to adjust for bias. Here, another similarity is pointed out, namely
that in some situations it is not necessary to have additional information on incomplete
observations. For example, assume that the data collected from persons attending a
periodic health assessment (PHA) are used in long-term follow-up studies for detecting
possible risk determinants for developing ischaemic heart disease. The determinants
found (say age) may be used directly in assessing new findings at perodic health
examinations and conclusions will be valid. However, if such determinants would be cited,
for instance, in 2 site-dependent information campaign, it should be kept in mind that
participants and non-participants of PHAs differ. Therefore determinants found with
participants may differ from those that can be found with non-participants. So, if
generalizability towards a wider population than sampled is aimed for, the bias
originating from such a sampling procedure has to be removed.

In summary, problems of generalizability are concerned in the first place with
using correct statistical models and correct test statistics. If the underlying assumptions
are met, the degree of generalizability aimed at will determine whether additional studies
about dubious data or incomplete records are needed to reduce bias.

163 STATISTICAL METHODS DEALING WITH GENERALIZABILITY
If generalizability of results is at stake, for example because some data are missing or are
of dubious quality, feasibility of any bias reduction depends on the postulation of specific

underlying mechanisms, for example missing-data-generating mechanisms. These
mechanisms may help to predict the effect of bias on relevant conclusions. In Chapter
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2, three well-known mechanisms for the occurrence of missing data were discussed, with
appropriate methods for statistical analysis.

The use of specific mechanisms helps to show how conclusions might change if
circurnstances vary. In Chapter 3, such an approach is used to show the effect of
incomplete records in the estimation of the relative risk in a follow-up study. In addition,
a method to correct for bias is presented. It is furthermore shown that the odds ratio is
insensitive to such incomplete follow-up, which might therefore be preferable in situations
like these.

Cne method to assess bias due to incomplete sampling in a specific study is to
analyse additional data, either collected at baseline on all individuals, including non-
participants, or on a random sample of all individuals near the end of the study. In
Chapter 7, participants and non-participants in a trial on the effect of a back school
education programme are compared with respect to variables measured before invitations
were sent. It turned out that participants were fairly comparable with non-participants,
except for a few of the observed variables. If such predictors of participation are also
determinants of the relevant cutcome variable in the trial (which was days of absenteeism
in this instance} generalization needs adjustment for these determinants. Therefore, this
extra information on non-participants would be needed, if the effect of the intervention
is to be generalized to the whole target population. In Chapter 4, data on participants
and nonparticipants in a PHA are used to adjust the estimated prevalence of
hypertension at a specific site. Obviously, only variables that have been measured for
both, participants and non-participants of PHAs, can be used for this purpose. Therefore,
it is mecessary to comsider the relevant variables very carefully at the design of a
prevalence study. In Chapter 9, a method is presented to assess long-term analytical bias
in the determination of GGT. Without adequate insight into the way these values
fluctuate with time due to analytical bias and imprecision alone, the study of relationships
between analyte levels and person-related variables would not be feasible in a
longitudinal study and not even in a cross-sectional survey, as discussed in Chapter 8.
Relevant data collected before the actual study are needed to make such a generalization
possible. On the basis of this approach within-person changes in GGT are studied
(Chapter 9) which leads to the conclusion that the relation of GGT with age is probably
a cohort effect.

As noticed before, implications for small-scale studies are that they are to be
planned with sufficient provisions to aveid missing data or similar problems. If this is not
done, the sample size is usually too small to enrable adequate adjustment for missing-data
bias or dubious-data bias. Sensitivity analysis by simulation and use of robust statistics



may then be the only alternatives. Of course, in both types of study, all data available
should be used in analysing the results.

In conclusion, we would add that sensitivity analyses and simulations may improve
insight in the generalizability of the findings from a study. Such sensitivity analyses show
possible effects of mechanisms that may have created bias on the relevant conclusions
of a study. Relevant data must be collected to support the existence of a specific
mechanism for each actual application separately.

10.4 THE METHODS IN A WIDER PERSPECTIVE

Three fields of application in statistics not yet mentioned, are closely related to the
subjects discussed in this thesis. They are briefly reviewed here with reference to some
relevant literature.

In some studies, missing data or misclassification are a consequence of the design.
An example is a study in which measurements on the desired variable are too expensive
(Rao, 1956). Surrogate endpoints are then used according to specific designs in different
situations (Tosteson and Ware, 1990). Evidently, actual data must be studied to warrant
the quality of these surrogate measurements, before they are used. The area of surrogate
measurements is closely related to latent class analysis. In such an analysis, 1t 1s assumed
that the measurement of interest is not observed directly, but that mechanisms ¢an be
postulated which result in surrogate measurements, after which the data are analysed
accordingly (Kaldor and Ciayton, 1985).

With respect to regression analysis, methods and diagnostics have been developed
that can help to identify data that have a very strong infleence on regression parameters
or which will make these parameters highly dependent on each other (Belsley, Kuh and
Welsch 1980). A method of dealing with such highly influential points may be to delete
them from the analysis. However, these regression diagnostics require that the number
of incorrect data points is known 2 priori, which in general is not the case. The method
of robust statisticai analysis to isolate such points {Atkinson, 1986) therefore was a large
step forwards.

In cancer research, the occurrence of "wrong" data has led to ar interesting
application, which uses the concept of relative survival. In studies where data on cause-
specific death, D, are unreliable and where the only reliable outcome is death, the
relative survival rate is defined as the ratio of two survival rates: the abserved survival
rate for the actual group of patients divided by the survival rate to be expected for a
similar group taken from the general population. The requirement of similarity to the
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patients at the beginning of their follow-up period with respect to all possible factors
affecting survival, except for D (Hakulinen and Tenkanen, 1987) is easy to understand,
but the main problem in actual applications is to find such a similar group.

16.5 PRESENTING OF DATA RELEVANT TO GENERALIZABILITY

Although criteria for internal validity are well established and generally accepted
(Chapter 1), in actual applications it is not always made clear whether these criteria have
been applied. In particular with regard to validity of selection and validity of information,
authors should present information. If inclusion and exclusion criteria have been applied,
at least the numbers of subjects that were screened, invited, excluded, participating or
withdrawn should be explicitly mentioned. To take a trivial example, it is of interest to
any reader to know whether a significant correlation reported in a specific study refers
to only 1 per cent of the invited subjects, or to 99 per cent. In both cases, the
computations may be right, but generalizability will be quite a different matter. In the
field of meta-analyses, problems do arise when reported data are below standards.
Studies should be given lower weight, for example, when the quality is doubtful (Spector
and Thompson, 1991) since the general purpose is to obtain an objective summary of
available evidence. Methods discussed in this thesis can be used to translate guality in
quantitative terms. I would therefore conclude by encouraging authors of empirical
studies in the life sciences, to present more data relating to generalizability and to include
a discussion of generalizability in their future work.
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SUMMARY

Large-scale studies in occupational health research are often hindered by the problem
that the data collected are far from ideal. It may be that part of the observations are
either incomplete or of doubtful quality or both. Conclusions based on these observations
are subject to criticism, especially if generalizations are made to hypothetical situations
where all data are known and of sufficient guality. In this thesis problems are studied that
are concerned with generalizability due to incomplete observations or dubious data or
both. These problems are shown to be fairly similar with regard to the way in which they
may be dealt with.

If all provisions to prevent incomplete records have failed, the statistical analysis
needs to assume a specific underlying missing-data-generating mechanism in order to lead
to valid, unbiased parameter estimates. Likelihood-based methods generate unbiased
estimates if the missing data are missing-at-random. All available data can be used then,
even from incomplete records. Other mechanisms, too, may be considered to have
generated the missing data. Resampling within the proportion of persons with incomplete
records is the only feasible method of checking whether such a mechanism is operative.
If resampled information is available, this information can be used to adjust for the bias
due to incompiete observations (Chapter 2).

In large-scale occupational health projects, attention often focusses on either
estimating a relative risk or on estimating a prevalence. The former may be relevant in
mortality studies for assessing possible effects of a specific exposure. The latter is relevant
for assessing the feasibility of an intervention project at a specific site. If, in mortality
studies, the fraction of persons alive of which the follow-up status is known is smaller
than the similar fraction of persons that died, then the simple estimate for relative risk
is biased towards one, although in many situations only slightly so. In an actual study,
correction for this bias is feasible if estimates for those fractions are present (Chapter 3).
Concerning prevalence estimates, some bias will result if determinants of a record
becoming incomplete are related to determinants of the feature of interest. However, if
data on these determinants are known for all persons at the site, a correction formula
may be derived. The merits of extreme imputation procedures, like "all persons of which
the outcome s unknown have the feature of interest”, as just one realization of a
parametric model, can be judged vsing a sensitivity-based analysis with a likelihood ratio
statistic as the measure of sensitivity (Chapter 4).
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Obviously, if use is pot made in actual applications of the proper statistics,
generalization is simply not justified. In small-scale studies, for example, two general
approaches are available to derive the (null-) behaviour of statistics. Either a second-
order approximation may be used to improve on asymptotic findings (Chapter 5) or,
having postulated an underlying model for the data, this (nuil-) behaviour can be
calculated exactly. If an underlying parametric model is assumed, model parameters need
to be estimated or postulated. For the Wilcoxon-Mann-Whitney test statistic it is possible
to postulate a parameter setting that results in overall conservative p-values, although less
conservative than if a conditional approach based on ranks is used (Chapter 6).

As an example of missing data in large-scale studies, a trial on the effect of a back
school education programme has been considered where about 57 per cent of persons
invited refused to participate. Analysing the data that were available at baseline on both
groups, participants and non-participants, revealed inter-group differences regarding
educational level, body mass index, smoking habits and duration of latest absentesism.
Therefore, it will be needed to check in the ultimate analysis of the trial, whether these
variables are also related to the outcome variable. Our conclusion was that any effects
of the intervention, to be demonstrated in the participants group, are likely to be
generalizable to the non-participants group paossibly after some adjustment (Chapter 7).

A second example concerned a study of methods for the use of longitudinal liver
function data, collected in periodic health assessments, for the prediction of imminent
sickness absence from work. An important question was whether long-term analytical bias
occurred during the period of follow-up. For one of the parameters involved, GGT, it
became apparent that such a bias indeed occurred with a change in analytical device in
March 1985 (Chapter 9). For data collected after that date no correction for analytical
bias was deemed necessary. Therefore, conclusions drawn from a cross-sectional study
(Chapter 8) may be considered valid as regards the accuracy of GGT measurements.

In a discussion of results from this thesis (Chapter 10), the relation is stressed
between the research question to be answered and the necessity to address
generalizability, m practical situations. If generalizability is an issue and incomplete
records or dubious data are present, an underlying mechanism has to be postulated for
those problematic data. If it is not feasible to collect data which may or may not support
this specific mechanism, sensitivity analyses may be performed to show the dependence
of relevant comclusions on various underlying mechanisms proposed. A final remark
stresses the general desirabiiity of the presentation of more informative data concerning

the generalizability in published studies and the use of these specific data to adjust
general findings.



SAMENVATTING

In grootschalige onderzoekingen in de bedrjfsgezondheidszorg zijn de verzamelde
gegevens soms verre van ideaal, hetzi) omdat ze van dubieuze kwaliteit zijn of omdat
delen van de gegevens ontbreken. Conclusies gebaseerd op de aldus verkregen gegevens
zijn onderhevig aan kritiek, in het bijzonder als er gegeneraliseerd wordt naar situaties
met alle gegevens bekend en van een ondubbelzinnige kwaliteit. In dit proefschrift
worden preblemen die tijdens dit generalisatie proces optreden bestudeerd, waarbij de
aanpak van beide problemen overeen blijkt te komen.

Als elke voorzorg om onvolledige "records” te vermijden heeft gefaald moet, om
zuivere parameterschattingen te verkrijgen, bij de statistische analyse een onderliggend
mechanisme worden gepostuleerd dat de ontbrekende waarden heeft gegenereerd. Om
het bestaan van een gespecificeerd mechanisme aannemelijk te maken wordt extra
informatie ge€ist. Indien beschikbaar, kan deze meegenomen worden in de analyse om
te adjusteren voor de systematische afwijking, vercorzaakt door onvolledige "records™.
Indien de ontbrekende waarden "missing-at-random” zijn, zuilen ikelihood"
geori€nteerde statistische methoden zuivere schattingen opleveren. Tevens kunnen dan
alle verzamelde gegevens in de analyse betrokken worden (Hoofdstuk 2).

Grootschalig onderzoek binnen de bedrijfsgezondheidszorg richt zich vaak op het
schatten van een relatief risico of een prevalentie; het eerste om het mogelijke effect van
een bepaalde blootstelling te kwantificeren; het tweede om het mogelijke effect van een
grootscheeps interventie-project te bepalen. Als in mortaliteits studies de fractie
levenden, waarvan bekend is dat ze levend zijn, kleiner is dan de fractie doden, waarvan
bekend s dat ze overleden zijn, dan krijgt de schatter van het relatieve risico een
systematische afwijking naar 1; deze afwijking is in veel gevallen echter gering. Wanneer
extra informatie aanwezig is, kan er voor deze afwijking geadjusteerd worden
(Hoofdstuk 3). De prevalentie schatter krijgt een systematische afwijking indien een
determinant van deze prevalentie tevens gerelateerd is met het ontbreken van relevante
gegevens. Als voor alle persomen uit de populatie informatie betreffende deze
determinant aanwezig is, kan hiervoor geadjusteerd worden. Met behulp van een
gevoeligheids analyse kunnen verschillende "imputatie'-technieken met elkaar worden
vergeleken door ze in een allesomvattend meodel te plaatsen (Hoofdstuk 4).

Als bij de analyse een verkeerde toetsingsgrootheid wordt gebruikt, is
generaliseren vanzelfsprekend niet gerechtvaardigd. Bi de analyse van kleine
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steekproeven stelt in dit kader bijvoorbeeld de (nul} verdeling van de toetsingsgrootheid
ons soms voor problemen. Er zijn twee algemene methoden om deze verdeling te
bepalen: een tweede-orde benadering (Hoofdstuk 5) of, als er een onderliggend model
wordt verondersteld, een exacte berekening. Het schatten van model parameters is bij
de laatste methode evenwel moeilifk. Voor de Wilcoxon-Mann-Whitney
toetsingsgrootheid echter lijkt het mogelijk om een parameter set te postuleren, die
resulteert in minder conservatieve p-waarden dan wanneer de traditionele conditionele
aanpak gevolgd wordt (Hoofdstuk 6).

Als voorbeeld van een grootschalig project met ontbrekende waarden, wordt een
onderzoek gebruikt naar het effect van een "rugschool”. Slechts 43 procent van de
uitgenodigden was bereid in dit onderzoek te participeren. Deze participanten verschilden
van niet-participanten met betrekking tot opleidingsnivo, quetelet index, rookgedrag en
duur van het laatste verzuim. In het eigenlijke onderzoek zal nagegaan worden of deze
variabelen ook determinanten zijn van de primaire uitkomstmaat. Effecten, aangetoond
bij participanten, zullen waarschijolijk (na een adjustering) generaliseerbaar zijn naar de
niet-participanten (Hoofdstuk 7).

Een tweede voorbeeld betreft een studie om leverfunctie gegevens, verzameld
tijdens periodiek geneeskundig onderzoek, te gebruiken bij het voorspellen van
ziekteverzuim. Hierbij werd de vraag gesteld of veranderingen in analytische afwijkingen
over een lange termijn optraden. Voor GGT bleek dit inderdaad het geval, hetgeen toe
te schrijven was aan het vervangen van het analytische instrument (Hoofdstuk 9).
Conclusies getrokken uit een cross-sectioneel onderzoek (Hoofdstuk 8) kunnen wat dit
aspect betreft als valide worden beschouwd.

In de algemene discussie (Hoofdstuk 10) wordt de relatie benadrukt tussen de
research-vraagstelling en de noodzaak om generaliseerbaarheid te onderzoeken. Als dit
laatste geldt terwijl records incompleet zijn of van een dubieuze kwaliteit, dan zal er een
onderliggend mechanisme dienen te worden gepostuleerd. Als het niet mogelijk is om dit
mechanisme te onderbouwen met informatie, zullen sensitiviteits-analyses nodig zijn om
de invloed te laten zien van bepaalde mechanismen op belangrijke conclusies. Een laatste
opmerking benadrukt de noodzaak om meer informatieve gegevens betreffende
generaliseerbaarheid in gepubliceerde studies te presenteren en deze gegevens te
gebruiken bij het adjusteren van belangrijke conclusies.
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STELLINGEN

behorende bij het proefschrift

Some statistical aspects of
the gemeralizability of occcupational health studies

Het beantwoorden van de vraag betreffende gemeraliseerbaarheid vereist
additionele gegevens.
Dit proefschrift

Vergeleken met misclassificatie leidt incompleetheid tot interpretatie problemen
van ¢en lagere orde.

Dit proefschrift

10100 11 2, 10101 10 1, 10102 14 M, 10103 10 1, 10104 13 1, 10105 16 M, 10106..
Zonder kennis van de analyse van complete gegevens resulteert de apalyse van
incomplete gegevens in loze uitspraken.

D1t proefschrift

Wetenschappelijke aanpak van de bedrijfsgezondheidszorg vereist het beschouwen
van onderzoeksuitkomsten zonder "prior belief".

De veronderstelde leeftijds-athankelijikheid van y-GT Ikt een cohort effect te
Zin.

Dit proefschrift

Bij analyse van een ordinale uitkomst variabele in kleine sieekproeven, is de

conditionele Wilcoxon-Mann-Whitney toetsingsgrootheid overdreven conservatief.
Dit proefschrift

Simulatie is een degelijk instrument om de gevoeligheid van conclusies te bepalen.
There is no such thing as a routine statistical question, there are only questionable

statistical routines.
Sir David R. Cox



10.
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12

13.

14.

Bjj modellering moet model-ering vermeden worden.
Het AIO-systeem leidt tot een positieve discriminatie van twee-verdieners.

De eerste van de drie robotica wetten van Asimov is niet te programmeren;
daarmee zijn de overige twee ontkracht.

Intemationzale veiligheid is alleen te bereiken wanneer de staten onvoorwaardelifk
afzien van een deel van bun vrijheid van handelen.
naar: Einstein en Freud, briefwisseling 1932

De wetenschap dat er meer is dan wetenschap geeft onterecht het gevoel dat
gevoelens niet wetenschappelilk zijn te onderbouwen.

Gezien de tendens tot verdergaande internationalisering verdient het aanbeveling
de term "Proefschrift" te vervangen door "Promotie-Research-Document”.

D. Lugtenburg Rotterdam, 22 januari 1992.
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