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Introduction 

E. N. Chigan 

The set of sixteen papers published here under the title: Models of 
Noncommunicable Diseases: Health Status and Health Service Requirements 
have been selected from a series of reports presented at two recent workshops 
held under the auspices of the World Health Organization and respectively 
hosted by the Heidelberg Aca.demy for the Humanities and Sciences and the 
Medical Bionics Research Institute, Bratislava, Czechoslovakia. 

These workshops, organized by the Division of Noncommunicable Diseases 
and Health Technology at WHO Headquarters, and by the European Regional 
Office of WHO, are the most recent of a series of workshops held approxi
mately every two years sinc,e 1984 as part of a WHO Programme in the 
Modelling of N oncommunicable Diseases. 

The main aim of the WHO Programme is to ensure that available or poten
tially available epidemiological data on noncommunicable diseases are appro
priately applied to health planning processes aimed at the reduction of inci
dence, prevalence, disability and mortality due to these diseases. Those disease 
prevention and control programmes in noncommunicable disease that deal with 
changing life styles or behavior at the community level or with changes in other 
external risk factors, are seen as situations where it is necessary to evaluate the 
impact of various health intervention programmes to prioritize the composition 
of the components of a given strategy in a given country. 

The modelling effort explicitly entails measuring the basic components of 
risk factor change, their impact on multiple disease end points, the costs of the 
intervention and the social and economic consequences of the impact, including 
demand for health services. The standard fonns of epidemiological data presen
tation on risk factor impacts such as relative risk and population attributable 
risks, or multiple logistic equation coefficients are not usually useful impact 
measures for population prevention programmes since they do not directly re
late the demographic and risk factor interrelationships which determine impact 
in these populations. 

To be useful for planning purposes, models need the following characteris
tics: 

• a time dimension over which risk factors may develop, e.g. with age, or by 
period effects, with latent periods before risk factors impact morbidity and 
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mortality, and with lag times during which risk factor changes are translated 
into mortality reduction; 

• a multifactorial representation of risk factors and diseases where one risk 
factor may influence several diseases. and one disease may be influenced by 
several risk factors; 

• a demographic basis by which population changes occurring over the fore
casting period can be considered; 

• a set of actuarial measures by which social and economic impacts can be in
corporated into the planning process. For mortality. this involves the use of 
multiple decrement life table output parameters which can be related to the 
popUlation structure of specific countries or regions; 

• a set of health selVice needs measures based upon the demographic and epi
demiologic status of the population as expressed by morbidity, disability and 
mortality incidences and prevalences for various age. sex. socio-economic 
and geographically distributed population groups. 

These five points are addressed by the sixteen papers found in this issue. The 
papers by Kotva. and Bonneux and Barendregt deal with conceptual issues re
lating to the validity and verifiability of models. Both point out problems of 
dealing with complex but seldom verifiable sets of assumptions necessary to in
corporate all the characteristics appropriate for noncommunicable disease 
models as opposed to a simpler model specification which better utilizes avail
able data, but which do not necessarily reproduce the real world situation. 

Rusnak gives an ovelView of current trends in the modelling of noncom
municable diseases and their effects on the health care system. This review is 
done taking into account the potential users of the model. the user-friendliness 
of the model, and the availability of data for appropriate use of the model in a 
specific planning situation. 

Papers by Capocaccia and by Michalski and Yashin deal with the problems of 
estimating disease morbidity from disease mortality data in those situations 
where incidence and prevalence data are not available for a chronic disease. 
These papers use explicit assumptions on unobselVed relationships between 
morbidity and mortality in cancers to overcome lack of morbidity data. 

Gunning-Schepers. Barendregt and van der Maas describe a model incorpo
rating latent and lag periods for risk factor changes and the demographic 
structure of the population when predicting chronic disease mortality. The pa
per by McPherson also stresses the need to consider the delayed effects of ex
posure to a risk factor (oral contraceptive) when estimating risk of disease 
(breast cancer). 

The reports of Hauser and Andel. and of Rusnak. Scherbov and Cider 
demonstrate the use of multi-state transition models to produce projections for 
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morbidity and mortality from specific diseases. Both reports stress the need to 
include demographic structure of the population explicitly in the model. 

Heliovaara et aI., using a simpler predictive model, show how risk factors 
thought to be specific for cardiovascular mortality may also predict work dis
ability but through quite different demographic and disease patterns. 

Manton, Stallard and Woodbury, and Michalski both use a more mathe
matically complex stochastic process model to deal with the problems of multi
dimensional measures of health status and competing risks in heterogeneous 
populations. 

Prokhorskas suggests the use of a generalized relative risk function which 
better represents the way in which mortality and morbidity risks change with 
changing levels of risk factors .. He illustrates this with data pooled from several 
studies. 

In a review paper, Taket explores the current situation in modelling health 
services resource allocation and their potential linkages to health status meas
ures and to other key factors in the health system. 

As an example of modelling in technology assessment, van Hout and 
Habbema present a stochastic compartment model to cost and effects (quality of 
life) in a heart transplant programme. While the heart transplant example might 
seem far removed from primary prevention programmes, the same cost-effec
tiveness modelling techniques obviously apply to less high-tech interventions. 

All of the foregoing papers emphasize the need for appropriate, reliable and 
sufficient data for developing, calibrating and implementing models at national 
and sub-national levels. Generally speaking, the more biologically realistic the 
model, the more demanding are its needs for extensive data sets. Morgenstern 
addresses this issue by demonstrating how local risk factor data may provide 
reasonable estimates of natiomll coronary heart disease mortality rates. 

In addition to need for appropriate data bases to use in model development 
and implementation, two other issues appear in several papers: 

• the need to identify and sensitize potential users of models among health 
managers and health planners; 

• the need to incorporate disease modelling into the curriculum of courses 
dealing with epidemiological methods and health planning. 

In addition to further development and extension of existing disease process 
models and their linkage to delivery of health services, these last three concerns 
need to be added to the agenda for future health modelling efforts. 





Some Conceptual Problems in the Simulation 
of Epidemiological Processes 

M.Kotva 

Introduction 

The simulation of epidemiological processes involves a number of more or less 
specific conceptual problems. As a result. the simulation of systems. a specific 
fonn of the process of cognition, has up to now rarely been used in this field. 
Particular attention should be paid to the data-model relationship, and especially 
to the problems of testing the validity of a simulation model (i.e., of verifying 
that a simulation model confonns to objective reality). 

The Data - Model Relationship 

There are a number of scientific disciplines which, owing to the complexity of 
the subject being studied, the limited possibilities of experimentation (as well as 
of observation and measurement), and an inadequate social demand. have not 
yet attained a very high level of cognition. It is mainly in these disciplines that 
one finds a biased understanding of the data - model relationship. The models 
are viewed exclusively as the interpretation of observed data concerning the 
object being studied. This conception prevails in epidemiology. It represents the 
main obstacle to a wider use of systems simulation in this discipline, because it 
is in direct contradiction with the nature of simulation as a specific fonn of the 
process of cognition [1]. 

We do not, of course, deny the important role of observed data in the process 
of systems simulation. A simulation model is created on the basis of our idea of 
the investigated system and its motion (how it reacts on stimuli from outside, 
the changes in its structure, quality, etc.). This idea is derived through a deduct
ive process from hitherto verified scientific explanations and theories, as well 
as through an inductive process from hitherto observed data. However an 
inductive process, even if used corre<;tly. may lead to false conclusions. 
Therefore, in testing correctness of a simulation model (whether it confonns to 
our idea), we should verify it. not only by comparing the motion of the simu
lation model with the results of thought experiments based on our idea (these 
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being over-simplified in the case of complex problems), but also by seeing 
whether the model accurately interprets the data from which this idea has been 
derived. It is, of course, necessary to verify whether the motion of the simu
lation model agrees with our existing knowledge. Hence, the model should be 
understood as a representation of our knowledge and hypotheses about the 
object under study, rather than a mere tool for interpreting hitherto observed 
data. 

Verification that the simulation model truthfully interprets observed data 
thus represents the conclusion of testing correctness of the simulation model. It 
is the first, and only the first, step towards testing validity of the simulation 
model, in the sense of verifying that the model is adequate in relation to the real 
object. For other steps we must obtain new data, starting therein from the basic 
principle of the verification of scientific hypotheses. We must therefore ask 
ourselves: What should (or should not) be observed if the hypothesis is true? 
The answer can be given by experiments with the simulation model, which thus 
replace the thought experiments. The specificity of the simulation of systems as 
a specific form of the process of cognition consists precisely of this replace
ment. We should then repeat the experiment carried out with the simulation 
model, with the simulated system under the same conditions. If the truthfulness 
of the conclusions drawn from the simulation experiment is confirmed in this 
way, this increases the probability (or our conviction) that the simulation model 
is valid, and consequently that the hypotheses represented by it are valid. The 
more surprising (or even contrary to common sense) are the conclusions drawn 
from the experiments, then the more likely is it that the model is valid. On the 
other hand, if the prediction or conclusions are shown to be invalid, this refutes 
the hypotheses, or at least weakens our conviction of their truthfulness [2]. 

It is the difficulty, or sheer impossibility, of testing validity of the model by 
experimenting on a real object which causes the above-mentioned understanding 
and using models only as the interpretation of observed data. For the time 
being, when simulating epidemiological processes related to noncommunicable 
diseases, it is usually impossible to advance further towards the verification of 
models. Let us therefore ask ourselves two basic questions: 

• Are we justified in using unverified models in support of decision-making in 
health care management? 

• Will it be possible to advance further in the verification of epidemiological 
models? 
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The Use of Unverified Epi<Jemiological Simulation Models 

Problems related to the applicab lity of unverified simulation models were 
vividly illustrated by the discussio reported in the second half of 1988, in the 
journal Science. 

David Dickson's article about IIASA [3] provoked a letter from Saunders 
MacLane [4], which in turn brou ht disagreement from Harvey Brooks, Alan 
McDonald, and Nathan Keyfitz [5]. Regardless of IIASA and of Forrester's 
Systems Dynamics, the main pOint~. of contention is the question of how admis
sible is the use of unverified mo els in support of decision-making, in such 
sensitive areas of world developm nt as ecology or energy. In our view, there 
is some truth on both sides. MacLfne is indisputably correct when he protests 
against the use of unverified model . Brooks, McDonald, and especially Keyfitz 
are equally correct in asking wha else could be done in the present state of 
knowledge, when verified models. are not yet available, and while problems 
refuse to wait for models to e completed. Just this dilemma led the 
Czechoslovak Scientific and Techn logical Society. as long as 1977. to adopt an 
agreement on understanding the otion simulation of systems. In a narrower 
sense, this is understood as the met od of experiments with a simulation model, 
but in a broader sense as a specific form of cognition process [0. When. at the 
very beginning. a simulation model is applied to the investigation of a real ob
ject, it is always unverified (othe ise we could hardly speak of investigation). 
and one cannot be sure if it is cor ct. 

After checking the model for c rrectness. which is nearly always possible. 
experiments can be carried out wi it in order to make forecasts based on our 
ideas. However, these ideas may partially or even completely wrong and. in 
the same way, the resulting forecasts may also be wrong. Although the outcome 
is the same whether we use a thOU!ht or simulation model, the use of the latter 
has the following advantages: first, a heuristic contribution to the completeness 
of our ideas, and coherence of all eir aspects; second, the possibility of quan
tifying our ideas according to avaVable data; and third, the ability to perform 
substantially more complex experirents than is possible with thought models. 
In any case, conclusions reached bf· means of a simulation model that has been 
checked for correctness but not fo validity (i.e .. by means of a model which 
has the character of a mere hypo esis) should be considered as hypothetical 
only. 

It is, of course, necessary to verify hypotheses, even if this is only partially 
possible. Paradoxical as it may see~. the use of hypothetical simulation models 
for health care management repr~sents a step towards their verification, on 
condition that we understand and luse them in this way. This leads us to the 
second question which we have raisfd. 
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Possibilities of Testing the Validity of Epidemiological 
Simulation Models 

One can regard an epidemiological forecast based on experiments with hypo
thetical simulation model also as a statement what should be observed if the 
hypothesis (on which this model is based) is true? Hence, the verification of 
such a forecast thus strengthens our convictions that the hypothesis is true. In a 
negative case, assumptions made about the impact of external factors need to be 
verified, since the accuracy of a forecast depends on them as well as on the 
hypothesis. When these assumptions proved to be wrong, only the repetition of 
simulation experiments under conditions corresponding to the now already 
known real situation can definitively strengthen or weaken our conviction about 
the truthfulness of the used hypothesis. 

This way of verifying the simulation models of epidemiological processes is 
very lengthy, partly because it is dependent on the native rather than exper
imental conditions. Hence, one cannot verify forecasts made by means of simu
lation model which are surprising or contrary to common sense which can 
speed up the process of verification. There is, however, another way which 
could bring results more quickly, but which requires a fundamental change in 
the method of gathering epidemiological data. 

At present, the gathering of epidemiological data represents a complex 
problem. Data provided by existing statistical information systems in health 
care are limited and not always reliable, because they are based on episodes and 
not on real people. More valuable data, in this respect, are available from var
ious registers of diseases, of high-risk groups, of deaths, etc. However such 
registers, as well as various surveys, selective investigations, or longitudinal 
studies, are expensive and time-consuming, especially in view of their single
purpose use and narrow, specialized orientation. Despite the advent of modem 
computer technology, the traditional statistical-descriptive approach still sur
vives. Various centralized registers are developed as data banks fed by routine 
reports and periodic censuses and surveys. The common shortcoming of vir
tually all the above-mentioned sources of epidemiological data is their prevail
ing orientation towards illness or patients, rather than towards health and the 
population as a whole, including healthy individuals. 

There exists one way out of this situation. The documentation produced by 
first contact physicians contains an inexhaustible, but virtually inaccessible, 
amount of information needed for epidemiological studies. If physicians could 
save this information on personal computers, and if a national, hierarchically 
structured health care information system could be developed, then not only 
would such data contribute to the immediate practice and management of health 
care, but undreamed-of possibilities would emerge for socio-medical and epi-
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demiological research. In such a situation, it would be inexcusable to continue 
applying only the traditional appr1aChes to epidemiological studies. One of the 
most important new approaches ould consist of the simulation of epidemio
logical processes whose extensive se would be made possible by the availability 
of necessary data. 

This leads us back to the data-~Odel relationship. While today we are forced 
to subordinate the creation of mo Is, if we undertake it at all, to the imperat
ive of data accessibility, the abov -mentioned information system would offer 
an almost unlimited supply of da. for creating hypotheses and, subsequently, 
for creating simulation models and testing their validity. An obvious prereq

uisite is that these uses and at the1ame time roofing for the information system 
be foreseen from the very outset. Simulation models could and should play a 
dual role. On the one hand, they could help to deCide which data should be 
available in the information syste ,in addition to those required for immediate 
medical practice. This presupposes that we begin at once to create epidemio
logical (and other) simulation mo]eIS' irrespective of the present lack of inac
cessible data which are necessary or the quantification of their parameters, as 
well as for testing their validity. The simulation models, on the other hand, 
should be thought of as a roofing lement of the whole information system, for 
applications which will serve the n~eds of health care decision-making. 

Health services affect only 20 percent of the health status of the population, 

while the influence of the naturall· working, and social environment, and life 
style, is four times greater. Health status can thus also be managed through the 
environment and life style. Impro ement of the environment is a very costly, 
complex, and lengthy matter. In c oosing an optimum utilization of available 
resources, therefore, it would be v. luable to know the relationship between the 
population health status (with regard to individual nozological units or groups, 

or as a whole) and the rates andleriOdS of exposure to various risk factors, 
both individually and combined. is knowledge should be available on both a 
qualitative and quantitative basis. or the time being, these relationships can be 
evaluated only with great difficult or not at all. Integration of systems simu
lation with the information system outlined above, however, would make this 
task much easier. 

Conclusion 

We can give a positive answer to both questions which we posed above. We are 

justified in using unverified mOde~ in support of health care decision-making, 
in those cases where we can, as ye , verify the adequacy of models only insofar 
as they correctly interpret hithe 0 observed data. They represent the best 

I 
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means available. In such case, however, we should rlraw attention to the fact 
that the model is unverified and that its use, e.g. for forecasting future devel
opments, can only yield results of a hypothetical nature. We should be aware of 
the fact that this is, for the time being, the only way, even if a lengthy one, to 
verify these models. The second approach, which has not yet been fully devel
oped, involves the setting up of national information systems concerning the 
health status of the population, the state of the environment, etc. Such infor
mation systems would open up new possibilities for social medicine and epi
demiological research. We need to change the traditional practice of creating 
such models only for data which are already available, and to develop a new 
approach along the lines suggested. Only in this way we can ensure that such in
fonnation systems will, from the beginning, play a proper role in supporting 
decision-making in the management of health care. 
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Towards a comprehenSive! Health Policy Model 

L. Bonneux and J. J. M. Barendrer 

Introduction 

In most industrialized countries, e penditures in the medical sector have consis
tently been growing faster than G P over the past few decades, and the end of 
this trend is not in sight. On the contrary, exploding medical technology and 
demographic developments sugge t that the trend will accelerate. Consequently, 
in years to come policy makers i the health sector will increasingly be forced 
to make choices about the kind ~ amount of services that will be available. 
Given this inevitability, it would beneficial if choices could be made on an 
informed basis, rather than hapha ardly . 
. Providing relevant informatio is the primary aim of medical technology 

assessment. As measures of effici~ncy, cost-effectiveness ratios and cost-utility 
ratios are used: these relate the tqtal costs generated by a medical procedure, 
intervention, or programme, incl1ding diagnostic and therapeutic procedures, 
to the expected benefits: increase life expectancy and/or increased quality of 
life. They are used as yardsticks, for ranking competing health practices and 
programmes in order of their rel're efficiency. 

Methodological Problems J 
Although medical technology asse sment has become an accepted methodology, 
many problems still have to be co sidered. 

I 

Comparability I 

I 

The outcomes of different studi! cannot easily be compared, because the 
methodology of these studies has n t been standardized. 

For the numerator of cost-utili y ratios, d·ifferent definitions of costs are 
often used. There is still discussifm about how productivity losses are to be 
evaluated, and how and when cobts induced by a longer life-span, with its 
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inevitable morbidity, are to be included. As a rule, costs induced by informal 
care are omitted. 

As for the denominator, if the appropriate outcome is to be measured in 
terms of utilities such as quality adjusted life years (QAL Y) the problems are 
even worse. There is a wide array of methods to evaluate health status, most of 
which are disease-specific, making comparisons between different diseases haz
ardous. It is far from clear how to evaluate time preferences. Discussions on 
how to evaluate a very skewed distribution of the quality of life in a popUlation, 
as a consequence of an intervention, have scarcely begun. For example, a 
treatment (such as chemotherapy for breast cancer) may cause little or no ill ef
fects in 75% of the population, but be almost tolerable for the remaining 25%. 
Is a mean, or a median, a fair description of the quality of life of this popula
tion? 

Effectiveness 

Medical effectiveness is difficult to measure. Epidemiologists know how dif
ficult it is to prove any beneficial effect at all, let alone to quantify it within 
reasonable confidence limits. Without randomized clinical trials (RCT) results 
depend on observational evidence with data that are poor, often inconsistent, 
and almost always unclear. RCT are the paradigm of clinical epidemiology, but 
they are expensive and take a long time, and even with them the follow-up is 
rarely sufficient to make exact estimates of benefit. Moreover, study popula
tions for RCT are always selected ones, and inference to the general population 
of patients, with a different age distribution, a different mix of severity of ill
ness, and concomitant morbidity cannot be taken for granted. 

M ulti-Factorial Relationships 

The cost-effectiveness of a particular medical intervention for a particular 
disease should not be measured in isolation from all other diseases and inter
ventions, or from the demographic characteristics of the population. The costs 
and effects of one intervention depend on assumptions made about the costs and 
effects of others. For example, the costs and effects of breast cancer screening 
depend on the efficacy of breast cancer treatment, on the early diagnostic capa
bilities of mammography, on the general awareness of the public (as a result of 
health information), etc. The effectiveness of interventions targeted at diseases 
of old age, such as prostatic cancer, depend largely on assumptions made about 
life expectancy (and consequently on the mortality rates from other diseases). 
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Likewise, utilities and costs depend on assumptions made about other morbidity 
rates. For example, if smoking cessation diverts death from cheap causes, such 
as sudden cardiac death or lung cancer, towards death at a very old age without 
changing morbidity rates, more expensive patients with dementia, invalidity, 
etc., will result. 

Reference Values 

In addition to the lack of comparability, these studies lack a baseline of refer
ence values. It is not clear whether the amounts mentioned are too high, aver
age, or a bargain as compared with other medical interventions, whether old or 
new. 

The Concept of a Multi-Disease Environment 

A possible approach to a more consistent ranking of competing health practices, 
and to comparing relative efficiencies, is a large-scale public health model in
corporating the most important causes of morbidity and mortality. 
Standardization is less of a methodological problem, and it is possible to take 
into account co-existing morbidity, mortality selection, and demographic 
changes. Such a health policy model is known as T AM (technology assessment 
methodology). 

The aims of T AM are: 

• to give a realistic description of public health, health care utilization, and 
costs. and their developments over time; 

• to model the dynamics caused by the evolution of medical technology, demo
graphic changes, changing risk factor distributions in the popUlation, and un
explained secular'trends in the epidemiology of the diseases under study; 

• to give insight into the relative efficiencies of important existing interven
tions and sectors of the health care system, which can provide a general 
framework within which these relative efficiencies can be compared. 

• to allow rankings of different interventions and programmes, and to allow 
priority planning in research and development. 

The T AM model is a causal one, built on actual medical knowledge. In a first 
step. the most important diseases are selected, and their interrelationships are 
assessed. In a second step, a synthesis of what is known about the epidemiology, 
natural history. and effective therapy of a specific disease is made. In a third 
step. a simplified state-transition model, establishing cause-and-effect sequences. 



14 L. Bonneux and 1. 1. M. Barendregt 

is conceived. Finally, these sequences are quantified by using parameters ex
tracted from the large body of international medical1iterature, and are checked 
for consistency with the available Dutch data. 

The multi-disease model is based on the theory of competing risks. Diseases 
are modelled in proprietary modules which produce incidence, prevalence, and 
mortality rates. On the assumption of independence, the crude mortality rates 
from the disease modules are equal to the net mortality rates, which implies that 
they are additive [1]. This assumption of independence allows the prevalence 
rates in the population to be proje.:ted, in order to yield the degree of co-mor
bidity (see Fig.l). 

oomorbidity 

Fig. 1. Comorbidity in a popUlation 

We allow for two instances 
where an assumption of inde
pendence is clearly unjus
tified. One is when two or 
more diseases have a known 
common risk factor (for ex
ample, smoking is a risk fac
tor for lung cancer and isch
aemic heart disease, as well as 
for several other diseases). 
The other is when one disease 

(e.g. diabetes) is a known risk factor for one or more other diseases. In both 
cases independence, and hence additivity, are conditioned by the prevalence of 
the risk factor or disease. 

T AM incorporates the few risk factors we judge most relevant. The primary 
aim of incorporating risk factors is not to produce a second-generation Prevent 
model [2], which ranks risk factor interventions by incorporating morbidity, 
but to allow for heterogeneity in our populations, creating high-risk grpups 
who are at risk for many diseases that cause morbidity and mortality. An ex
ample is the cigarette-smoking patient with ischaemic heart disease, on whom 
we confer a higher risk for cancer and stroke than on his non-smoking coun
terpart. 

Disease history is modelled in as much detail as possible for such a large
scale model. The ultimate aim is to model incidence, recurrences, and preva
lence of some thirty diseases and their significant interactions by age, stage, and 
sex. The choice of diseases is based on their relevance to mortality and/or 
morbidity. Costs are assigned to incidences and prevalences, and health statuses 
are evaluated to estimate QAL Y. 

To assign a value to a health status, we need a measure which is not disease
specific. The literature about breast cancer and quality of life [3] includes very 
few controlled studies, with disparate methodologies. We decided to develop 
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our own measure to evaluate health statuses, based on the concepts of the 
EUROQOL group [4]. We used published data to estimate the levels of five di
mensions of well being: Activities of Daily Life, Mobility, Social Activities, 
Pain or other Somatic Discomfort, and Anguish or Depression. We related 
these to the levels in a reference population, and evaluated these ratios in a way 
which corresponded to the preferences of the reference population. 

This measure is necessarily crude, but comparisons with other methods 
showed that often there were only minor differences, due to the high degree of 
correlation. Nevertheless, the inherent subjectivity of any quantitative measure 
of QOL makes sensitivity analyses based on different assumptions necessary. 

Face Validity versus Statistical Validity 

The single most important problem is the multi-dimensional nature of such a 
large-scale model. Programming or computing time are lesser constraints than 
the abundance of assumptions and parameters. We try to restrict our disease 
states and risk factors as much as possible, but even so the data don't allow a 
fonnal estimation. Most parameters are guesstimates [5], made by iterative pro
cesses of infonned guessing based on the available literature, in such a way that 
results reflect observed incidence, prevalence, survival, and mortality rates 
where these are available. 

Validity cannot be established by fonnal statistical methods, as there is a 
wealth of parameters. It is impossible to check each and every assumption that 
is built into the model; we can only evaluate the aggregate effects. 
Consequently, there is no independent test of validity of the simplifications and 
assumptions made [6]. 

This is a serious dilemma: statistical models [1, 7] can be validated, but de
pend on so many simplifications that they risk losing medical relevance. State
transition models such as Prevent, T AM, or Weinstein's Coronary Heart 
Disease Model are easier to understand; they are based on medical evidence and 
simulate, albeit partially, the complexities of disease processes. Face validity is 
high, but fonnal validation is impossible, at least in practice. 

Evolution of the Project 

Thirty-two disease groups were identified, covering the complete ICD code. 
Criteria used were high mortality, prevalence, or morbidity rates. 

The first group of diseases to be tackled was cancer. The validity of cancer 
mortality data is well known, cancer registries provide incidence and survival 
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data, and recently a large body of literature on quality of life was published. 
We use the large database of the Breast Cancer Screeni'ng Project group; a 
breast cancer model is now in operation and publications are being prepared. 
Breast cancer will serve as a model for all other cancers to be studied. 

The second group was cardiovascular diseases, in particular ischaemic heart 
disease. The latter is an extremely difficult application, as the underlying 
disease process, atherosclerosis, is virtually impossible to identify, recurring 
incidences are unpredictable, and therapy depends more on supply (including 
economic and political constraints) than on objective needs or subjective de
mands. Numerous assumptions and simplifications need to be made, and even 
more parameters need to be estimated. Definitions of clinical syndromes, such 
as angina pectoris (AP) and congestive cardiac heart failure (CHF),are unclear. 
There are no registries of incident cases, so neither are there population-based 
survival data. Mortality data, including heterogeneous groups such as sudden 
death, are less valid than those for cancer. Interactions with risk factors, and 
other diseases such as diabetes and infectious diseases, are known to exist and 
probably are important. We use the fundamental concepts of the Coronary 
Heart Disease Policy Model [8], with somewhat different states (congestive 
cardiac heart failure is included, and cardiac arrest is omitted) and events 
(cardiac arrest is replaced by sudden cardiac death, and PTCA, an invasive non
surgical technique to dilate coronary vessels, is included next to coronary 
artery bypass surgery). 

In the meantime, a risk factor model is being conceived to model the inter
relationships between different diseases. The necessary marriage between a 
complex reality and the strict simplifications needed to keep the model manage
able still poses severe problems. 

Conclusions 

It is clear that, in the years to come, policy makers in the health sector will be 
forced to make choices about the kind and amount of services that will be avail
able. To do so, they will need tools which are reliable and easy to understand. 
Simulation models may be one answer, but to evaluate old and new health prac
tices and interventions, they need to be based on complex medical knowledge, 
and this hinders formal testing of the large body of simplifications and assumpt
ions. By structuring common sense and medical evidence in a quantified causal 
model and by making reasonable assumptions about missing information, such 
models will not, of course, be able to reproduce the true world, but they may 
cast light on the many consequences of trends and decisions, thereby assisting 
health policy makers in making more rational choices. 
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Mortality and Morbidity Models - a Review 

M. Rusnak 

Introduction 

This paper reviews methods and models developed for health status analysis. It 
aims to identify and demonstrate results from scholars of different origins and 
backgrounds. It is intended not as an exhaustive summary of published material, 
but as an indication of current trends. Selected topics are discussed with regard 
to the application of models which have been developed. The methodology 
itself, as well as a precise mathematical description, is beyond the scope of this 
paper. Nevertheless, some basic classification has been applied with the aim of 
showing different methods of building a model. The paper deals with problems 
related to chronic noncommunicable diseases and their effects on the health care 
system. Communicable diseases and acute conditions have been described in 
other scientific contributions, and thus are not included in this paper. However, 
the author is aware of their developments and achievements in this field, and of 
the influence of current work on the author's field of interest. 

A Systems Approach to Health Care 

The health care. system is considered as a large and complex dynamic system. It 
consists of a set of interrelated subsystems, closely tied to external systems and 
joined by a common goal: the health of the population. Such a system also com
prises several hierarchical levels. Venedictov and Chigan [1] identified some 
specific and nonspecific problems of a systems approach to health care. The 
former are concerned with the content of information for the components of 
each level. The latter cover all levels of the system, and relationships with ex
ternal systems. A functional description of the health care system was given by 
Kiselev [2]. While it seems too complicated to be used in solving real health 
problems, it could be useful for the education of students and young health care 
professionals. 

A more pragmatic approach has been adopted by Gibbs [3] with his model, 
which is designed for planning health care resources. Several models are based 

1 

on his particular scheme. Some other approaches have been used in analyzing 
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health care systems. Van der Werff [4] describes different health care system 
structures. In addition, he outlines possible strategies for health care system 
management, as well as differences between various countries. He provides an 
in-depth analysis of systems, based on an extensive knowledge of the data. 
Understanding health care as a system facilitates the introduction of fonnal 
methods of analysis. 

Disease Prevalence Models 

Although this paper is not concerned with communicable diseases, models of 
acute bacterial diseases should be mentioned in order to stress the notion of 
continuity of human knowledge. In 1978, WHO [5] published an overview of 
existing epidemiological models of communicable diseases. Since then, models 
of AIDS have taken up most attention. However, the methodology used in the 
models described is still topical. The WHO booklet is also worth reading by 
anyone with an interest in the modelling of noncommunicable diseases. 

Knowledge of indices, such as the incidence and prevalence of chronic de
generative diseases, is a basic tool for managers of health care. Planning and 
controlling of health care depend on the availability of appropriate data. In 
many countries, however, such data are often lacking. The only way to develop 
models for estimating levels and trends of incidence and prevalence rates in a 
population is to use such data as are available, or to rely on an expert estimate 
(or both). Different approaches are possible for different purposes. 

Coronary heart disease is a multi-stage disease of substantial interest to clini
cians, epidemiologists, and other health specialists. The risk factors are to some 
extent known, and various new surveys are being carried out. Different teams 
are trying to quantify the risk from cigarette smoking, hypertension, serum 
cholesterol, etc. A patient's progression from one disease stage to another is 
measured by the severity of the disease, such as the amount of myocardial dam
age. Based on these observable quantities Wolf et al. [6] derived a model of 
coronary disease prevalence. It consists of three disease stages: angina, infarct, 
and re-infarct. The sum of the prevalence of each stage is the total prevalence 
for coronary disease. The population at risk is divided between these stages, and 
flow is assumed between the stages. The introduction of antihypertensive medi
cation is simulated by a step decrease in the rates of inflow to the next disease 
stage among the population in risk. The magnitude of the steps varied between 
10% and 50%. Rate parameters and subgroup sizes were taken from the 
literature, and the system was assumed to be in equilibrium prior to interven
tion. The authors hypothesized that the introduction of effective antihyperten-
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sive medication in the late sixties was the sole disturbance introduced into the 
system. Although this assumption obviously ignores other major changes that 
occurred in primary prevention and treatment, it is justified for the purpose of 
this investigation. The results indicate that the time constants of coronary heart 
disease are large enough to produce a noticeable change in mortality over a pe
riod of about ten years, if the disturbance is introduced in a stepwise fashion. 
Results suggest that the presently observed decline in mortality may conceivably 
be due to an isolated phenomenon, such as the adoption of a new procedure. 
The authors further suggest that, because of the long time constants of the sys
tem and the continuous introduction of new preventive measures, the system 
will rarely be in equilibrium, and thus the effects of planned interventions must 
be distinguished from changes occurring in the system due to disturbances pre
ceding the study period. The authors do not provide a more detailed description 
of model formulation or available data. Nevertheless, their approach seems a 
promising one. 

Based on the general model for degenerative diseases developed by 
Klementiev [7] scientists from the Istituto Superiore di Sanita in Rome, Italy, 
designed an approach to the estimation of chronic diseases morbidity. They es
timated cardiovascular diseases morbidity using mortality data from the Italian 
areas of the Seven Countries Study [8]. The model used comprises four sections: 
healthy people, sick people, and deaths from non-cardiovascular and cardiovas
cular causes. Using mortality rates and survival data as inputs for the model, 
the incidence rates were estimated. The number of deaths, population data, and 
survival data were used as model inputs. The prevalence and incidence of myo
cardial infarction in Italian males over a decade (1969-79) was calculated. The 
generally good agreement between estimated and observed rates indicates that 
the model's hypotheses about population structure and the chronic nature of the 
disease may be applied in practice. 

A similar approach was adopted by the same group for estimating cancer 
morbidity [9]. They estimated the incidence and prevalence of cancers in the 
Varese province using the official data for people resident in that province in 
1976 and 1977. Survival data for cancers were not available in Italy, and the 
authors referred to published American data [10]. The results obtained proved 
the correctness of the model in this particular application. 

A different approach to estimating the prevalence of cardiovascular disease 
was used by a group of scholars from Adaptive Resource Policies, at IIASA. In 
March 1982, the Slovakian Deputy Minister of Health requested the IIASA team 
to work with a group of Slovak medical specialists on a preliminary assessment 
of health problems related to the environment. A workshop took place in April 
1983 at the Research Institute of Medical Bionics, Bratislava, which has sub-



22 M. Rusnak 

sequently collaborated with the IIASA on an extension of the work. Out of that 
meeting came a model that quantifies theories about the relationships between 
environmental factors and the incidence of hypertension and diabetes. 

The model [11] is split into two submodels, dealing with risk group popula
tion and heart disease population. The first includes three risk groups (health, 
hypertensive, and diabetic), from which the annual incidence of heart disease is 
calculated. Using annual incidence data, the heart disease prevalence and other 
indices are calculated. These data were used for subsequent estimations. 
Diabetes prevalence and incidence were estimated by expert opinion. The same 
approach was adopted for the estimation of several transition factors as well. 
The model was designated to allow the participants to examine several health 
care management scenarios, and to study their consequences. The results con
firmed the feasibility of developing simulation models to facilitate joint analysis 
of public health problems by teams of policy makers, physicians, and other 
specialists drawn from different levels of the health care hierarchy. The meet
ing also demonstrated that the quick development of computer models can 
break down communication barriers and focus attention on alternatives to exist
ing health care policies. 

The IIASA Population Group, in cooperation with medical doctors, has de
veloped several other models of chronic diseases prevalence. These models are 
more sophisticated than the one just mentioned, and are based on data from 
health surveys. The model of Chronic Pulmonary Disease (COPD) prevalence 
estimation [12] consists of two major blocks of logic: population development 
and COPD risk factors development. The population is divided into the follow
ing three groups: healthy individuals, those at risk of COPD, and those 
suffering from COPD. The risk group covers three types of risk for COPD: 
cigarette smoking, air pollution, and frequent respiratory infections. The model 
provides forecasts of COPD morbidity, and permits the testing of different 
scenarios on the effects of preventive measures applied. 

The model on lung cancer morbidity forecasts was developed later [13]. Its 
structure is similar to the previous one, but the number of risk groups was re
duced to one: smokers. The model distinguishes among non-smokers, current 
smokers, and quitters. All data are stratified according to sex and age-groups. 
The main aim of this model is to predict future developments in lung cancer 
morbidity. For this purpose, forecasts of risk factors were made as well. The 
model was run under several scenarios. The authors tried to highlight the im
pact of preventive measures in terms of reducing the population at risk by 
changing transition coefficients. The model offers a user-friendly environment: 
it stores data in database format, and produces results in graphic and tabular 
form. 
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The Dynamic Morbidity Model (DYMOD) is another member of the family 
of morbidity models. In estimating morbidity rates for a population with a 
changing age structure, it is necessary to describe the destiny of sick individuals 
from the beginning of illness to death, as in demographic models. That is why 
the cohort approach, along with the state-space approach, was chosen to de
scribe disease dynamics. The precise mathematical description, as well as pro
gram and files specification, can be found in Kitsul [14]. The model was tested 
on data for cancer at several sites and from different countries. For comparison 
of cancer trends in Poland and Czechoslovakia, the model was used by Rusnak 
and Bojanczyk r 15]. 

Different models were designed based on statistical modelling approaches. 
The one described by Testa et al. [16] was developed to evaluate trends in age 
and period of diagnosis, and to identify differences in these trends with regard 
to qualitative variables such as sex and tumor site. Parameter estimates were 
obtained through a weighted least squares procedure, and hypothesis testing was 
carried out using minimum modified chi-squared statistics. These procedures 
were applied to colon cancer incidence rates for Connecticut males and females 
during the period 1940-74. Using mathematical models of cancer incidence 
rates for substantive analysis can be useful for generating hypotheses in cancer 
epidemiology. Such modelling proves worthwhile because it allows the investi
gator to summarize the trends and patterns of cancer incidence through model 
parameters, which then may be tested statistically for the purpose of identifying 
significant effects of independent variables. 

Logistic regression models have been used by various authors for describing 
disease processes. The one by Brown and Chu [17] is based on the Armitage
Doll [18] model of the carcinogenic process, for use in analyzing epidemiologic 
case-control studies of cancer. These methods aim to provide inferences regard
ing the stage or stages in the cancer process at which a particular influence acts. 
The example provided by the authors shows evidence that carcinogens in ciga
rette smoke affect the transition rates for two separate stages in the develop
ment of lung cancer, and the relative magnitudes of these effects are estimated. 
The data for this analysis came from a European multi-center case-control 
study of lung cancer. 

Another example of the use of a statistical model is described by Stevens and 
Moolgavkar [t 91. The authors estimated attributable and relative risks of lung 
cancer according to cigarette smoking status. Data on cigarette consumption 
were related to mortality rates in order to estimate time trends in rates, and the 
relation of age to risk in non-smokers. Trends in non-smokers reflect environ
mental influences that have been masked in the overall rates by the strong effect 
of tobacco. 
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Several works of this type have been published by Manton et al. A review of 
methods used was submitted to WHO for publication in 1986 [20]. The recently 
published book [211 covers the main types of chronic diseases models. Major 
emphasis is put on selecting the most appropriate model for a given data set. 
and tailoring that model to fit the special features of those data. Detailed nu
merical examples are presented for all models. The final chapter discusses is
sues in extrapolating the results of a given analysis to the general population 
and to future years. The methodologies of single- and multi-state life-table 
models. event models with time censoring. mixed continuous and discrete-state 
models. stochastic compartment models, and nonparametric multivariate pat
tern-recognition models are discussed in detail. The book is ideal for an intro
duction to the quantitative epidemiology of chronic noncommunicable diseases. 

A model for estimating diabetes prevalence. designed by Hauser [22], in
cludes nine stages of disease. The results were used for estimating diabetes 
prevalence in Bohemia. 

Several other approaches are used to analyze. estimate. and project morbidity 
of noncommunicable diseases. The ones described above are intended to empha
size two points: 

• the role of the specialist (clinician. epidemiologist) in model design. verifica
tion. and applications; 

• data availability and methods of data collection. and their effect on the suc
cess of any model. 

The application of a model is affected less by its mathematical description 
than by the available data. Several models created by mathematicians have 
never reached the stage of being applied to real data. Simple models with a 
clear structure are frequently more useful than complex and sophisticated ones. 
The user interface also plays an important role. 

Resource Allocation Models 

Models of morbidity represent a substantial proportion of health care resources 
models. The estimation of resources needs is based on a morbidity forecast. as 
for example in the case of hospital beds estimation [3]: 

hospital beds' morbidity· hospitalization rate' average length of stay 
occupancy 

where occupancy equals the average number of days per year a bed can be oc-
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cupied. This calculation can be performed for each type of disease, and by 
summation the need for each resource can be estimated. 

As the reader may have noticed, in evaluating morbidity due to noncom
municable diseases, problems usually arise in connection with data availability, 
whereas in resources models data are available from routine statistics. The 
methods of data processing, and approaches used, stem from widely used 
mathematical and statistical approaches (simplex problem, linear programming, 
regression analysis). All kinds of methods have been used for different pur
poses in various countries. However, only a few countries employ people to use 
these methods in planning. A review of health care models published up to the 
year 1977 has been compiled by Fleissner and Klementiev [23]. An exhaustive 
overview of planning health delivery systems can be found in other publications 
[24]. 

Klementiev and Chigan designed model AMER as an aggregated model for 
evaluating resource requirements in a health care system. It integrates estima
tions of the following types of resources: total number of beds, total number of 
inpatient doctor equivalents, and total number of outpatient doctor equivalents. 
The model structure consists, in this context, of four main blocks: population, 
morbidity, standards, and resource requirements. A hypothesis was put forward 
about the future evolution of fertility and death rates. The population forecast is 
based on these rates, and general morbidity is calculated. Calculations of hospi
tal bed requirements are based on average length of stay, percent hospital
ization, and bed occupancy. The result, multiplied by the number of beds per 
inpatient doctor equivalent, yields inpatient doctor equivalent requirements. 
The outpatient doctor equivalent requirements are determined using data about 
morbidity, workload, and number of consultations per episode. The model is 
designed to help decision-makers to test different policy options, and to select 
the best among them. Forecasting of mortality and morbidity trends is sup
ported by the model as well. A hidden source of difficulties is often the estima
tion of total morbidity, a fact which may explain why few attempts have been 
made to apply AMER in the planning process. 

The wider application of desegregated models is determined by data avail
ability. The Desegregated Resource Allocation Model (DRAM) is a behavioural 
model designed to simulate how the health care system allocates limited supplies 
of resources between competing demands. The output of the model represents 
the number of people cared for in each treatment group, and within each group 
the distribution between alternative forms of care. The model also gives the 
level of resources allocated to each person. The model and its theoretical basis 
have been formulated and discussed by Gibbs [251. The model assumes, firstly, 
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that there are never enough resources to satisfy all demands made on the health 
care service; and secondly, that the aggregate behaviour of the health care ser
vice can be represented by a unity function whose parameters can be inferred 
from past resource allocations. The model has been successfully tested on data 
from different countries, among them the UK [26] and Czechoslovakia [27]. 

Another model, called RAMOS, considers the interactions between resource 
supply and demand, but at a geographical level. More specifically, this model 
has been designed to explore the effects on hospitalization rates and patient flow 
patterns, in a region or a country, resulting from changes over time in the 
number and location of hospital beds, the population size and structure, the 
relative morbidity, the rate at which hospitals are able to treat patients, and the 
availability and efficiency of transport services and car travel [28}. The model 
used is a behavioural one, and is of the singly-constrained gravity kind. It ar
gues that patient flows from an area are in proportion to the difficulty of geo
graphical access in terms of travel time or distance. The model operates in two 
distinct modes: a calibration mode and a forecasting mode. The results obtained 
showed that the gravity model approach has considerable potential, both in 
decision-making and in forecasting the resulting demands on health care 
services when resource supply and population structure are changing 
simultaneously over space. Similar models are now in use in other European 
countries [29, 30]. 

The goal of the TAMS model [31] is to estimate the number and allocation of 
specialized medical services over a given territory. The model employs modi
fied M-median of weighted graph method for optimal allocation of the services. 
The authors ran the model for twelve centres with ECG screening capabilities. 
The results suggested that ECG allocation between district catchment areas was 
sufficiently accurate. This has been agreed on by health care managers from the 
region. 

Manpower Models 

Another frequent application of models is manpower planning. It can be sum
marized as follows. First, the planner must assess the demand for manpower 
that a service organized in a particular way would generate. Then, the supply 
that could meet the demand is in general an iterative process, which stops when 
an acceptable plan is reached. In such a plan, supply will match demand, at least 
within tolerable limits. The demand itself would be the manpower part of a 
complete set of resources designed to give an acceptable service. 

A multi-state manpower projection model is described by Pelling [32]. It al
lows a planner to make year-by-year projections of numbers by grade, by time 
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in grade, and by age, sex, and region of origin. It is possible to fix the growth 
rate for any grade, and thereby to represent a demand profile. Thus the effect 
on the manpower system of setting a demand target, with a given supply trend, 
can be investigated. For medical manpower, separate specialties can be exam
ined. In other manpower systems, analogous divisions may occur. If the model 
is used for this purpose, stocks and inter-specialty flows must be defined with 
care. In the lower grades, for instance, it may be difficult to assign a doctor to 
a particular specialty. The model has been successfully tested on data from the 
UK. 

Ghosh [33] has published a model for health manpower forecasting for India. 
The publication comprises an overview of approaches used by different 
authors. Similar models were published by various other authors [34, 35]. 
Standridge et al. [36, 37] constructed a simulation model of medical manpower 
for the State of Indiana. It took into account four elements: primary care 
physicians, the volume of services provided, the population, and the volume of 
services demanded. The model projected these variables for future years, based 
on an understanding of the process affecting the values of the variables. 

Dental manpower requirements were the subject of a systems dynamics study 
by Hirsch and Killingsworth [38]. Of special interest in this simulation was the 
focus on improving oral health, rather than on increasing the number of dental 
visits. 

The supply, demand, and distribution of nurses was the subject of Bergan and 
Hirsch's systems dynamics model [39]. Four sectors were modelled: education, 
employment, demand, and demography, with seven possible employment set
tings and five levels of educational preparation, to estimate the impact of 
changes in programs and policies on nursing personnel. The model was used to 
predict nursing personnel behaviour under various conditions, over a four-year 
time frame. 

Conclusion 

We have reviewed above the following items: 

• models for morbidity estimations and projections; 

• models for health care resource allocation; 

• models for manpower planning. 

Naturally these activities are interrelated and interdependent, but clearly each 
is required to perform a specialized task. Most methods described are of in
terest from the application point of view. In order to start applying them, the 
following points must be taken into consideration: 
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• potential users and their willingness to use them; 

• model availability; 

• available data, feasibility to use data from other sources, and form of data; 

• conditions under which each model might be distributed. 

The crucial point in applying models to real-life situations is to find potential 
users. When a person is not convinced of the fact that he needs a particular 
model to help him in his work, he will never use it. He must become acquainted 
with the power of the model. Bearing in mind the applications, the following 
points must be considered: 

• who are the potential users, and how willing are they to use these methods? 

• what models are at a stage that allows for their immediate use? 

• what data are available, and what transformations must be made before in
troducing them into models? 

• what are the conditions for distributing models in Europe? 

A promising approach to convince potential users was a workshop organized 
by IIASA for health care managers in Czechoslovakia. Several events of this 
kind, organized in various countries, could attract the attention of health care 
managers. Before organizing such a workshop, a preliminary model or models, 
as well as data for a particular country, should be prepared. The use of a mi
crocomputer for this purpose is desirable. The demonstration and model con
struction may be based on some existing models or software. 

Preparation of an inventory of models, model designers, and model users is 
important and a questionnaire sent to people who are known to be working in 
this area can help to achieve this. The questionnaire could be adapted from the 
one published by Fleissner and Klementiev [23] in order to include older 
models and prepare a document for WHO. Queries on available data should also 
be included. Through such an approach, it might be possible to map the situa
tion of health care system modelling in Europe. 

In order to encourage health system policy makers to use models, one should 
start with a very simple approach. One way would be to prepare a book of 
simple exploratory projections for all European countries. The projected data 
should characterize the health care system in each country, and the trend of its 
future development. Another important task is to continue work on models of 
morbidity, resource allocation, and manpower. In order to identify possible 
new approaches, the following facts should be borne in mind: 

• Current models deal with only a small number of risk factors which usually 
include smoking or hypertension. The real situation is more complicated, 
however, and models which deal with multiple risk factors are much closer 
to reality. From the viewpoint of data collection, such models require much 
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effort to include a wide range of risk factors, because infonnation on the 
interaction of risk factors is still incomplete. There is also a shortage of data 
on envirorunental risk factors. Existing models would need to be redesigned, 
and demand for computer memory would increase. 

• Existing models are designed for the user who has a good background in 
mathematics, statistics, and computing. They need to be redesigned for the 
health policy maker, with emphasis given to the user interface. This applies 
to al1 the above-mentioned models. 

• With health care managers in mind as the primary users of models, possibili
ties of educating them in their use need to be created. Existing WHO courses 
(in London and Moscow) could be used for this purpose. Using existing 
models as examples, participants could be taught the basic principles of 
model construction, data pre-processing, how to run models, and how to in
terpret results. Teachers should be found who can explain the principles 
without introducing too much fonnal mathematics, and who have experience 
of teaching medical doctors. 
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Estimation of Morbidity from Chronic Disease Mortality 

R. Capocaccia 

Introduction 

Analyzing the impact of chronic degenerative disease on a population often re
quires simultaneous consideration of mortality and morbidity statistics. 
However, incidence, prevalence, and mortality are seldom analyzed jointly in 
the epidemiological literature. This is probably due to the varied availability 
and reliability of specific information, as well as to the different data sources 
and collection methods. 

The availability of population-based survival data allows for the use of of
ficial mortality statistics for the estimation of morbidity levels. Based on the 
fact that incidence, survival, and mortality are three different aspects of the 
same morbid process, several methods have been proposed [1-5] to estimate 
patterns of unobserved morbidity from observed mortality data. 

This approach has two advantages. First, from a descriptive point of view, it 
allows for an analysis of disease trends apart from the effect of changes in pa
tient survival which, in fact, affect mortality rates. Second, in a health care set
ting, it provides incidence and prevalence estimates of direct utility in the calcu
lation of resource needs. 

The potential applications of the method, as well as the most relevant prob
lems it raises, have been extensively discussed elsewhere [5]. The present work 
aims to show how incidence models can be implemented once survival and of
ficial mortality data are known. The equations relating to mortality and mor
bidity rates are presented both in their more general form and in a reduced 
form, derived under a few simplifying assumptions. Two different methods for 
estimating morbidity figures, direct calculations and maximum likelihood esti
mation, are discussed, along with a review of various incidence models poten
tially suitable for statistical estimation. Finally, an application of both estima
tion methods to cancer mortality data in the Italian population is presented. 

The Mortality - Morbidity Equations 

The relationships between mortality and morbidity in chronic degenerative 
diseases can be formalized by two mathematical expressions. For this purpose, 
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consider individuals who belong to a same birth cohort. The incidence hazard 
and prevalence ratio at age x are indicated as l(x) and N(x)~ respectively; B(t,x) 

and D(t,x) are the general- and specific-cause death hazard, respectively, at age 
x for sick individuals diagnosed at age t. Finally, G(x) and M(x) are given to be 
the general- and specific-cause death hazards in the entire cohort at age x. It can 
be shown r6] that, for non-reversible diseases, the following system of two in
tegral equations relates incidence and prevalence experienced by the cohort to 
its own mortality and survival rates: 

x 

J x 
- I (B(t,u)-G(u» du 

M(x) = (l-N(t» I(t) D(l,X) e I dt 

(1 ) 

x 

J x 
- I (8(t,u)-G(u» du 

N(x) = (I-N(t» I(t) e l dt . 

These expressions are the basic equations of the mortality/morbidity model 
presented in this paper, The model does not need assumptions about migrations 
or population structure, such as stability or lack of mobility. The most relevant 
assumption required so far is about disease irreversibility; a new case is as
sumed to remain in the sick status until he or she dies. The model is therefore 
suitable for many practical applications and for a wide spectrum of pathologies, 
Such a generality is, however, not always necessary. Sometimes the disease pro
cess can also be satisfactorily captured by simpler models, owing either to its 
own features or to our incomplete knowledge of the process. In these cases, the 
above equations can be reduced into a simpler form under some further as
sumptions. In particular, suppose that: (a) the risks of death for the specific 
cause and for the other causes are independent; (b) the prevalence is low; and 
(c) the difference B(t,x) - G(x), which represents the increased hazard of sick 
individuals with respect to the general population, is a function of disease dura
tion x - t alone: 

B(t,x) - G(x) = C(x - t) . 

If, starting from the differential hazard C(x-t), we define a death density 
function: 

x·t -J C(u) du 

F(x - t) = C(x - t) e 
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then it can be shown [6] that the system (1) becomes: 

x 
M(x) = J I(t) F(x - t) dt 

o 

x f x-t 
N(x) = I(t) (1 - J F(u) du) dt 

o 

(2) 

The first equation is a particular case of the Volterra equation of the first 
kind, and it has a unique solution for lex}. This equation can now be separately 
solved by analytic or numericall methods. Once lex} is obtained, it becomes 
straightforward to compute N(x) from the second equation. The model does not 
need assumptions about population stability or lack of mobility. In the follow
ing paragraph, a particular analytic solution of equations (2) will be presented. 

Morbidity Estimation Methods 

The equation system (1) allows one, in principle, to compute incidence and 
prevalence of each birth cohort once its mortality and survival rates are known. 
The main difficulty of this approach lies in the availability of the data re
quested. Looking at the equations (1), it can be seen that cohort mortality data 
at all previous ages are needed in order to compute incidence and prevalence at 
a given age x. Most chronic disease cases occur at ages over 60 years, and very 
seldom is such a lengthy time 
series of mortality data ef
fectively available. 

The situation is illustrated 
on the Lexis diagram shown 
in Figure 1. Here, time is 
represented on the horizontal 
axis, and age on the vertical 
axis. Birth cohorts move, 
while aging, on diagonal lines 
from the lower-left to the 
upper-right. Usually, mor-
tality data are available for 
all ages within a given calen
dar time interval. In the 
Figure I, this interval is re
presented by the segment AB, 

o c 

E E' A B 
Time 

Fig. 1. Lexis diagram of age-time regions in which 

mortality data would be necessary for a general solu-

tion of the morbidity-mortality equation system (white 

area) and in which they are usually available 

(shadowed area) 
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and the rectangle ABCD indicates the region of data availability. Incidence and 
prevalence at time A (or at time B) of the cohorts crossing the line AD (or BC) 
can be directly computed from equations (1) only when starting from mortality 
data in the whole area EAD (or E'BC). 

Direct Solution Approach 

The problem of data availability can be overcome by starting from the simpler 
model (2), if relative survival for the specific disease can be assumed as expo
nential. In this case, we have indeed: 

-AI 
F(t) = A. e 

and, under the initial conditions M(O) = M'(O) = 0, the first equation can be 
solved in terms of l(x) deriving both sides. The function N(x) is then easily 
obtained from the second equation by substitution, and we have the solution: 

I(x) = M(x) + t ~ M(x) 

N(x) =~ . 

The expressions state that. if survival is exponential, and under the assump
tions leading to the equation system (2), incidence at each age x is given by the 
mortality level at x plus the derivative of mortality at x divided by the survival 
parameter A.. The prevalence is given by the mortality divided by A.. In this 
particular case, morbidity levels can be directly derived from the local be
haviour of the mortality function, and retrospective data are no longer needed. 
This result can be extended to include more general classes of survival distri
butions, for example when the relative survival curve tends toward a positive 
asymptotic value I-A (this happens when a fraction I-A of the sick individuals 
survives long enough to reach the mortality level of the general population), 
and the death density of the new cases is given by a defective exponential: 

- Al 
F(t) = A A. e . (3) 

It is easy to show that, in this case, the following expression for the incidence 
function is obtained: 

I(x) =.1 M(x) + -L ~ M(x) . 
A AA "" 

(4) 
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The corresponding expression for prevalence is more complicated, and is a 
function of the past mortality rates experienced by the cohort: 

x 
N(x)=~P+ lu.A J M(t)dt . 

o 

Maximum Likelihood Approach 

A different approach for deriving morbidity values from mortality data is 
based on statistical estimation [3, 5]. The incidence is assumed to be a regular 
function of age and other covariates. A maximum likelihood estimation of its 
parameters is then carried out using equation system (1) to fit observed mortal
ity data. 

Let I(x, t, z, 9) indicate incidence as a function of age x, time t, a vector of 
covariates z, and of a set of parameters e. If we assume that survival rates are 
known, we can compute theoretical mortality by means of equation system (1), 

as a function M(x, t, e) of the parameters e in the region ABCD represented in 
Figure 1. 

In practice, mortality and population data are arranged in discrete age classes 
and time periods. Suppose, then, that the region AB CD is divided into a grid 
defined by I single-year age classes and P calendar years. If the probability of 
observing Yip deaths from nip person-years at risk can be assumed to be 
Poisson distributed with expectation nip M(Xi, tp, 9) and Xi = i - 0.5 
tp = P - 0.5, then the maximum likelihood estimates of e can be obtained by 
an iteratively weighted least squares procedure [7], maximizing with respect to 
e the expression: 

2 
Wjp (Yjp - nip M(Xj, tp, 8) ) 

where the weights Wip are the inverse of the variance of Yip: 

-1 
Wip = (nip M(xj, tp, 9) ) 

and are recomputed at each step of the procedure. 

(5) 

Methods for statistical estimation of mathematical models of mortality data 
are of course well known, and appear widely in the epidemiological and demo
graphic literature. Many of these studies rely upon Poisson assumptions, and 
are based on minimization of expressions such as expression (5). The equation 
system (2), and the availability of survival data, permit a backward step on the 
causal chain leading to death, connecting mortality data with incidence models. 
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In this way, indicators of risk exposure could be related to the onset of illness 
(the primary event) rather than to death (the final event). Moreover, it would 
be possible to analyze disease trends and patterns stripped of any interference 
from factors affecting survival. 

Modelling the Incidence Function 

The definition of a mathematical function modelling disease incidence is, of 
course, of primary importance in the estimation procedure. In order to avoid 
excessive computing time, the number of model parameters must be kept as low 
as possible. This discourages the use of categorical or dummy variables. 
Continuous functions of age, time, and other covariates are then considered. 

Age is generally the most important variable to be included in the model. For 
some chronic diseases, as for many tumours, the shape of the relationship be
tween age and incidence derives from theoretical arguments. In the multi-stage 
theory of carcinogenesis, a tumour is assumed to develop when m mutations 
have. occurred in a single cell. In this case, the age trend of incidence can be ex
pressed by the relation: 

I(x) = 81 (x - d) 
m-I 

(6) 

where d indicates the mean time between tumour onset and diagnosis. The ex
pression (6) appears as a linear relation when it is represented on a double log
arithmic scale. 

A different type of model, which is not based on biological consideration but 
which has the advantage of a greater generality, is given by polynomials on the 
logarithmic or logistic scale: 

log (I (x) ) or logit (/(x» = 80 + 81x + 8 2i + ..... . (7) 

The power of the highest order term must, in this case, be determined by sta
tistical testing of a series of increasing order nested models. 

The time trend of the disease can be analyzed by means of two different vari
ables: year of diagnosis (period) and year of birth (cohort). Very few diseases 
are known in which a reasonable model of incidence dynamics can be stated a 
priori in terms of period or cohort. Expressions like (7) are therefore the most 
appropriate to model the relationships between these variables and incidence 
hazard. Assuming that the relative risks (or the odds ratios) attributed to age x, 
period y, and cohort z combine with each other in a multiplicative way, we can 
formulate a general age, period, and cohort model: 
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where the order of the polynomials must be determined by means of a standard 
stepwise procedure. 

Models like (8) can also be extended to include other known risk indicators. 
For example, the relationships between parity and female breast cancer inci
dence can be explored replacing the variable cohort in the model with a factor 
expressing the reproductive history of the various cohorts, such as mean num
ber of children, mean age at the first childbirth, or other simi1ar indicators. 
Naming such a factor f, we can define an age, period, and fertility model: 

loglorlogitl=So+ LSli xi+ L 82j yj+ 84 f. 
j 

(9) 

As a second example, consider the data on smoking history collected by a 
survey of a representative sample of the population. The information about the 
proportion of smokers, the mean age of starting, the mean number of cigarettes 
smoked, and the mean age of stopping allows one to estimate theoretically the 
past exposure of each generation at each point in time. Let s be the variable ex
pressing exposure. It varies in time within a generation and therefore can be 
added to the age, period, and cohort model: 

log I or logit 1= 8 0 + L eli xi + L 82j yi + L 83k l + Ss s . (10) 
j k 

In this section, some examples of morbidity models have been described. The 
functions (7)-(10) are flexible enough to represent complex incidence patterns 
with a relatively small number of parameters. Many different functions can of 
course be constructed; in particular, cross-product terms can be added if the 
hypothesis that each factor carries an independent multiplicative contribution to 
the risk of the disease is to be disregarded. 

Application: Estimating Cancer Morbidity in Italy 

Estimates of incidence and prevalence for various diseases - total cancer [8, 9], 
myocardial infarction [10], breast cancer [11], and stomach cancer [61 - have 
been carried out in Italy from mortality data. The most relevant results for all 
cancers in the male population were as follows: 
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Mortality and population data for the years 1960-83, by single-year age 
classes, were used for estimation procedures. It was rather difficult to obtain 
survival data, since no reliable estimates were available on the survival of 
cancer patients in Italy. The main source of these data was the curves observed 
in the USA and described by the SEER program publications [12, 13]. The re
ported survival curves were initially adjusted by cancer site distribution, which 
differ between the USA and Italy. A proportional hazard assumption was then 
made to model the age dependency of survival rates, and the values of the age 
parameters were estimated from the SEER age-specific survival curves. 
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The relative survival curves 
thereby obtained for the first 
and the last year of the period 
considered are shown in 
Figure 2, for selected ages. 
For the intervening years, the 
values were estimated by a 
linear interpolation between 
the two extremes for each age 
of diagnosis. Details of the 
calculation of survival curves 

Years after diagnosis are reported in reference [8]. 
For a first example of ap-

Male. 1983 plication we ignore the age de
pendency of survival, and ac
cept all assumptions leading to 

30 years the reduced equation system 
(2). We then consider survival 

50 years 
70 years 
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Years after diagnosis 

Fig. 2. Relative survival of male cancer patients at 

selected ages, by year of diagnosis 

rates for cancer patients of all 
ages in a single year (say, in 
1983), and try to fit the ob
served values with an expo
nential function defined by the 
death density (3). The obtained 
parameter values are A = 
0.634, A = 0.89. It is then 
easy to obtain from expression 
(4) simple estimates of age-
specific incidence rates in the 

considered year. The scheme of the calculation is shown in Table 1. The first 
two columns indicate the years of birth of the generations being considered and 
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Table 1. Scheme for the calculation of age-specific incidence rates from expression (4). Italy, 

male population 

Incidence 

Age in Mortality· 10 000 estimated 

Birth cohort 1983 1982 1983 1984 
dM 

in 1983 dx 

1948-1953 30-34 1.7 1.7 2.0 0.15 2.9 

1943-1948 35-39 3.2 3.3 3.9 0.35 5.8 

1938-1943 40-44 6.4 7.6 8.5 1.05 13.8 

1933-1938 45-49 13.1 15.0 16.5 1.70 26.6 

1928-1933 50-54 26.4 30.9 32.5 3.05 54.1 

1923-1928 55-59 46.5 52.2 55.6 4.05 90.5 

1918-1923 60-64 70.0 78.2 83.5 7.75 137.1 

1913-1918 65-69 103.1 111.9 119.3 8.10 190.9 

1908-1913 70-74 139.5 147.3 154.6 7.55 245.7 

their ages in the year 1983. Columns 3-5 report the mortality rates of each 
cohort in the years 1982, 1983, and 1984. Column 6 gives an estimate of 
expression (4). This quantity is computed by dividing by two the difference 
between the mortality rates of the cohort in 1984 and 1982. Finally, the last 
column reports the estimated age-specific incidence rates. 

This is, of course, a sample application of mainly illustrative value. The es
timated incidence rates are to be considered as quick and rough approximations, 
since they are based upon a number of assumptions not fully verified in the 
particular case being considered. It is nonetheless interesting to compare these 
rates with the corresponding values obtained from a more rigorous estimation 
procedure, taking particular account of the age and time variability of survival 
rates. 

Statistical estimations of morbidity function parameters were then carried 
out, using the system equation (1) to link a logistic age, period, and cohort inci
dence model (8) to the observed mortality data in the years 1960 to 1983. An 
incidence function of order 3 for age, of order 2 for period, and finally of 
order 3 for cohort resulted from the stepwise procedure. The observed age
specific and standardized mortality rates, and the estimated incidence rates and 
prevalence for the years 1960 and 1983 are presented in Table 2. 
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Table 2. Cancer mortality and estimated morbidity in Italian male population. Age-specific and 

standardized rates, prevalence (. 10 QOO), and corresponding percent annual change in the period 

1960-1983. Incidence and prevalence are estimated by the age, period. and cohon model (8) 

MonaIity Incidence Prevalence 

% annual % annual % annual 

Age 1960 1983 change 1960 1983 change 1960 1983 change 

30-34 2.2 1.7 -1.12 4.6 5.9 1.08 22 41 2.7 

35-39 3.7 3.3 -0.50 7.5 10.1 1.29 32 60 2.8 

40-44 6.8 7.6 0.48 12.9 17.4 1.30 49 91 2.7 

45-49 12.9 15.0 0.66 21.5 31.0 1.59 73 139 2.8 

50-54 23.6 30.9 1.17 36.9 53.4 1.61 111 212 2.8 

55-59 40.3 52.2 1.12 59.5 88.6 1.73 169 329 2.9 

60-64 61.1 78.2 1.07 90.6 142.2 1.97 248 497 3.0 

65·69 83.2 111.9 1.29 124.5 190.2 1.84 353 769 3.4 

70-74 102.7 147.3 1.57 154.3 251.4 2.12 423 931 3.4 

stand. 26.3 34.1 1.13 40.5 61.4 1.81 120 244 3.0 

Outside the age range 30-74 years, mortality rates are either too low, or in
sufficiently reliable with regard to identifying the cause of death. Results were 
thus reported only for this age range. 

The same results have been extensively presented and discussed elsewhere [9]. 
Due to the mainly illustrative purpose of this application, only the most relevant 
points will be discussed here. In particular, it can be seen that: 

• incidence increases with age less than mortality (the mortality/incidence ratio 
in the year 1983 rises from 0.29 in the first age class to 0.59 in the last one); 

• incidence increases with age more than prevalence (about 6 prevalent cases 
are estimated in the same year for each incident case in the youngest ages, as 
compared to 4 in the oldest); 

• the rate of incidence increase with age is fairly constant (about 1.7 each 5 
years) until 65 years, and then decreases; 

• within the period under consideration, we estimate almost a doubling of the 
standardized incidence rate, a three-fold increase of the prevalence, and an 
increase of only 13% in mortality; 
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• both incidence and prevalence show an increasing trend for all age classes, in 
contrast with mortality, which decreases for the youngest cohorts. 

From a general point of view, the morbidity analysis presented here success
fully used the available survival information in order to disentangle patterns of 
morbidity from those of mortality. The increase in survival rates within the 
considered period resulted in diverging incidence, prevalence, and mortality 
time trends. Age variability of survival led to different shapes of incidence, 
prevalence, and mortality age schedules. 

A comparison of these results with those obtained by the simpler model (4), 
and reported in Table 1, indicates very similar values for ages over 50 years. 
This is not true for the youngest ages, where the incidence values computed by 
expression (4) are much lower than the corresponding values estimated by 
model (6). This is mainly due to the fact that the former estimates do not take 
into account the age variability of survival. When the overall survival is lower 
than the age-specific survival, expression (4) tends to underestimate incidence. 
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A Probabilistic Model for Cancer Prevalence Estimation 
on Mortal ity Data 

A. I. Michalski and A. I. Yashin 

Basic Conceptions 

The model is based on the assumption that any person in the population may be 
in one of three states: no cancer, cancer, terminal state. No cancer state means 
that a person in this state has good health or has any other disease except 
cancer. The state cancer means that a person in this state has cancer but it may 
be not diagnosed yet. This case we consider as a latent case of cancer because 
the disease process in this case is not observed. The transition from no cancer to 
cancer state corresponds to the cancer morbidity process. 

We consider three different ways of transitions to the terminal state. The 
first way is the transition from no cancer state. This transition is related with 
causes of death different from cancer. We call the rate of this transition as no 
cancer mortality. No cancer mortality may be applied to transition from cancer 
state to the terminal one either. This is a case when a person with cancer dies 
from a cause different from cancer. This is the second way to get to the ter
minal state. The third way corresponds to the case when a person with cancer 
dies from cancer. The rate of this transition we call personal cancer mortality. 

Let's make following assumptions about personal rates of transitions. We as
sume that no cancer mortality depends on the person's age and is the same for 
both no cancer and cancer states. This' assumption means that cancer does not 
affect on a personal resistance to the other disease. It's not true for the real life 
but in the lack of information about the relation between cancer and the other 
diseases this rough assumption is valid. The no cancer mortality is to be ex
tracted from the population data. The personal cancer mortality depends on a 
person's age and on the duration of the period the person remains in the cancer 
state. This mortality may be extracted from clinicB:I studies. The personal rate' 
of no cancer to cancer transition we consider to be unknown. It is the aim of 
this paper to describe a procedure for this rate estimation. The estimation of no 
cancer to cancer transition rate may be used for cancer prevalence estimation, 
estimation of the life expectancy in good health and the other important popu
lation characteristics . 

. The basic idea of the approach is that the transitions between the states has 
probabilistic nature. The cancer prevalence is a probability to be in the state no 
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Fig.1. The structure of the PMCP model 

cancer 
mortality 

cancer at specific age. The 
mean time which a person stays 
in no cancer state is the health 
life expectancy. The cancer 
morbidity is a rate of transition 
from no cancer to cancer 
states. This morbidity differs 
from registered cancer mor
bidity in population because it 
takes into account latent per

sons with cancer. Cancer mortality in population is related with latent cancer 
morbidity. This relation is used for calculations in Probabilistic Model for 
Cancer Prevalence - PMCP model. The structure of the model is given in 
Figure 1. 

Mathematical Description 

Let !ldx) be no cancer mortality rate, A(X) be the rate of no cancer to cancer 
state transition, !l2(X) be the rate of death on cancer after suffering cancer dur
ing x years. Then the surviving function may be expressed in the form [1] 

x 
-f ~j{t) dt 

S(x) = e 0 

Y 

x 
x 

J (~J{t) + ~2('t)) dt 
X-Y ) g(y) dy ] (1) 

-J ,,-{t) dt 

where g(y) = ).,(y) e is density function for probability of no cancer to 
cancer state transition. The expression (1) is an integral equation of Volterra 
type in relation to the function g(y). 

The solution of integral equation (1) may be calculated numerically but there 
is a problem of unstability. The unstability means that small disturbances in the 
survival function S(x) may lead to big changes in the corresponding solution 
g(y). This property may cause dramatic results if the survival function S(x) is 
estimated on the base of population statistics. To stabilize the solution of the 
equation (1) we calculate it in the form of cubic spline-function. The para
meters of the spline are calculated using least squares procedure. The number 
of spline's knots on the equidistant greed is the key question of this approach. 
The less the number of the knots is the more stable the spline-solution of the 
equation (1) is. The more the number of spline's knots is the better the cubic 
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spline approximates the real solution of the integral equation but the less stable 
the spline-solution is. This contradiction may be overcome by using an optimal 
number of spline's knots or by selecting an optimal model for equation (1) so
lution. We put description of the procedure for the optimal model selection in 
the appendix. 

The probability to be at age x in the state cancer may be expressed in the 
form 

x 

-J I1d't) dt 
P2 (x) = e 

x 

- J (l1dt) + 112(1» dt 
e x-y f 

x 

o 

g(y) dy . (2) 

The mathematical expectation of good health life span is calculated by the for
mula 

f -jI11(') d. 
Th= e 

x 

( 1 - J g(y) dy) dx. (3) 

o 

Results of Calculations 

PMCP model was used for estimation of male cancer prevalence in Japan for 
two years: 1947 and 1972. The calculations were made for general cancer data. 
Total male mortality and cancer male mortality were extracted as functions of 
age from the sources available in the Population Program unit of the 
International Institute of Applied Systems Analysis (IIASA, Laxenburg, 
Austria). The surviving on general cancer state was used in exponential form 
with death rate, corresponding to life expectancy equal to five years. It is a 
rough estimation of surviving among persons with general cancer but never
theless some interesting results were obtained. 

The results of calculations are as follows: for both years -1947 and 1972- the 
optimal number of knots in the spline-solution of equation (1) was selected to 
be equal to 1. On the base of spline-solution the probability to be at age x in the 
state general cancer or cancer prevalence was calculated by the formula (2). 

Table 1 shows the numbers of people in states no cancer and cancer at dif
ferent ages. The numbers were estimated for synthetic cohorts of 100 000 per-
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Table 1. Distribution of health status for two synthetic cohorts of 100 000 persons (estimated 
with data from Japan 1947, 1972) 

1947 1972 
Number of persons Number of persons Number of persons Number of persons 

Ages in no cancer state in cancer stale in no cancer state in cancer state 

0 100000 0 100000 0 
5 89041 12 98818 39 

10 87626 77 98574 36 
15 86778 76 98374 27 
20 84656 56 97842 28 
25 80951 67 97205 46 
30 77342 148 96508 83 
35 74037 218 95675 144 

40 70818 242 94445 237 
45 67292 287 92598 398 
50 62898 505 89986 722 
55 57092 872 86040 1259 
60 49442 1209 80089 1961 
65 39874 1201 71246 2804 
70 29157 901 59013 3353 

75 18577 515 43836 3186 
80 9787 202 27570 2129 

~85 3972 53 13287 925 

sons on the base of mortality data for Japan males in 1947 and 1972 using for
mulas (1) and (2). One can see that the portion of people in the state cancer in 
1972 exceeds the same portion for 1947. 

Table 2 shows the dynamic of cancer morbidity processes in 1947 and 1972. 
There are durations of no cancer life span at different ages. The values were 
estimated on the base of mortality data for Japan males in 1947 and 1972 using 
formula (3). The life expectancies at different ages were put in the table. From 
the table one can see that for all ages the life expectancy in 1972 increased in 
comparison with the life expectancy in 1947. But at the same time almost for all 
ages the proportion of the no cancer span in the life expectancy decreased for 
1972 in comparison with 1947. The last means that year 1972 gained more life 
expectancy from year 1947 but the quality of this gain was poore. There are 
many possible explanations of this effect. It may be a result of elimination of 
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Table 2. Life expectancy and cancer{ree life expectancy for two synthetic cohorts (estimated 

with data from Japan 1947 and 1972) 

Cancerfree % of life 

Life expectancy life expectancy expectancy free of cancer 

Ages 1947 1972 1947 1972 1947 1972 

0 52.19 70.50 51.86 69.62 99.36 98.75 

5 53.43 66.30 53.07 65.44 99.32 98.70 

10 49.22 61.46 48.89 60.60 99.32 98.60 

15 44.68 56.58 44.34 55.71 99.23 98.46 

20 40.73 51.87 40.38 5\.00 99.14 98.32 

25 37.47 47.19 37.11 46.32 99.03 98.15 

30 34.07 42.49 33.73 ' 41.64 99.00 97.99 

35 30.45 37.82 30.12 36.98 98.91 97.77 

40 26.70 33.24 26.38 32.42 98.80 97.53 

45 22.95 28.79 22.63 28.02 98.60 97.32 

50 19.29 24.45 19.02 23.75 98.60 97.13 

55 15.85 20.30 15.69 19.72 98.99 97.14 

60 12.76 16.43 12.72 15.99 99.68 97.32 

65 10.14 12.92 10.12 12.64 99.80 97.83 

70 7.93 9.85 7.91 9.72 99.74 98.68 

75 6.06 7.22 6.05 7.21 99.83 99.86 

80 4.42 4.97 4.41 4.96 99.77 99.79 

~85 2.62 2.79 2.61 2.78 99.61 99.64 

some causes of death in Japan in 1972 in comparison with 1949 or it may be the 
effect of air and food pollution and so on. It is a matter of further inves
tigations to make more precise estimations and to find main risk factors in 
connection with cancer mortality. 

Appendix 

In this appendix we describe a procedure for a model selection on the base of 
empirical data. The idea of the procedure is to select in the given set of algo
rithms 1t the best algorithm. The best algorithm produces the best model. We 
will show that for the specific case of modelling using least squares procedure 
the best algorithm is to minimize a criterion: 
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where m is the number of observations, n is the number of parameters in the 
model and I n is the value of square residuals for least squares procedure. 
Considering models with different numbers of parameters we choose the opti
mal model. 

Let's denote T = {Xl, YJ. ....... , Xm, Ym} a set of random variables which are 
connected by the relationship 

Yj == ~Xj) + Ej j = 1, ........ , m (a.l) 

where f( . ) is an unknown deterministic function, ej is an independent random 
variable with M(Ej) == 0 and D(Ej) = <Jp . The general problem is: how to estimate 
function f( . ) on the base of sample T? 

The relationship (a.I) describes different practical situations. It may be used 
if values of observed function .f(x) are disturbed by some noise. Then on the 
base of sample T one estimates undisturbed values of function .f(x). The other 
case of interest is related with dependent pair of random variables (X,Y]. In 
this case the sample T is the set of this pair realizations, function f(x) is the 
function of conditional mathematical expectation and one is to estimate the 
function of conditional mathematical expectation on the base of sample T. The 
third case is the case of operator relation. In this case function .f(x) may be the 
result Of some other function g(t) transformation. The transformation may be 
in the form of an integral operator. 

b 
/(x) == I K(x,t) get) dt 

a 

where K(x,t) is the kernel function, [a,b] is the interval of g(t) function defini
tion. In the case of operator relation one is to estimate the solution of operator 
equation on the base of sample T. The specific case of integral equation is 
equation of Volterra type 

x 
I(x) = f K(x,t) get) dt (a.2) 

a 

The equation of this type describes the surviving process in the probabilistic 
model for cancer prevalence [1] which was described in the main text of this 
article. 
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To select an algorithm for equation solution we consider a set of algorithms 
1t which estimates this solution on the base of random sample T. It may be, for 
example, a set of operators that construct an estimate of function g(t) by the 
least squares procedure in the form of algebraic polynomials of different de
grees or in the form of cubic spline functions with different numbers of knots. 
We will find the performance for every algorithms A from the set 1t when 
using sample T in the next part of this appendix. We denote this performance 
by G(A). The performance will not depend on the unknown function get) but it 
will depend on the algorithm A and the sample T. To find the best estimate we 
are to find in the set 1t the algorithm with the best performance G(A) and use it 

to estimate the solution of the equation (a.2). 
Let us denote by P(x,y) the joint distribution function of random variables X 

and Y according to which the sample of independent pairs (Xi, y i), 

T = (x\, YI, ...... , xm, YmJ has been generated. Let get) be an estimate of integral 
equation (a.2) solution. We define the performance of the estimate get) and the 
performance of an algorithm A which was used to obtain the estimate g(x). 

The performance of the fixed function get) may be determined as the average 
risk functional defined by the formula 

l(g) = f (y -I K(x,t) g(t) dt )2 dP(x,y) 

It is easy to see that the minimal value of the functionall(g) is reaching on 
the function on the solution of the integral equation. 

Let a function get) be a result of calculations by an algorithm A on the 
sample T. In this case get) is a random function and the functionall(g) is a ran
dom variable. Denote the performance of the algorithm A as the average value 
of the functionall(g). The averaging is to be made on all samples of indepen
dent random pairs (Xi. Yi) with the joint distribution function P(x, y). The for
mula for the algorithm A performance is 

G(A) = f /(g) dP(x), Yh ••.....• Xm• Ym) . 

The problem is how to calculate the functional G(A) when the joint distri
bution function P(x, y) is not known. We will give the estimate for G(A ) in a 

1\ 

case of linear estimating algorithms. Letftx) be an estimate of the functionf(x) 
A 

calculated by an algorithm A on the sample T. Denote fi the value of function 
1\ 1\ 1\ 

f(x) in the point Xi, i.e. fi = f(xj). If A is a linear algorithm then the next re-
lation is valid 

F=AY 
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A A 

where F = ift ........ fm)T , Y = (YI ...... Ym)T are vectors, A is a (m x m) -
dimensional estimation matrix that corresponds to the linear algorithm. To 
estimate functional G(A) we consider the expression for the empirical risk 
functional Je(A ) 

11 F _ Y 112 
m 

11 (E - A) Y 11 2 
m 

where E is the identity matrix. It is shown in [1] that for a fixed matrix A 

G(A ) = Mie (A) -
0 2 Tr (E - 2A) 2 

m + 0 . (a.3) 

The expression (a.3) contains the unknown mean value of empirical risk 
MJle (A). This value is easy to estimate if algorithm A is fixed. In the case of 
algorithm selection we must construct a uniform estimate in the set of algo
rithms 7t. Such uniform estimate is constructed for linear algorithms set in [2]. 
We skip mathematical details and give the main result. 

The result is as follows: if 

• the value Mej4 is finite, where ej is the random variable from the relation 
(a. 1), Cfj 2 ., Cfj; 

• the set 7t is composed from the linear algorithms based on the least squares 
procedure, 

then with the probability no less than 1 - Tl the inequality is valid 

B 
sup I Mie (A) - Je (A) I ::;; _ ~ 

Ae 1t 'I T1l11 
(a.4) 

where B is a constant value depending on moments of the random variable ej 
and properties of the set 7t. 

The value of functional G(A) now may be estimated using (a.4) by the ex
pression 

0 2 Tr (E- 2A) B 
G(A ) = le (A) + m + 0 2 + --J T1l11 

which is valid with the probability no less than 1 - Tl. 
In the right-hand side of the last inequality only the first two terms depend 

on the algorithm A. It means that the sum of these two terms may be used as a 
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criterion for selection of the best algorithm in the set 1t 

02 Tr (E - 2A) 
C(A) = le (A)+ m . (a.5) 

The expression (a.S) may be used if the value of noise variance 0 2 is known. 
To construct a criterion for the case of unknown 0 2 we rewrite the expression 
(a.S) in fonn 

C(A ) _ m - 2TrA ( mle (A) .(2). 
m m - 2TrA 

By confining ourselves to the case 0 < 2TrA , we obtain an inequality 

C(A) < le (A) 
m - 2TrA 

m 

whose right-hand side may be taken as a criterion of selection of an algorithm 
from the class 1t that does not depend on the noise variance. We denote the cri
terion K(A) and will call it statistical elimination criterion 

K(A) = le (A) 
m - 2TrA 

m 

(a.6) 

The criterion K(A) takes simple fonn if the set 1t contains algorithms based 
on the least squares procedure in the subspaces of different finite dimensions. 
For this case TrA = n where n is the dimension of the subspace in which the al
gorithm A is defined. The statistical elimination criterion takes the fonn 

K (A)=~ n m - 2n 
m 
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PREVENT, a Model to Estimate the Health Benefits 
of Prevention 

L. J. Gunning-Schepers, J. J. M. Barendregt and P. J. van der Maas 

Introduction 

In health policy making, there has been a shift in recent years away from the 
pure planning of health services towards a comprehensive health planning, in 
which an attempt is made to use increasingly scarce resources in such a way as 
to achieve maximal health for the population. This shift is exemplified by the 
WHO campaign Health/or All by the year 2000. and by the use of targets in the 
European region [1]. This shift has two interesting features. One is a tendency 
to measure the effectiveness of a policy, intervention or technology in tenns of 
health as the outcome, rather than in tenns of the input, output, or process. The 
other is an acceptance that choices need to be made since, however large the 
budget for health, it will always be limited. Most of the attention given to this 
last concern in recent years has been political, but both features have generated 
a demand for a different kind of infonnation on which to base policy decisions. 
The orientation towards health has spurred an interest in the health benefits to 
be expected from interventions, at both the individual and the population level. 
Concern with the optimization of scarce resources has led to a keen interest in 
cost-effectiveness, both for the individual patient and for policy making at the 
population level. 

One question which is much debated in health planning is the amount to be 
invested in primary prevention. Acknowledging that health is also influenced by 
the prevalence of risk factors in a population, and not only by health care, 
comprehensive health planning will have to weigh investments in primary pre
vention against investments in curative services. Investments in prevention are 
not as popular as they used to be. Contrary to curative care, where decisions 
are taken in the doctor's office, usually between two consenting adults, decis
ions on collective prevention are most often taken in the cumbersome bureau
cracies that guard democracy. Increasingly in health planning. questions are 
being asked about the estimated rate of return on investment. For prevention, 
the prospects have not been good lately. 

In the competition for limited resources, advocates of preventive inter
ventions have had to support their claims with facts about the expected returns 
on such an investment. They have to explain that prevention now will not lead 
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to visible health benefits tomorrow, but will at best result in the non-occurrence 
of a specific disease in the distant future. They have to do so, moreover, at a 
time when the major multifactorial intervention trials are yielding disappoint
ing results and new curative technologies are being widely acclaimed. Some of 
the disappointment may be due to unrealistic expectations of the interventions, 
and to limitations in the methodology used to estimate the effects of prevention. 
If prevention is to compete for the allocation of scarce resources, it must be 
able to apply existing knowledge about risk factors to estimate realistically the 
health benefits to be expected from an intervention in these risk factors. 
Although epidemiology has been good at identifying the risk factors in which to 
intervene, the application of this epidemiological knowledge to health policy 
making is stiII primitive. 

PREVENT, Applied Epidemiology 

In The Netherlands, the PREVENT model was developed to help apply existing 
epidemiological knowledge to decision-making in health policy [2]. It is a simu
lation model that can estimate the health benefits for a population of changes in 
risk factor prevalence, both in terms of proportional changes in disease-specific 
incidence and in terms of absolute changes in, among other parameters, disease
specific and total mortality. The goal of the PREVENT project was to devise a 
. tool for policy makers to use epidemiological data on the relationship between 
risk factors and diseases in order to estimate the effect on the health of a popu
lation of changes, either autonomous or through interventions, in risk factor 
prevalence. The type of information it provides can be useful in quantifying 
different lifestyle scenarios, exploring the different interventions necessary to 
achieve targets in health planning, or estimating the effects of alternative pre
ventive interventions as input for more formal decision-making processes, such 
as cost-effectiveness analysis. 

PREVENT uses epidemiology, but because the policy making perspective is 
somewhat different its application of epidemiology has generated some new 
areas of interest: 

• Traditional epidemiology is mostly concerned with the increased incidence 
associated with exposure to a risk factor, whereas policy makers are more 
interested in the reduction of risk after the cessation of exposure. This risk 
reduction may take many years to achieve, so that estimates of effect will 
have to incorporate a time dimension. 

• In traditional epidemiology, several risk factors are often identified for one 
disease. For preventive interventions, it is much more interesting when one 



PREVENT. a Model to Estimate the Health Benefits of Prevention 57 

risk factor seems to affect several diseases. To estimate the potential effect of 
an intervention on a risk factor, all of these diseases should be considered. 

• For policy making, it is not sufficient to look at carefully selected experi
mental populations. Results should be applicable to a real population, with all 

the dynamics inherent in such a population. 

The PREVENT model attempts to incorporate these aspects in traditional 

epidemiological measures of effect, in order to serve as a tool for policy mak
ing. 

Existing Epidemiological Measures in PREVENT 

In epidemiology. analysis of the distribution of disease incidence and risk factor 
prevalence in different populations is used to confirm the hypothesis of a causal 
relationship between risk factor and disease. The strength of the relationship is 
often expressed as the ratio of incidence between exposed and non-exposed. the 
Incidence Density Ratio (IDR) or relative risk. The importance of a risk factor 
for the incidence of a disease in a population is usually expressed as the 
Etiologic Fraction (EF). the proportion of the total incidence of the disease that 
can be attributed to that risk factor in the population. This indicates the pro
portion of incidence that could be prevented by the total elimination of that risk 
factor in the population. 

However, since prevention will usually not eliminate but merely reduce the 
prevalence of a risk factor, a measure was developed to estimate the impact of a 

change in prevalence of a risk factor on the incidence of a disease, the Potential 

Impact Fraction (PIF) [3]. It indicates the incidence that is avoided by a pre
ventive intervention as a proportion of the incidence that would have occurred 
in that population without the intervention. Both the EF and the PIF can be cal
culated when P's, the prevalences of exposure to a risk factor in the population, 
and the corresponding IOR's are known. The potential impact fraction in the 
traditional epidemiological literature assumes an immediate elimination of ex
cess risk after the termination of exposure. Those no longer exposed are re

turned to the category of non-exposed with, by definition, an IDR of 1. 

The PREVENT Methodology 

PREVENT's methodology is based on the epidemiological effect measure, PIP. 

To achieve the objectives stated, the following three requirements are included 
in the methodology: 
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• a time dimension, to simulate the reduction in excess risk after cessation of 
exposure to the risk factor; 

• the possibility that one risk factor affects several diseases, and that one 
disease is affected by several risk factors; 

• the interaction between the effect of the intervention and the demographic 
evolution of the population. 

In the current version of PREVENT, all measures of health benefit are based 
on mortality. There are two steps in the methodology: in the first, PIFs are cal
culated, and in the second, these proportional measures are expressed as ab
solute health benefits. The first two requirements of the methodology are in
corporated in the first step of the model, the third one dictated the format of 
the second step. 

In the first step of the PREVENT model, several risk factors and several 
diseases are analyzed simultaneously. The prevalence of each risk factor is de
noted by P, the proportion of the population or sub-population exposed in a 
certain exposure category. In order to use information on the causal relation
ship between risk factor exposure and disease incidence as effectively as pos
sible, the prevalence is stratified by age and sex category. Since one risk factor 
can affect several diseases, each exposure category is assigned several IORs, 
each representing the strength of the relationship between the risk factor and 
one of the diseases. Knowing the existing distribution of a population over ex
posure categories (P) and the corresponding IDRs, we can estimate the proport
ional changes in incidence (PIF) for each disease affected by that risk factor, 
due to changes in P, for example as a result of a preventive intervention. In a 
second step of the model these disease-specific PIFs are applied to the disease
specific mortality quotients and then to a population, so that the proportional 
PIFs are translated into absolute measures of health benefit. 

An important element in the methodology was the introduction of a time di
mension. For each risk factor and disease combination a time period in years is 
assumed between the moment of cessation of exposure and the moment the low
est relative risk for ex-exposed, the remnant IOR, is reached. This time period 
is called LAG. The introduction of this time dimension necessitates an adjust
ment of the equation used for the calculation of PIF, as well as an additional 
dimension of the input data on prevalence and IOR. It means that the ultimate 
PIF is not reached immediately after the intervention. but only after LAG 
years. It may take years before the intervention has its maximum effect. The 
time dimension also means however, that past changes in risk factor prevalence, 
whatever their cause, may continue to affect disease incidence in the future. 
This change in disease-specific incidence should not be ascribed to the inter
vention. To incorporate the proportional effect of such past (and possibly also 
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future) autonomous trends in risk factor prevalences, PREVENT calculates 
Trend Impact Fractions (TIFs) in a manner similar to the PIFs. 

By the end of LAG years the maximum PIF is reached; this is the effect of 
the intervention in proportional terms. The effect in absolute numbers, the 
health benefit, also depends on three other factors: (a) the proportional changes 
in disease-specific incidence over that same period caused by autonomous trend 
(the TIPs), (b) the relative contribution of the diseases, influenced by that spe
cific risk factor, on total mortality, and (c) the demographic changes in the 
population over those LAG years. It is the time dimension in the first step of 
the model, and the fact that it may vary for different diseases, which makes the 
interaction between the PIFs and the demographic changes interesting. The 
second step of the model consists of a population model in one year age-groups 
to which disease-specific mortality quotients (M) are applied, to simulate the 
evolution of the population over time. The assumption is that the proportional 
changes in incidence from the first part of the model, the PIFs and TIFs, are 
translated into the same proportional changes in disease-specific mortality after 
a certain latency period, LAT. 

If the TIFs only are applied, the resulting new disease-specific mortality 
quotients, and the evolution of the population, represent the so-called reference 
or trend scenario, the developments expected when no intervention takes place. 
If, however, both TIFs and PIFs are applied to the mortality quotients, the 
population evolves as would be expected as a result of the intervention. Note 
that prevalence changes in one risk factor may generate changes in disease-. 
specific mortality quotients for several diseases, and that risk factors for which 
no intervention is simulated nevertheless may cause changes in mortality 
quotients through TIFs as a result of autonomous trends in risk factor 
prevalences. The differences between the reference and intervention 
populations represent the effect of the intervention, and can be expressed as 
several measures of health benefit: differences in mortality, potential years of 
life gained, etc. To'see the full effect of an intervention on such a measure of 
health benefit, the model should simulate for at least LAG+LA T years. 

A simplified version of the model is shown in Figure 1. 

The PREVENT Model 

The stratification, and the time dimensions necessary for the methodology, 
make it imperative that the calculations of health benefits be done on a com
puter simulation model. One objective of the project was that the tool developed 
should be useful for policy makers. We decided, at the outset, that it should be 
an interactive model which could run on an IBM-compatible micro-computer, 
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Risk lactor 
prevalenee Po 

Fig. 1. The basic version of the PREVENT model 

6.- benel" 

and which could be operated without prior knowledge of the epidemiological 
techniques used in the model. 

The fi1es containing the array of data on P and IORs, the time dimensions, 
and the existing mortality quotients, and the population data can be adjusted for 
any population. In the first version of the model, the data were those for the 
Dutch population. In the current version, it is possible to create a different data 
base. This enables the model to be used for other populations, or even for other 
risk factors than the ones chosen in the original version. 

For a simulation, the user can specify cpanges in risk factor prevalence as a 
result of autonomous trends or interventions, the time period over which the 
intervention occurs, the length of the simulation period, and whether the first, 
proportional part of the model will take a cohort factor into account. 
PREVENT will present the results in graphic or tabular form, for the inter
mediate output variables of EF, TIF, and PIF, and for the following outcome 
variables: disease-specific mortality, total mortality, (disease-specific) mortality 
difference, potential years of life gained, actual years of life gained, survival 
curves, and life expectancy at birth. 

Results 

In this section we show some results of typical PREVENT simulation runs. The 
examples have been chosen to illustrate the effect of the new elements added to 
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the traditional epidemiological measures in the model. Since the model can be 
used directly by a policy maker, different interventions on the same risk factor 
can be compared before choosing. the most desirable one. 

A Time Dimension 

In the first example, an intervention on the prevalence of cigarette smoking in 
the population is simulated. It is assumed that, without the intervention, there 
would be a continuing steady decrease in the number of smokers by 1 % per 
year. The intervention consists of an abrupt 50% reduction in the number of 
smokers in all age, sex, and exposure categories in 1985. 

Figure 2 shows the de-
velopment of yearly lung 
cancer mortality in abso
lute numbers. The trend 
population shows the ex
pected mortality if no in
tervention on smoking is 
made. The initial dip in 
male mortality is the re
sult of the substantial re-
ducti on in the prevalence 
of smoking over the past 
ten years. Because of the 
time dimension, this re
duction will continue to 
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Fig. 2. Lung cancer mortality for men and women (ab-

solute numbers), with and without intervention on smoking 

affect lung cancer mortality in the future. The subsequent steady increase 
reflects the rapid aging which will occur in the Dutch population in the years to 
come. The latency period between changes in incidence and changes in 
mortality explains why, in the first four years after intervention, no difference 
in lung cancer mortality between the trend and intervention populations is seen. 
There is then a slow reduction in lung cancer mortality in the intervention 
population, as the excess risk slowly diminishes after cessation of exposure. The 
difference in the evolution of both mortality curves shows the mortality 
reduction due to intervention. To appreciate the full benefit of this 
intervention, one should simulate for at least 15 years after the end of the 
intervention. This longer simulation also shows that the reduction in mortality 
persists even after that time, as the effect far outlasts the intervention period. 
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A Multifactorial Model 

The above intervention results not only in a reduction of lung cancer mortality. 
In the PREVENT model, cigarette smoking also affects Ischaemic Heart Disease 
(IHD) and Chronic Obstructive Lung Disease (COLD). One should. therefore, 
measure the health benefits not only in terms of a reduction in lung cancer 
mortality, but also as a reduction in total mortality. 
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Fig. 3. Mortality reduction in men (absolute numbers) 

after an inteIVention on smoking 

Figure 3 shows the 
total mortality reduction, 
in men, resulting from 
the intervention described 
above, as well as the 
mortal i ty reduction in 
each individual disease 
category. The evolution 
of the total mortality 
curve clearly shows how 
each disease has its own 
time dimensions, and 
contributes to the mor
tality reduction at dif-
ferent points in time after 

the intervention. As it is apparent from Figure 2, a disease-specific mortality 
reduction is more or less constant once it has reached its maximum. But the 
total mortality reduction will eventually diminish as competing causes of death 
become more important. The mortality reduction shown is the net mortality 
benefit in the intervention population each year. 

If this smoking reduction were part of a programme to prevent IHD, and its 
benefits were compared, for example, with those of new curative possibilities, 
one can easily see how much these benefits would be underestimated if only one 
disease category were considered. In the year 2000, for example, the mortality 
reduction for IHD is only about one-third of the total mortality reduction. 
When estimating the effects of a preventive intervention, it is important to con
sider all its health effects, both the positive ones for those diseases directly 
linked to the risk factor of the intervention, and the negative effects of a pos
sible increase in other causes of death. The above example shows how greatly 
the net benefit may be underestimated if only one disease category is con
sidered. 
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A Non-Intervention 
Population 

Figure 4 represents the 
mortality from CV A 
(Cerebrovascular acci
dents) after a hypothe
tical 50% reduction in 
hypertension in 1985 due 
to an intervention. It is 
clear that the unrealis
tically large shift in risk 
factor prevalence will not 
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Fig. 4. CV A mortality in men and women (absolute num

bers). with and without an intervention on hypertension 

prevent the mortality (and thus the underlying number of cases) from exceeding 
the current number long before the year 2000. Has prevention then failed? No. 
but the demographic changes in this population will be considerable in the 
coming 15 years and the effect will be a steady rise in absolute CVA mortality. 
If no preventive intervention were applied, the mortality would be even higher 
in the year 2000. 

This example is used only to illustrate why a trend population is essential 
when the effects of an intervention are assessed. Of course, one could present 
effect estimates as age-specific mortality rates and show that the preventive in
tervention leads to a sharp decrease. But policy makers have to work with a 
real population. and the impression should not be created that a reduction in 
age-specific mortality rates will always result in a net reduction in the number 
of real cases. 

In an aging population with many chronic diseases in old age, a successful 
preventive intervention. causing a marked decline in the age-specific incidence 
rate, may still result in a higher number of cases in the population. as the age
group to which the reduced incidence rates apply increases in absolute numbers. 
This is often difficult to explain and makes it difficult to sell the intervention 
politically. since an appreciation of the health benefits requires an understand
ing of the dynamics underlying the effect estimates. and a visualization of what 
would occur in the absence of the intervention. In this example. the point is not 
that the effect estimates are different. but that results can be presented in such a 
way as to prevent unnecessary disappointment. One can also underestimate the 
effects of prevention, by not knowing what would have happened without the 
intervention. 
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PREVENT as a Tool 

The Potential for Policy Making 

To evaluate the utility of such a model in health policy making, it seems useful 
to see whether the expected health benefits are significantly changed by the in
clusion of a time dimension, several diseases, and the possibility of expressing 
benefits in both proportional and absolute terms. 

The time dimension is the PREVENT feature whose effect is most easily per
ceived. The long time lags between an intervention and observed changes in 
mortality from some diseases greatly affect the perceived results. The inclusion 
of a time dimension not only emphasizes that, in some cases, the results of pre
ventive measures will not be noticeable immediately, but also shows that such a 
measure will continue to affect the population's health long after the inter
vention has ceased. To observe the expected effects over too short a period may 
lead to a serious underestimation of the ultimate benefits. The main interest in 
the multifactorial approach of the PREVENT model lies in the fact that not all 
diseases affect a health indicator (expressed in absolute numbers) to the same 
extent, and that the important time variables differ by disease. This means that a 
given risk factor intervention will reduce total mortality through several 
disease-specific mortalities, each to a different extent and at different times. 
This can be seen in the mortality reduction curve (Figure 3) of a reduction in 
smoking prevalence, in which the contribution of the different diseases can be 
clearly discerned. 

It makes a difference whether the effects of an intervention are evaluated in a 
single-disease model or a multi-disease model. The multifactorial approach also 
dispels a commonly held belief: that competing death risks in our aging pop
ulation will eliminate all mortality reduction from one disease, by substituting 
another cau se of death. Although there is an increase in causes of death not 
affected by the risk factor intervened upon, nevertheless there is a large overall 
mortality reduction. When looking at the actual years of life gained by this in
tervention (Figure 5), one can conclude that the deaths prevented have indeed 
resulted in substantially extended lives. It is a fallacy to think that prevention 
will achieve an important mortality reduction only in a young population. Even 
in our aging population, we can achieve sizable mortality benefits. 

The aggregation of health benefits and the introduction of a dynamic popu
lation, simulating the demographic evolution of the Dutch population, are 
essential to the second step of the model. When looking at disease-specific 
mortality, without intervention, it is obvious that demographic changes in the 
coming years will greatly increase absolute mortality for the diseases included 
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in PREVENT. In some 
cases, even far-reaching 
reductions in risk factor 
prevalence will not pre
vent the total number of 
cases from being higher 
in the future than they 
are today. In the Intro
duction, we stated that 
prevention is often dif-
ficult to sell politically 
since its effects take so 
long to become appar
ent. After the PREVENT 
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Fig. S. Actual years of life (absolute numbers) gained 

after a smoking intervention 

exercise, we have to conclude that the situation is even worse: effects will 
seldom become apparent as real reductions in disease. This conclusion does not 
mean that prevention will have no beneficial effect in an aging population. On 
the contrary, it can result in a sizable mortality reduction despite competing 
death risks. It does mean, however, that in order to appreciate the effects, it is 
important to show what would happen without the preventive intervention, and 
not merely to compare them to the current level of mortality. 

PREVENT at Work 

Our efforts to make the model accessible to non-expert users have paid off. The 
model has been distributed nationally and internationally. Currently, it is being 
used in several places that we know of, mostly community health centres: 

• In The Netherlands: 

• a number of community health services use it to determine priorities for 
their prevention policy, by ranking alternatives;. 

• it has been used as a teaching tool to visualize the health effects of inter
actions between changing mortality rates and demography, as well as co
hort effects of risk factor prevalence; 

• it has been used as a tool to extrapolate the health effects of a regional risk 
factor intervention project in General Practice, to the national level. 

• In Sweden, 

the Sundbyberg community l]lealth centres use the programme to monitor 
and evaluate their current prevention efforts. 
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• In Italy, 

in the Bergamo region, a prevention project is now being started which 
will use the programme to make projections of baseline disease-specific 
mortality, again for monitoring and evaluation. 

• In Wales, 

it has been used to determine priorities in cancer policy. 

Our original purpose was to provide a tool for policy makers. Looking back 
upon three years of experience with PREVENT's dissemination, we draw the 
following conclusions: 

• In most cases, PREVENT was used with the Dutch data set to illustrate the 
possible health benefits of preventive interventions, since Western European 
populations are comparable in terms of risk factors and mortality patterns. In 
some cases, a local data set was introduced. Finding and preparing the input 
data in the necessary format proved more difficult than users had anticipated. 
Historical trends on risk factor prevalence data, and prevalence data that 
cover all age-groups, are not always routinely available. 

• Interpreting the results of the model correctly continues to prove more 
complicated than we expected. Because of the interactions between risk fac
tors, causes of death, and demography, basic epidemiological and demo
graphic understanding are needed to be able to draw policy conclusions from 
the results. 

In at least one instance, PREVENT was used incorrectly. We will elaborate 
here on this case because it is a good example of the risk of using such a model 
as a black box, without understanding the underlying dynamics. 

In a report on the effects of fiscal reforms that are due in The Netherlands as 
a consequence of European economic unification, in particular the possible 
health effects of the harmonization of taxes on alcohol and tobacco [4], 
PREVENT was used to estimate the potential health benefits. On balance, this 
harmonization will result in higher taxes on cigarettes, and lower taxes on alco
holic beverages. A first, common-sense approach would suggest that, given 
normal (i.e. negative) price elasticities, the higher taxes on cigarettes would be 
beneficial for public health, and the lower taxes on alcohol detrimental. Not so, 
according to this report: both tax changes would lower mortality. So what hap
pened? A closer look revealed a few minor mishaps, such as a misinterpretation 
of the model's output, and an attempt to calculate the effects of an increase in 
risk factor prevalence; the user is explicitly warned that the model is unsuitable 
for doing this. 

But the main reason for the surprising result is use of the Ledermann hy
pothesis on the distribution of the consumption of alcohol in the population [5]. 
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This hypothesis states: 

• The consumption of alcohol can be described by a very skewed, lognormal 
distribution. 

• There is a constant relationship between mean consumption and the preva
lence of heavy drinking. In the present case, this was interpreted as a constant 
standard deviation. 

The hypothesis is used as a convenient shorthand to estimate the number of 
excessive drinkers in a population: it is a lot easier to estimate the mean than the 
variance of consumption. Whatever the merits of the hypothesis, it is clearly 
meant to say something about the long thin tail of the distribution curve, but 
abstainers do not exist for the Ledermann model. 

In PREVENT, abstainers do exist. The standard data set assumes, on epi
demiological evidence, a U-shaped relationship between alcohol intake and risk 
of IHD, with moderate drinkers being the reference population, and abstainers 
and excessive drinkers having a relative risk of 2. Now, if one assumes a con
stant standard deviation while shifting the mean of the distribution, one will 
necessarily get a lower proportion of abstainers when the mean increases. And 
if the distribution is skewed enough, the proportion of abstainers turning into 
moderate drinkers will greatly outnumber the proportion of moderate drinkers 
becoming excessive drinkers. While this will indeed result in a higher mortality 
from cirrhosis, accidents, and IHD among excessive drinkers, this increase is 
swamped by the decrease in mortality from THD due to the lower risk in ab
stainers who become moderate drinkers. So the reported health benefit of in
creased alcohol consumption comes from the highly improbable proposition 
that abstainers have the same price elasticity for alcohol as drinkers do. A 
completely inelastic demand of abstainers is surely closer to the truth. 

This experience left us with some questions: 

• How could this mishap occur? 

The researchers used a hypothesis that is incompatible with the assumptions 
underlying the input data set that comes with PREVENT. They viewed 
PREVENT as a black box, evidently not questioning results sufficiently, even 
when they seemed illogical. 

• How serious is it? 

We think it is not very serious, because most readers will deem the conclu
sions unrealistic. However, the suggestion that these unrealistic estimates 
originate from PREVENT may have blemished PREVENT's reputation. 

• Could it have been avoided? 

This question is much harder to answer. We did comment on a draft version 
of the final report and pointed out the problem, but the researchers chose to 
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publish the results anyway. One might even get philosophical about it and 
formulate a corollary of Murphy's Law: Whichever way a model can be 
abused, it will. When you make expert knowledge available to non-experts, 
you should not expect them to become experts. 

We learned from this experience that it is crucial to keep a close watch on 
serious applications of the model. In most cases this has proved unnecessary: 
most users apparently know what they are doing. And we are convinced that the 
benefits outweigh an occasional accident. But some accidents will happen. So 
the moral of this story is: when you distribute a model, be prepared for unex
pected results. 

Recommendations 

Epidemiology has sometimes claimed to be a basic science for public health. 
Results from theoretical and empirical epidemiological work can, indeed, be 
used to provide information essential to public health decisions. To be of use 
for policy making, however, epidemiological data often need to be interpreted. 
Such applied epidemiology will often necessitate a simulation model. Global 
modelling for policy purposes with epidemiological data is possible and useful. 
Health policy making with such public health models can improve priority set
ting by providing more precise quantification of effect estimates, but it will also 
require precise target setting, and an investment in the collection of data which 
are essential to such an exercise. 

This project was a first step on the road from aetiological and intervention 
research to the implementation of these results in health policy making. It 
shows that the health benefits of preventive interventions may differ from those 
expected from the traditional measures of effect. However, to make future re
sults more realistic further research will be necessary, especially concerning the 
inclusion of possible changes in curative care in a more comprehensive public 
health model. 
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Modelling Latent Effects in any Association between 
Oral Contraceptives and Breast Cancer 

K. McPherson 

Introduction 

The epidemiological results of investigations into a possible association between 
oral contraceptives (QC) and breast cancer appear quite conflicting. Several 
well-conducted cohort studies suggest rather strongly that long-tenn QC use is 

. not associated with any change in breast cancer incidence, with the possible ex
ception of one study. Most case control studies also indicate overall no partic
ular grounds for concern, with some important exceptions. Vital statistics, in 
the fonn of mortality rates or registration rates, also are reassuring, but again 
with one or two non-trivial exceptions. 

This paper reviews the epidemiological evidence to some extent, although its 
main purpose is to discuss the implication of particular kinds of biological 
mechanisms in interpreting the epidemiology. Epidemiological studies tend to 
be interpreted by assuming that a possible disease-causing mechanism has im
mediate effect. Thus it is assumed, often implicitly, that if QC use does have an 
effect on breast cancer, such an effect is essentially spontaneous. Therefore, any 
study which indicates no association is taken, perhaps mistakenly, to mean there 
is no causative effect, whereas a more precise interpretation might be that there 
is no effect which manifests itself immediately or in the short tenn. Clearly, 
such evidence does not exclude a delayed effect, unless much relevant exposure 
occurred a long time before the events recorded by the study. 

For many chronic diseases, such as breast cancer, time delays between expo
sure to risk factors and diagnosis of disease may be as long as several decades. 
New and rapidly changing exposures, such as the use of OCs, may therefore be 
associated with great uncertainty in the interpretation of their epidemiological 
relationships. In the example discussed here, the implications are important, 
firstly because QC use is common and, secondly, because breast cancer is the 
most frequent female cancer among Western communities. Since a biological 
association is, a priori, highly plausible, the potential for a large ultimate at
tributable risk is extremely important. 

Clearly, such uncertainties cannot finally be resolved until sufficient time has 
elapsed to enable definitive study of any delayed relationship. In the interim 
period, however, several investigations can throw important light on scientific 
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and policy questions. These concern the modelling of plausible effects with a 
view to understanding their importance in contemporary epidemiology, so that 
current studies can be interpreted more completely. Until sufficient time has 
elapsed, the main problem will be a paucity of relevant data. It is therefore as 
well to understand the arguments against these hypotheses, and the precision of 
current studies. Finally, it is helpful to investigate the method of analysis that 
will reveal any delayed effects. 

Above all, it is essential to know what kinds of effects are, or are not, consis
tent with the observed contemporary relationships. That is, to what extent are 
individual studies consistent with an important delayed effect, and to what ex
tent are the many apparent inconsistencies due to a delayed effect. 

Evidence about an Association between DCs 
and Breast Cancer 

Many epidemiological studies have been made of the relationship between OC 
use and subsequent breast cancer risk. Most show no immediate association, and 
this evidence has been considered to be reassuring. Breast cancer is one of the 
commonest cancers among women in the developed world, and clearly has a 
hormonal aetiology. Hence any observed epidemiological association with OC 
use would be both plausible and extremely important. 

Cohort studies, which were mostly begun in the 1960s, soon after OCs be
came available, have shown little cause for concern. They did not show long
term OC use to be associated with any change in breast cancer risk [1]. Only 
one cohort study [2] has reported an elevated risk of use of OCs, but only for 
breast cancer at a young age. A useful review of this association by Prentice 
and Thomas [3], using meta-analysis, shows a relative risk about unity for OC 
use and breast cancer risk. This appears to be true both among long-term OC 
users and among women using OCs ten to twenty years before diagnosis. 

The overall summary of case control studies included in the review by 
Prentice and Thomas also suggested no extra risk associated with OC use for 
many years before diagnosis, but a relative risk of about 1.3 for prolonged use 
before first full-term pregnancy. Schlesselman [4] has also described an increas
ing risk with increasing duration of exposure before first full-term pregnancy, 
based on an average of all published studies. 

Several case control studies have been published [5-9], which appear to show 
an association between OC use at a young age (described as early OC use) and 
breast cancer. But such studies are by no means unanimous, and several others 
r 10-121 seem to show no association. 
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Women using QCs before first full-term pregnancy, or at a young age, 
clearly are an important subgroup in this context. However, it should be noted 
that it is a subgroup of the total exposed population and tQ some extent is data
derived. Many plausible subgroups could be investigated for this association, 
and this one has been emphasized partly for the reasons discussed. 

The most recent results of the UK National Case-Control Study, among 
women under the age of 36, estimated a relative risk of up to 1.7 for eight 
years of total QC use. Being recent, it includes the most up-to-date information 
on the association for a high proportion of very young QC users. It is impor
tant to recognize that there is a necessary association between exposure to QCs 
at a young age and being currently young (see below). 

The association of QCs and breast cancer could be of major public health 
significance if such risks, found among under-35 year olds, are not confined to 
this age. There have been large changes in the extent, timing, and type of QC 
use by different cohorts, so that any association of early QC use is difficult to 
study reliably. This is particularly so since QC use at different times in a 
woman's life may have quite different effects on breast cancer risk. 

Some [13] have argued persuasively that the positive associations in the liter
ature may be due to survey biases inherent in observational case control study 
methodology. It is difficult to exclude such an explanation from particular ob
servational studies, and hence they remain plausible causes of some or all of the 
discrepancies. It is also possible, however, that the largest apparently negative 
study [Ill has been incorrectly reported as being negative [14, 15]. 

The fact that recent worrying studies are all case control studies may reflect' 
the fact that cohort studies, which were mostly started in the late sixties, con
centrate on QC use at that time among women who were users then. 
Paradoxically, as we shall see, this may make them less relevant than contem
porary case control studies. 

The Possibility of Latent Effect 

The notion that a latent effect could be important has received some attention 
[16, 17]. A latent interval could include an induction period, during which time 
a single cancer cell is evolving, and a pre-clinical period, the time between the 
first cancer cell and the diagnosis of cancer. If we examine epidemiological 
studies of breast cancer, several features emerge as being possibly relevant to 
an association with QCs. A relatively young age at menarche carries a higher 
risk [5], as does late age at first full-term pregnancy [18]. Breast cancer is very 
uncommon at ages younger than the mid-forties, and hence age at menarche or 
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first child birth, if primary risk factors, must operate with a latent interval of 
thirty years or more in some cases. 

Diethylstilboestrol (DES), a drug introduced in the 1940s and 50s to prevent 
miscarriage, has been shown to be associated with an increase in subsequent 
breast cancer incidence. One study [19], among 3 000 exposed women and 
3 000 similar women who were not exposed to the drug, showed a relative risk 
of about 2 associated with exposure, after 40 years of follow-up. After 20 years 
there was no divergence in the cumulative breast cancer incidence curves 
between exposed and unexposed. Hence any epidemiological investigation un
dertaken among these women during the first 20 years after exposure would 
have shown an estimated relative risk of around unity. 

It is therefore entirely plausible that OCs could be associated with a delayed 
effect on breast cancer incidence. Hence it remains plausible that contemporary 
epidemiology is yielding biased estimates of what may turn out to be the great
est relative risk. These may be termed analytical biases, as opposed to survey 
biases referred to by Skegg [13] since, if present, they arise from inadequate 
implied models of disease causation used in the analysis. Conventional statistical 
analysis implicitly assumes that exposure has an immediate effect on risk. If 
OCs affect early-stage carcinogenesis when used at a young age, or act as co
initiators by affecting mitotic activity [20], then any alteration in observed risk 
might not occur for 20 years or so after accumulated use. Anderson et al. [21] 
have demonstrated an increased rate of mitotic activity in the endothelial cells 
of the breast among young women taking OCs. This increase was confined to 
nulliparous women, hence a particular effect of OC use before first full-term 
pregnancy, for biological reasons, remains plausible. 

Use Patterns of Oral Contraceptives 

OCs have not been used in a consistent way since they were introduced in the 
early 1960s. At first, they were used largely by married women, mainly for 
family planning. This is because, at that time, it was difficult for unmarried 
women to be prescribed OCs. Patterns of use gradually changed during the 
early sixties, and later, during the swinging sixties, all sorts of cultural expec
tations and social behaviour changed dramatically. In the UK, the early seven
ties witnessed a sharp rise in the prevalence of OC use among teenagers; from 
around 15% of sexually active single women aged under 20 in 1970, to 50% by 
1975, and nearly 80% by 1980 [22,23]. During this period the dose has de
creased, and the kinds of synthetic hormones used have changed. 

The important point is that widespread use of OCs by women in their teens 
(described here as early use) is a recent phenomenon, and is more recent in 
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some communities than in others. There is some evidence to suggest, for in
stance, that use of OCs by young women started in the USA more recently than 
in the UK [17,24]. Very little can now be said about the effect of early OC use 
on breast cancer risk at age forty or over, simply because the women who have 
been exposed are only now reaching this age. 

Simulation and Modelling 

The Simulation Model 

A computer programme was used to simulate individual exposure to OCs, and a 
subsequent diagnosis of breast cancer, in hypothetical cohorts of women born in 
each calendar year from 1930 to 1965. To estimate the prevalence of exposure 
to OCs, we analyzed the data from 2 246 controls included in case control 
studies of breast cancer, conducted in Oxford between 1968 and 1984. We also 
used data from the RCGP pilot study of contraception [25]. The controls were 
women who were matched within five years of age with breast cancer cases 
being treated in hospital; some were also matched by parity. The selection of 
controls is described in detail elsewhere [26]. We derived the distribution of 
these women who had been exposed to OCs before first full-term pregnancy by 
calendar year of birth (see Table 1). 

Table 1. Early QC use (before full-time pregnancy) by birth cohort and duration (expressed 

as %) 

OCuse Year of birth 19-

(years) ~29 30-34 35-39 40-44 45-49 50-54 55-59 60-64 65-69 

0 99 97 94 86 59 43 5 4 17 

<4 1 3 5 12 29 43 63 58 81 

~4 0 0 2 12 14 32 39 2 

n 621 646 268 496 154 48 147 426 447 

In the simulation, each woman was assigned randomly, according to those 
proportions, to one of three groups describing her exposure to OCs: never 
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used, used for up to 4 years, or used for 4 or more years. Incorporated into the 
simulation were the England and Wales age-specific risks of breast cancer [14], 
so that each woman generated had the appropriate age-specific incidence ap
plied to her. The incidence for a woman exposed to QCs was multiplied by a 
factor some time (the latent interval) after her exposure. We chose two hypo
thetical associations of early exposure with breast cancer incidence. The first 
assigned a relative risk of 1.4 to up to 4 years' DC use and 3.0 to 4 or more 
years' DC use, and the second assigned double these risks, i.e. 2.8 and 6.0, re
spectively. 

The latent interval determined the point after QC exposure at which the inci
dence of breast cancer was multiplied by this relative risk. Data on mean age at 
first QC use, by year of birth, were obtained by interpolation and extension of 
figures from QC use before first full-term pregnancy among controls in our 
studies. For any woman, age at first QC exposure was determined randomly 
from a Gaussian distribution with the appropriate mean, and a standard deviat
io~ of 4 years, subject to the constraints that this age was not less than 15 years, 
and that QCs had not been used before the year 1962. The time at which the la
tent interval began was arbitrarily taken as 3 years after the start of QC use for 
women with 0-4 years' exposure, and 5 years after the start for those with 4 or 
more years' exposure. 

Five separate patterns of latency were considered. The first was no latent in
terval. The remaining four consisted of a variable latent interval with a 
Gaussian distribution and: 

• mean 5 years, standard deviation 2 years 

• mean to years, standard deviation 4 years 

• mean 15 years, standard deviation 4 years 

• mean 20 years, standard deviation 4 years. 

A Gaussian distribution was chosen because latency could be the sum of sev
eral independent random time-delay processes, such as a sub-clinical period, a 
prolonged carcinogenic process, or the sum of the times between successive 
stages and the final stage in a multi-stage process. The stated standard deviations 
were chosen so that, at least for some average latencies, there was effectively a 
minimum latent period. The evidence already cited does suggest that no excess 
cancers in an exposed group need be observed for the first ten or fifteen years. 
An exponential and a lognormal distribution [27] with similar mean durations 
were also considered. 

Cases of breast cancer were generated by this micro simulation. For each 
case thus generated, a random control without breast cancer was selected, of the 
same age and fully comparable with respect to all other risk factors except QC 
use. These matched pairs were then used for the analysis of simulated matched 
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case control studies, conducted at particular times up to the end of this century 
and among women of particular ages. 

Results 

This model can thus provide insights into how latency can confuse the interpre
tation of epidemiology. The extent of the effect is surprising, and might even be 
considered alarming, in the absence of hard evidence. However, while some 
studies show no evidence of a delayed effect, others do [9, 28]. The apparent 
conflict between studies could be due to differences in the time at which early 
QC use became common among young women. If, for example, such use is 
more recent in one country than in another, then obviously, if there is a latent 
effect, the estimated relative risks may be correspondingly different. 

Straightforward statistical arguments indicate that contemporary studies of 
this association will lack precision if the delay period is around 20 years, be
cause it is rare to find relevant exposure which occurred sufficiently long ago. 
In one recent study [28], only 1.4% of 351 controls aged less than 45 had used 
QCs prior to first full-term pregnancy more than 20 years before the diagnosis. 
of their age-matched case. This represented only five women, none of whom, 
moreover, had accumulated prolonged use by this time. Thus such apparent in
consistency is consistent with a latent effect. 

In general, if there were an effect of the kind described above, then the ob
served relative risk associated with a given exposure would be expected, firstly, 
to increase with increasing age at diagnosis and, secondly, to increase as recent 
exposure was omitted. Both of these characteristics are true of two recent stud
ies. For example, in the most recent National study, the estimated relative risk 
increased with age, from].5 at age less than 30 to 2.0 at age 34-35. Moreover, 
as recent QC use is excluded as an exposure variable, so the estimated relative 
risk increases. 

If, for instance, one postulates that long-term use of QCs before first full
term pregnancy ultimately increases the risk of breast cancer threefold, but that 
the time between this effect and diagnosis is 15 years, with a standard deviation 
of 4 years, then studies which include women of different age-groups, based 
on QC use patterns shown in Table 1, should yield 'estimates of relative risk as 
shown in Table 2. 

The recent estimate of a relative risk of 1.3 for four years of QC use among 
women under the age of 35 is wholly consistent with an ultimate risk of three 
and a delay of only 15 years, on average, between accumulated exposure and 
diagnosis. This was almost exactly the risk observed in the UK National study 
from 1982 to 1985. 
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Table 2. Estimated relative risk of ~ 4 years' 

early exposure among women of different ages 

if the latent interval is Gaussian with mean and 

standard deviations as shown, and if the 

ultimate relative risk is three 

Latent period 
(years) Age 

Mean sd 25-29 30-34 35-39 40-44 

None 3.0 3.0 3.0 3.0 
5 2 1.8 2.2 3.0 3.0 

10 4 1.0 1.9 2.3 2.7 
15 4 1.0 1.3 1.8 2.3 
20 4 1.0 1.0 1.3 1.4 

Similarly. if the use patterns 
by birth cohort shown in Table 1 
are a true reflection of actual use 
in the UK. then the estimated 
relative risk observed in case 
control studies. including only 
women of such an age as to have 
been exposed while young. would 
progress as in Figure 1 if the av
erage latent interval is 15 years. 
The confidence limits in Figure 1 
reflect the increasing age of 
breast cancer cases and controls 
who may have been exposed 
while young. as time progresses. 

Thus increasing power will 
become available to test these hy
potheses. A full tabulation of the 

point estimates under the various assumptions is shown in Table 3. 
If this model is at all realistic. then cancer incidence will only change grad

ually as the cohort of women who have used OCs for prolonged periods while 
young reach an age where breast cancer becomes relatively common. Simu
lations again indicate the extent of this effect, using exactly the same assump-
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Fig. 1. Unbiased estimates of relative risk of ~ 4 years of 

early QC use relative to calendar time, if an effect is delayed 

by an average of 15 years with a standard deviation of 4 

years 

tions as before. Because 
patterns of early OC use 
change with time, the pre
dicted changes among par
ticular age-groups might 
be as shown in Table 4. It 
can be seen that only small 
changes in incidence would 
be expected. even if the re
lative risk were ultimately 
as high as three. 

This is an unsatisfac-
tory state of affairs, be
cause no detectable change 
in the incidence by 1985 
might be expected. even if 
there is an important as-
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Table 3. Estimated relative risk of ;;;:4 years of QC use with calendar time, including only 

women who have been, or will be, exposed. if the true relative risk is three 

Latent period 

(years) Calendar period 

Mean sd 1975-1979 1980-1984 1985-1989 1990-1994 1995-1999 

None 3.0 3.0 3.0 3.0 3.0 
5 2 2.4 2.6 2.7 3.0 3.0 

10 4 1.6 1.4 2.1 2.8 3.0 
15 4 1.2 1.6 1.8 2.1 2.6 
20 4 1.0 1.0 l.l 1.6 2.0 

sociation. Incidence figures which 
have been published for 1985 are Table 4. Percentage increase in incidence of 

not inconsistent with Table 4. breast cancer among women of different ages 

There are some increases among attributable to early QC use. if the ultimate 

young women, which are not relative risk associated with such use is three, 

consistent or worrying in them- with an average delay of 15 years 

selves. 
Fortunately, recent work from 

Age 
New Zealand [29] contradicts these 

Year 35-39 40-44 45-49 50-54 
pessimistic arguments but does not 
refute them, because the power 
against plausible risks remains very 1981 0 0 0 0 

low. The massive CASH study from 1982 1 0 0 

the USA is often cited as strong 1983 2 1 0 0 

evidence against such an effect, 1984 5 2 0 0 

based on the assumption that it 1985 7 4 1 0 

showed no effect of early QC use 1986 10 5 2 0 

[15]. It is no longer clear that it 1987 13 6 3 

does [14], although clarification is 1988 17 9 5 

stiU awaited. Moreover, the evi- 1989 21 12 7 2 

dence does suggest that early QC 1990 25 16 10 3 

use started about five years later in 
the USA, and as the study was 

1995 41 36 31 14 

done in the early 1980s, an es- 2000 52 68 53 42 
timated relative risk of unity must 
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be interpreted like an estimated relative risk of unity in 1975 in the UK. Both 
are wholly consistent with an ultimate relative risk of three, combined with a 
latent period of 15 years. 

The analytical methods for investigating a latent effect involve manipulation 
of the definition of exposure. Normally, in studies of OC use and chronic 
disease, a category of exposure is defined such as four or more years of use 
before first full-term pregnancy. Thus subjects either do or do not fall into this 
category; the relative risks are calculated from the numbers of cases and con
trol, in each exposure category. As already indicated, such analyses assume 
there is an immediate effect. 

If one wishes to investigate a latent effect, then clearly the exposure variable 
must take on another dimension of definition which reflects the temporal rela
tionship between exposure and disease, for example four or more years of use 
more than ten years before diagnosis. In matched case control studies, such a 
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~ 4 
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• 
~ 3 

I a: 2 
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o 2 4 6 8 10 12 14 16 

Years before diagnosis 

Fig. 2. Estimated relative risk of ~ 4 

years of early QC use when excluding 

accumulated use prior to diagnosis for 

cases, and the equivalent date for controls. 

The black line represents simulations for a 

hypothetical study conducted in 1980-1984 

with a true relative risk of 3.0 and an aver

age delay of 15 years, and the dotted line 

represents a relative risk of 6. The black 

dots represent the actual analysis of 

McPherson et al., 1987 [6] for QC use 

before first pregnancy. Since the data are 

sparse, however, the confidence limits on 

every dot include the simulation lines. 

definition can be accommodated by 
taking the diagnosis date for the case, 
and the date when the control was the 
same age as the matched case at time of 
diagnosis. When investigating a latent 
effect, and when one has little prior 
information about the length of the 
latent interval, it is better progres
sively to extend the period between 
exposure and diagnosis. Thus OC use 
within two years of diagnosis is first 
excluded, then within four years, and 
so on. On each occasion the categories 
of duration will change, as parts of the 
total duration of OC use are excluded. 

In this way, a latent effect would 
manifest itself by an increasing esti
mate of relative risk as recent use was 
progressively excluded. Using the sim
ulation model such an effect can be 
seen in Figure 2. Each period on the 
abscissa represents increasing ex
clusion. To investigate such an effect 
in real life is straightforward in prin
ciple, but the data are as yet extremely 
sparse for the reasons discussed. 
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Diabetes Population Projections 

F. Hauser and M. Andel 

Introduction 

Diabetes mellitus is rarely the immediate cause of death. but is an important 
underlying factor leading to the main cause of death. The late clinical compli
cations of diabetes cause a substantial deterioration in the quality of life. and the 
disease represents an important risk factor for a number of serious illness. such 
as atherosclerosis, renal failure, and hepatitis B. 

The number of diabetics is continuously growing throughout the world, but 
the reasons for this are not yet entirely clear. However, those concerned with 
health care planning and financing would like to have reasonably reliable fore
casts in order to ensure that the necessary resources are available. Diabetics 
need, above all, antidiabetic drugs, diagnostic instruments and materials, thera
peutic instruments, certain high-technology facilities, and well-trained medical 
personnel. 

Future health care needs can be estimated in various ways. Any sophisticated 
approach must take into account the health status of the population, which for 
diabetes can be expressed in terms of the incidence and prevalence of the 
disease and the mortality of diabetics. Forecasts of diabetes prevalence can then 
serve as a basis for estimating needed resources. 

The most often used types of health projections have been surveyed by Lopez 
and Hakama [1]. Apart from subjective methods (e.g. the Delphi method), and 
methods based on the processing of a single variable (time-series extrapolation), 
most health projections are concerned with either incidence or mortality. The 
models used in such projections incorporate the effects of other variables which 
are thought to represent risk factors for the disease in question. 

Several authors have studied the combined effect of incidence and mortality 
trends on changes in prevalence. Simple models of this type were developed at 
the International Institute for Applied Systems Analysis (IIASA), for studying 
the epidemiology of lung cancer, chronic obstructive lung disease, and 
ischaemic heart disease [2. 3, 4]. An example of a rather complex model is the 
work of Parkin on cervical cancer [5]. In diabetology this approach was used by 
Herman et al. [6], based on a very rough age structure, and by us [7]. 
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The Model 

The evolution of the diabetic population is described by means of a medico
demographic simulation model. Medical aspects of the population structure 
were added to the type of population projection commonly used in demo
graphy. The population is classified, not only by sex and age, but also by health 
status. 

The population projection is calculated by the programme MULTISPOM r8]. 
This represents a compartmental model described by difference equations. 
Using time steps of one year, it calculates the yearly evolution of the age-sex 
structure of a popUlation, divided into several categories of health status. These 
categories have to be defined so that each is directly related to at least one other 
category, and so that each member of the study population can be assigned to 
just one category at any given moment. Individuals can move from one health 
status category to another, the transition rates being determined by coefficients 
which, in general, are dependent on external factors. 

Untreated diabetes mellitus is diagnosed by chronic elevation of the concen
tration of glucose in the blood (hyperglycaemia) [9J. In reality, however, dia
betes is the symptom of several distinct diseases due to several causes. Although 
a fully satisfactory classification has not yet been created, the one adopted by 
the WHO Expert Committee on Diabetes Mellitus is general1y accepted. This 
distinguishes two main types of diabetes mellitus: insulin-dependent (Type 1) 
and non-insulin-dependent (Type 2) [9J. Despite some diagnostic problems, each 
type has a different aetio-pathogenesis, and consequently a different incidence, 
prevalence, and mortality. Differences also exist in risk factors, genetics, pos
sibilities of prevention, and therapy. 
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Fig. 1. A medico-demographic model of diabetes 

The model takes these dif
ferences into account, and dis
tinguishes three health status 
categories (Fig. 1): Type 1 dia
betics, Type 2 diabetics, and 
non-diabetics. In the first year 
of the projection, the complete 
population composition by age, 
sex, and health status category 
has to be specified. For this 
purpose, the number of people 
in the general population, and 
the prevalence of the two types 
of diabetes must be known. In 
calculating the population struc-
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ture for the following year, the model takes into account age-specific fertilities 
in each health status category, the sex ratio of newborn babies, perinatal 
mortality, and the probability of being born in a particular health category. 
Transitions between health categories are determined by age- and sex-specific 
incidence and mortality rates. 

Prevalence and Incidence of Diabetes 

The epidemiology of Type I diabetes has been studied in many European 
countries. Most studies of its prevalence and incidence cover the age range 
from birth to 14 or 19 years, and few extend to 29 years. Surveys of some re
cent studies can be found [10, 11]. Significant geographical differences have 
been found in Europe, with a higher incidence and prevalence in the north than 
in the south. Increasingly detailed data are becoming available as computer 
registries are established. It is apparent that registries of Type 1 patients are 
highly suitable for epidemiological studies, because almost all cases can be 
identified by routine methods. 

Very few studies, in Europe or elsewhere, have been made of Type 2 dia
betes. The main reason is the difficulty of identifying cases in the population 
according to WHO criteria [12]. Incidence was studied in the UK by Barker et 
al. [13] and in Sweden by Ostman et al. [14]. In some countries prevalence was 
estimated, but in fairly small regions. In the former German Democratic 
Republic (GDR) and in Czechoslovakia, Type 2 diabetics have been registered 
and dispensed treatment, and a system of reporting has provided prevalence 
data, for many years. A more elaborate system in the former ODR provided 
age-specific prevalence and incidence rates of the two diabetes types [15]. 

Incidence might depend on certain risk factors, but most risk factors for dia
betes are known only on a qualitative level. When quantitative information, 
confirmed by several studies, becomes available, the model will have to be 
made more detailed to include it. This is the case for the HLA-DR3 and/or 
HLA-DR4 alleles of the major histocompability complex in Europeans, an 
established risk factor for Type 1 diabetes, or for obesity, an established risk 
factor for Type 2 diabetes. As the model becomes more complex, however, 
other data become necessary which are less readily available. 

Mortality of Diabetics 

Of the three epidemiological variables - prevalence, incidence, and mortality -
mortality is the most troublesome. It is generally accepted that the mortality of 
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diabetics exceeds the mortality in the general population, but reliable quantitat
ive data are difficult to obtain. 

Treatment of children with Type 1 diabetes has substantially improved since 
the introduction of insulin in 1922. Nevertheless, mortality remains signifi
cantly higher than in non-diabetics [16]. Before the introduction of insulin the 
mortality was 386 per 1 000, and the average life expectancy after diagnosis 
was only 1 or 2 years. After insulin therapy came into use, the mortality 
dropped to 61 per 1 000 within four years [17]. The mortality has been de
creasing ever since, but is still about seven times higher than that of non
diabetic children [18]. Similar excess mortality has been found up to middle age 
[19,20], and a marked increase was observed after the age of 35. 

Continuous improvement in the mortality complicates the evaluation of long
term prospective follow-up studies, which would otherwise be expected to 
provide the best results. One problem with the use of long-term studies or those 
performed long ago [21, 22] is classification. In studies performed before the 
WHO classification was adopted, age at diagnosis was the only criterion for de
termining diabetes type [23]. 

Most studies of mortality of Type 2 diabetics classify patients according to 
age at diagnosis. A rare exception is the Finnish prospective study by Reunanen 
[24]. A further problem with Type 2 diabetes is that some cases are unaware of 
their disorder. A survey of all-cause mortality studies published before 1986 
was made by Panzram [23]. 

From the viewpoint of the model shown in Figure 1, most studies of diabetes 
mortality have certain drawbacks. The most serious is that the presented mor
talities are not age-specific. Age dependence is sometimes considered, but data 
are presented in an inconvenient form such as cumulative mortality or sur
vivorship. Finally, many articles provide data only on cause-specific mor
talities, most often on coronary heart disease or cerebrovascular disease. 
Mortality data for the model thus remain a big challenge. 

Until now, there has been little information relating potential risk factors to 
subsequent mortality of diabetics. The few results available suggest that mortal
ity risk. factors are not significantly different in diabetic and non-diabetic popu
lations [25]. 

Conclusions 

Attempts to make projections for the diabetic population have two aspects. One 
is to study the kinetics of this population and unravel the nature of its growth. 
The other is to forecast, as reliably as possible. future population size as a basis 
for the objective assessment of health care needs. 



Diabetes Population Projections 87 

The approach to projection which we adopted is based on disease prevalence 
calculated from age- and sex-specific incidence and mortality rates. This ap
proach implies certain special requirements for epidemiological data, and re
quires some knowledge of aetiology. Expert knowledge and assumptions have 
to be used to complement or substitute for weak or absent epidemiological data. 

By specifying new data requirements, the modelling process contributes to 
the development of a health care information system, and helps in the planning 
of further epidemiological studies. The health care information system itself is 
rapidly improving, owing to developments in computers and computer net
works, with ever-increasing access to growing amounts of disaggregated data. 
These conditions favour the construction of more detailed epidemiological 
models, which more closely represent reality. 

In the case of diabetes, attempts should be made to study regional differences 
in incidence and try to explain them. A much deeper knowledge is needed about 
risk factors related to the incidence of diabetes and the mortality of diabetics. 
Of major importance is the identification of those factors which could be influ
enced by primary prevention programmes. 

The rising cost of drugs is causing increasing concern among those who are 
responsible for health care financing and planning. Drug consumption depends 
on a number of factors, the most important of which is the population's health 
status. Projections of the diabetic population provide the most direct way of es
timating the need for diabetic care. This has led to practical applications of the 
model. The model has been quantified for the Czech RepUblic, and the diabetic 
population projection has been used for estimating the future needs of insulin 
[26] and oral hypoglycaemic drugs [27]. 
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Mortality and Morbidity Projections: Lung Cancer 

M. Rusnak, S. Scherbov and B. Cider 

Introduction 

The health status of a population is a matter of growing interest to all those 
concerned with medical services. Many factors will affect the demand for 
health services up to the year 2000. A deep understanding of the relationships 
between factors which contribute to increases in morbidity is essential in order 
to influence the overall health of the population effectively. The health situation 
in rich countries is determined by a rising prevalence of noncommunicable 
diseases, despite a decline in mortality for some, e.g. cardiovascular diseases. 
Similar features are now emerging in other countries concerning the epidemi
ology of noncommunicable diseases, even in regions where communicable 
diseases are still the most important ones. Epidemiology, hand in hand with 
clinical medicine, is providing a growing amount of new information. The ef
forts and resources spent on collecting data are enormous. Multi-centre con
trolled intervention trials last for several years and require substantial invest
ments in manpower, technology, and money. However, the benefits derived for 
clinical and health care management procedures do not keep pace with the 
growth of new information. Methods for applying the evidence which is col
lected for health care management are still being developed, and only a few of 
them are in daily routine use. 

As a result of intensive epidemiological research carried out during the last 
20 years, it is now generally accepted that lung cancer is a disease of modem 
civilization, and is largely preventable. In the first decade of this century, lung 
cancer was an uncommon tumour. This is in sharp contrast with facts from the 
last ten years. In 1977, the World Health Organization reported that, in many 
countries, death rates from cancers other than lung. cancer were either station-· 
ary or declining in both males and females. In 1979, the American Cancer 
Society reported that the overall incidence·of cancer had decreased slightly over 
the past 25 years, but that there was an increased death rate in men, mainly the 
result of lung cancer. 

The aetiological factors in lung cancer are divided into personal air pollu
tants (smoking) and non-personal ones (which include atmospheric contami
nants and industrial exposure). Tobacco smoking is considered to be the most 
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potent aetiological factor in the development of bronchogenic carcinoma. The 
suggestion that smoking. and cigarette smoking in particular. may be important 
in the incidence of lung cancer has been made by many authors. even though 
controlled and large-scale clinical studies are lacking. The incidence of lung 
neoplasms correlates directly with population density. urbanization. industrial
ization. and tobacco smoking. 

All the facts mentioned above suggest that we are facing a real epidemic of 
lung cancer. Obviously we are interested in the future evolution of this process. 
The most important questions are: how effective could preventive campaigns 
be, assuming different approaches? Where should preventive efforts be concen
trated: on the younger or the older part of a population. on men or women. on 
smokers or non-smokers? A mathematical description of processes taking place 
in the affected population could help in answering such questions. and in fore
casting future developments in epidemiology of the disease. 

We have used the effects of smoking on lung cancer development to illustrate 
two different methods of projecting the future development of mortality and 
morbidity in a country. The first method is based on a multi-state population 
model. and the second on a simple matrix model. Both models provide a user
friendly man-machine interface. based on menus and windows. 

M ult; - State Approach 

The IIASA Population Program has studied the possible changes in morbidity 
and mortality associated with a reduction in the prevalence of smoking. The 
first model for this purpose was developed at IIASA in 1986 [1]. Since then 
greater experience with the model has been acquired. new data have been col
lected. and the idea of a new model arose. The idea of using a multi-state ap
proach. originally developed for demographic purposes. arose from discussions 
with demographers at the IIASA. Multi-state population models have recently 
become popular in studies of many aspects of demographic transitions. such as 
migration. marriage. and changes in health status. social status. and occupation. 
Previous experience with demographic applications of the DIALOG model [2J. 
with its user-friendly man-machine interface. supported the idea of applying it 
to the study of lung cancer mortality and morbidity. 

The effect of smoking'on morbidity. mortality. and life expectancy was 
studied on data from Slovakia. The results of expected changes in the smoking 
population were forecast. With these forecasts. it is possible to predict the pos
sible long-term effects of interventions. plan anti-smoking campaigns. and eval
uate smoking control programmes. 
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DIALOG System 

The DIALOG software system for multi-regional, multi-state population pro
jections has resulted from methodological research being done at the 
International Institute for Applied System Analysis (IIASA), in collaboration 
with the All-Union Research Institute of Systems Studies, in Moscow [2]. The 
model is based on a mathematical description of multi-state population dy
namics. It provides opportunities to prepare alternative scenarios, vary the pa
rameters of the model during the modelling procedure, and obtain intermediate 
results. The system uses a simple, menu-based command language. It allows the 
user to control the modelling procedure, displays the results in a variety of 
forms, and permits flexible scenario setting. 

The DIALOG system is modular in design. This allows flexibility in updating 
the system, and in changing old modules or adding new ones to the system to 
solve different tasks. The demographic model itself is represented as a separate 
unit. The control module generates the main table of model variables, switches 
control between other modules, and checks the memory distribution. All mod
ules are interconnected through the control module. 

During model initialization, the file with the initial data is read. The initial
ization unit calls the demographic model, and all variables of the model are cal
culated for the initial year. This allows the user to analyze demographic indica
tors for the first year, immediately after initialization. The scenario setting 
module provides for control of certain variables in the form of time series. In 
DIALOG, the control variables (or scenario variables) are the exogenous pa
rameters of the demographic model used by the model at each simulation step. 
The set of control variables which is defined for a given time interval is called 
a scenario. ~cenario setting can be performed in the interactive mode, or by 
calling a previously stored file. There is also an option to store scenarios, which 
were set in the interactive mode, in a file for future use. To the extent that sce
nario variables depend on a particular model, a scenario is set using variable 
names. There is also an opportunity to set scenarios for the main demographic 
indicators, such as life expectancy, total fertility rate, etc., without using special 
names for variables. After the user has defined all exogenous variables, their 
values are entered in a special table. At each step during simulation, all scenario 
variables are assigned values in accordance with their definition prior to calling 
the demographic model. Each new initialization of the model cancels the previ
ously set scenario. 

The simulation module provides the following functions at each step of simu
lation: for the current time, it assigns values for scenario variables, calls the 
demographic model, and controls simulation. A simulation step coincides with 
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length of age cohort. while the simulation interval may consist of one or more 
simulation steps. Simulation can be performed for several time intervals. After 
completing the simulation of one time interval, the user may define the final 
time for the next time interval. 

The data representation module presents data either at each simulation step 
(by writing data in the results file). or for the current time at the end of a simu
lation interval (output is to the terminal's screen). Information is presented in 
the form of tables and graphs. The DIALOG system was designed for IBM per
sonal computers or compatibles. 

The data used in the simulation of lung cancer were from the Slovak Socialist 
Republic of Czechoslovakia (Slovakia). Data from Slovakia were used because 
reliable data on smoking were available from a recent population survey, and 
data on lung cancer incidence and mortality were also available. The principal 
source of population data used was the official demographic statistical yearbook 
for Czechoslovakia, 1983. The data on smoking were from a survey on smok
ing in Slovakia done by Katriak et al. [3]. The coefficients for the transition 
from smoker to quitter were estimated from the results of the Harnmond study 
of ex-smokers r 4]. Information on the risk of lung cancer was lacking for 
Slovakia. so we used the results of a case-control interview study of lung cancer 
carried out in five European countries [5]. The data on lung cancer risk for 
non-smokers were taken from Enstrom [6]. 

Tablet. Types of DIALOG output 

Tables 

Age-specific rates 

Gross rates 

Expectancies 

Birth, death s 

Transition flows 

Population by special age 

Category 

Summary table 

Population distribution 

% population distribution 

Graphics 

Population histogram 

Age-specific fertility 

Age-specific mortality 

Pie chart by state 

Population pyramid 

Results 

The model was run first for 
basic projection. Projection 
from 1983 to 2003 was done 
without any changes to pa
rameters. We tried to see how 
the lung cancer situation 
would appear if no changes 
were introduced during the 
period covered by the sim
ulation. The results of the sim-
ulation can be displayed in 
tabular or graphical form. 
Table 1 gives a summary of 
possible outputs. 

The change in gross mortal
ity rates over time for all four states is summarized in Table 2. 



Life expectancies at birth for 
people remaining in each of the 
four states are displayed in 
Table 3. When no scenario was 
introduced, there were no 
changes in life expectancies 
over the years of simulation. 
The only noticeable changes 
were in total life expectancy; 
this was due to a change in the 
sex ratio. 

Table 4 shows the propor
tions of people in four states 
and in the years 1983 and 2013. 
The tendency for males to quit 
smoking, in contrast to females 
who keep on smoking, is reflec
ted in the projected data. A sim
ilar feature has been observed 
in many other European coun
tries. 

Conclusions 

The main lesson to be drawn 
from the results presented 
above is that it is rational to use 
a model to describe the epide-
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Table 2. Gross mortality rates for 

all states in the initial year, and 

projection to year 20 13 

Year 

State 1983 2013 

Nonsmokers 2.920 2.906 

Smokers 4.461 4.176 

Quitters 3.158 3.072 

Lung cancer 21.866 21.627 

Table 3. Life expectancies at birth (years) for 

people in different states 

State Male Female Total 

Nonsmokers 38.416 45.348 42.448 

Smokers 14.565 10.455 12.635 

Quitters 10.344 14.727 11.559 

Lung cancer 0.077 0.077 0.060 

Total 63.403 70.557 66.702 

miological .characteristics of chronic diseases, and lung cancer in particular. 
The major problem encountered is non-availability of data. A typical situation 
is that not all the data required by the model are at hand. We had to use data 
from other countries, as well as expert estimates. The results of the Seven 
Countries Study [71 showed that, for cardiovascular diseases, predictions from 
one region are reasonably accurate for another region if similar conditions 
apply in both regions. Although the diversity of initial data resources has led to 
some discrepancies in projections, the results seem plausible as indicators of 
general trends in a population. The possibility of introducing a different 
scenario may be of value to the researcher who wishes to study the effects of 
assumed changes or interventions, although it was not attempted in this paper. 
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Table 4. Observed and projected proponions (%) of nonsmokers, smokers, quitters, 

and lung cancer cases in three age-groups, by sex 

Year 

1983 2013 

State Sex 0-14 15-64 ~65 0-14 15-64 ~65 

Nonsmokers M 51.0 43.0 6.0 40.7 54.6 4.7 

F 31.6 56.4 12.0 31.8 55.6 12.6 

T 39.1 51.2 9.7 35.7 55.2 9.2 

Smokers M 3.3 90.6 6.1 1.6 92.4 6.0 

F 2.5 93.9 3.6 3.1 91.4 5.5 

T 3.0 91.6 5.4 2.2 92.0 5.8 

Quitters M 0.8 77.8 21.4 0.1 78.1 21.8 

F 1.2 84.9 13.9 0.1 84.0 15.8 

T 0.9 80.5 18.6 0.1 81.0 18.8 

Lung cancer M 0.1 35.2 64.7 0.0 33.0 67.0 

F 0.0 22.1 77.9 0.0 19.0 81.0 

T 0.0 34.0 65.9 0.0 30.6 69.4 

LeA Model 

With the aim of forecasting lung cancer morbidity based on risk factors, we 
developed a dedicated model of lung cancer incidence, mortality, and preva
lence forecasts. depending on the smoking habits of a population. The proposed 
model is based on the following assumptions: 

• Smoking of cigarettes is generally recognized to be the principal cause of 
lung cancer. We treat this factor as the only one which causes lung cancer. 
This assumption has led us to ignore other possible aetiological factors. such 
as air pollution and alcohol abuse. which have not yet been definitely proved. 
but it allows us to emphasize the important role of anti-smoking campaigns in 
reducing the disease. 
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• Many different smoking habits exist: cigarettes or other types of smoking; 
low, medium, or high-tar cigarettes; the depth of inhalation, etc. This model 
takes no account of such differences. 

The whole population is divided into four groups: non-smokers, current 
smokers, quitters, and those who already suffer from lung cancer. Coefficients 
describe the risk of lung cancer onset for non-smokers, smokers, and quitters. 
Transitions between groups are also marked by coefficients. 

The population forecast is based on a simplified concept of population dy
namics. Using Pi./t) to denote population at time t, sex i, and age-group j, the 
equation used is: 

Pi,j (t) = Pi,j (t-1) + a - 0.2 Pi,j (t-1) - Iij Pi,j (t-1) i = 1,2 j = 1, ... ,1 8 

and if j = 1 then a = number of births 

j> 1 then a = 0.2 Pi,j'! (t-1) 

j = 18 then Pi,j(t-I) = O. 

The death rate is the total death rate for the population, denoted by I, the 
mortality rate for non-lung cancer cases is I and lung cancer mortality rate is i. 
One can write: 

I=I+i. 

In order to describe the dynamics of the populations at different risk, we 
have to introduce some more variables: 

ni,j (t) = number of non-smokers with sex i, age j, at time t 

Si,j (t) = number of smokers with sex i, age j, at time t 

qi,j (t) = number of quitters with sex i, age j, at time t , 

Coefficient ptjj describes the risk of lung cancer onset for non-smokers with 
sex i, age j (per 100 000 persons). Coefficients p2jj and p3 jj stand for the same 
type of risk, but for smokers and quitters, respectively. Transitions between 
groups are marked by the coefficients Tt ij for transition from non-smokers to 
smokers and T\ for transition from smokers to quitters. 

One can derive the following equations for the forecast of lung cancer devel
opment in non-smokers, smokers, and quitters: 
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! !-
ni,j (t) = ni,] (t-l) + a - (T ~j +c + P i,j + Ii,j ) ni,j(t-I) 

and if j = 1 

j> 1 

j<18 

then a = number of births 

then a = 0,2 ni,j_! (t-1) 

then c = 0,2 

j, C = 18 then c = 0 , 

and if j = 1 then a = 0 

j> 1 then a = 0,2 Sij.! (t-1) 

j < 18 then c = 0,2 

j = 18 then c = 0, 

2 3 
qi,j (t) = qi,j (t-I) + a + T i,jSi,j (t) . (p i,j + C + Ii,j) qi,j (t -1) 

and if j = 1 then a = 0 

j > 1 then a = 0,2 qi,j.! (t-l) 

j < 18 then c = 0,2 

j = 18 then C = 0 , 

i = 1,2 j = 1, .. ,,18 

i = 1,2 j = 1, .. ,,18 

i=I,2 j=I, .. "I8 

The dynamics of lung cancer prevalence, Li,j (t), can be expressed as: 

I 2 3 -
Li,j (t) = L;,j (t-l) + P i.j ni,j (t-I) + P i,j'i,j (t-1) + P ij qij (t-l) + a - ( I i,j" Ii,j + C ) Li,j (t-l) 

i = 1,2 j = 1, ... ,18 

and if j=I thena=O 

j > 1 then a = 0,2 Lij.! (t-l) 

j<18 thenc=O,2 

j = 18 then c = 0 , 

Input Data 

All input data and results were stratified by sex and age, in 18 age-categories, 
The initial lung cancer prevalence was estimated from data on lung cancer inci
dence, according to the following formula: 

Pi,j (t) = 2 Ni,j (t-1) - Ii,j (t) Pi,j (t-l) 

where Pij (t) stands for lung cancer prevalence at time t, for sex i and age-cate-
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gory j. Lung cancer incidence is represented as Ni •j (t) for sex i and age j. 
Finally, t,j (t) is the lung cancer mortality rate for sex i and age j. All the para
meters were stratified over time t. 

The input data were identical with those for the DIALOG model described 
above. 

Results 

The forecast of male 
lung cancer morbidity, in 
five age-groups from 50 
to 74 years, is shown in 
Figure 1. The decrease of 
morbidity over the years 
is most pronounced in the 
older age-groups. The time 
interval for projections 
was 12 years, starting in 
1985. 

Figure 2 depicts data 
for the female population. 
The curve is of a differ-
ent shape, showing a 
more stable trend com
pared with the curve for 
males, suggesting that fe
males are more sensitive 
than males to risk from 
smoking. This agrees with 
the findings from many 
clinical and epidemiolog
ical studies. 

Except for the oldest age
group, a decrease in the 
first two years is followed 
by a gradual reduction of 
morbidity with minor fluc
tuations. 
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nario 

Several scenarios were tested, most of which concerned the situation after a 
successful anti-smoking campaign. The reduction of smokers was represented 
by changed values of transition coefficients, namely transitions from smokers to 
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quitters. The other possibility we tested was limitation of risk of smoking, due 
to the introduction of more efficient cigarette filters or low-tar tobacco. 
Scenario testing is a primary role for models of this kind, where hypotheses 
concerning the consequences and efficacy of interventions are being investi
gated. 

Conclusions 

The model was run using several scenarios. The original assumption of model 
sensitivity to minor changes was not proved. However, the results of the model 
confirmed the general notion that the relationship between smoking and lung 
cancer is a complex one. It is irrational to expect dramatic changes in smoking 
behaviour in the developed countries. In addition to public education, several 
therapeutic methods are used to cure those who wish to stop smoking. 
Programmes for the early detection of lung cancer, which could improve sur
vival, are very expensive and mass screening is not recommended as a cost-ef
fective measure. This is why smoking cessation may be the only way to stop the 
increase in lung cancer incidence and mortality. 
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Coronary Risk Factors as Predictors of Work Disability 
and Mortality 

M. Heli6vaara, A. Rissanen, P. Knekt, A. Reunanen and A. Aromaa 

Introduction 

Considerable efforts are being made to promote public health awareness and 
treatment programmes for coronary risk factors, in particular smoking, blood 
pressure, and serum cholesterol. The substantial contribution of these factors to 
the incidence of coronary disease, cerebrovascular disease, and cancer has been 
amply documented in prospective population studies from industrialized coun
tries. Prom the public health point of view, morbidity leading to premature dis
ability is also an essential outcome criterion in assessing the overall impact of 
these risk factors. So far, no prospective population studies have focused on this 
criterion. 

The aim of our study was to investigate smoking, body mass index (BMI), 
diastolic blood pressure, and serum cholesterol level for their prediction of 
work disability and mortality. 

Population and Methods 

This study is part of a comprehensive project known as the Social Insurance 
Institution's Mobile Clinic Health Examination Survey [1-5]. The aim of the 
prospective cohort study was to identify factors predicting disease, and to assess 
their impact. In 1966-1972, over 57 000 men and women participated in a 
health examination in various parts of Finland. The 34 study regions, dis
tributed over the whole country, included urban populations, rural populations, 
and factory employees. The examined groups consisted of either the whole 
population of a community, or a random sample of it. The participation rate in 
the survey was 82%. Details of the study population survey methods, and base
line results have been presented previously [1-3]. 

Baseline health examination by the Mobile Clinic included measurements of 
height, weight, and blood pressure; ECG; chest X-ray; and biochemical deter
minations including serum cholesterol level. Information about medical history, 
occupation, smoking, and other factors was collected using standard question
naires and interviews. 
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Morbidity and mortality of all examinees have been followed up con
tinuously. Copies of all death certificates were obtained from the Central 
Statistical Office of Finland [2]. The study covers the period from the initial 
examination until 31 December 1982, denoting a mean follow-up of twelve 
years. The 19420 women and 22469 men who were aged 25 or over at the 
bealth examination were included in the follow-up analyses. Altogether, 6 766 
deaths occurred during 515230 person-years of follow-up; of these, 3936 
deaths were due to cardiovascular diseases (Table 1). 

Table 1. Follow-up experience of the Social Insurance Institution's Health Examination 

Survey until 31 December 1982 

Women Men 

25-64 ~ 65 25-64 ~ 65 

Mortality 

Persons 16919 2501 20654 1 815 

Person-years 220832 24919 254530 14949 

Deaths, all causes 1178 1306 3007 1275 

Deaths from CVD 615 867 1 718 736 

Work disability 

Persons 12052 19076 

Person-years 146839 221 141 

New national invalidity pensions, all 1710 2995 

New national invalidity pensions due to CVD 483 1 177 

Data on new national invalidity pensions granted during the follow-up were 
collected from the Social Insurance Institution's pension register, using a unique 
personal identification number to link the records. This nationwide register 
covers data on practically all invalidity pensions. The first day of sick-leave, 
continued as persistent inability to work, was considered as the beginning of 
retirement. The primary diagnosis in the doctor's statement for the disability 
pension was considered as the cause of disability, whatever the disease causing 
the previous sick-leave. The follow-up experience of work disability refers to 
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the period of observation from the time of the initial examination until early 
retirement, death, age of 65 years (the general age of retirement in Finland), or 
the end of the observation period (31 December 1982), whichever came first. 
Among the healthy population of 31 128 women and men, who were in em
ployment and free from perceived work disability at the time of the health ex
amination, 4 705 new invalidity pensions were granted during 367 980 person
years of follow-up; 1 660 of these were due to cardiovascular diseases 
(Table 1). 

An exponentialloglinear survival model, an adaptation of the Cox's life-table 
regression model, was used to analyze the association between the initial levels 
of risk factors and subsequent morbidity and mortality [6]. The results were 
expressed as adjusted relative risks (RRs) with 95% confidence intervals (95% 
CIs), estimated on the basis of the model. The impacts of risk factors on mor
tality and on incidence of work disability were expressed as population at
tributable fractions [7]. These were calculated on the basis of the adjusted relat
ive risks. 

Results 

Male smokers aged 25-64 years at entry had a two-fold risk of dying (Table 2), 
and a two-fold risk of developing work disability (Table 3), as compared with 
non-smokers. The fractions of mortality and work disability in men attributable 
to smoking were over 50%, i.e. all-cause mortality and the incidence of work 
disability in the male population would have been only half of that observed, if 
the risk for all men had been the risk for those who had never smoked. The 
impact of smoking was smaller among women (Tables 2 and 3). 

In men, daily smoking of 15 cigarettes or more was associated with work 
disability from cardiovascular (adjusted relative risk, RR = 2.7) and respiratory 
(RR = 5.1) diseases, as well as from accidental injuries (RR = 3.1) and back 
pain (RR = 2.1). These rates were highly significant (p < 0.001) compared with 
non-smokers. 

In the young and middle-aged (25-64 years at entry) women and men, BMI 
(weight/height2) was positively associated with the risk of dying from cardio
vascular diseases, but negatively associated with the risk of dying from other 
diseases combined. The association of BMI with total mortality was weakly U
shaped. Despite its weak association with longevity, BMI was an important 
predictor of work disability (Table 4), in particular due to cardiovascular 
diseases and osteoarthritis (data not shown). The fraction of work disability at
tributable to a BMI exceeding 25 was substantial (27%) in the female popula
tion, in which overweight was prevalent, and considerable (7%) among men. 
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Table 2. Relative risk l (RR) and 95% confidence interval (95% Cl) of mortality from all 

causes by smoking history in men and women aged 25-64 at entry 

Smoking 

Men 

Never 

Stopped 

Pipe or cigar 

< 15 cigarettes / day 

~ 15 cigarettes / day 

Women 

Never 

Stopped 

< 15 cigarettes / day 

~ 15 cigarettes / day 

% RR 

28.3 1.0 

17.6 1.1 
4.3 2.2 

19.3 1.8 

30.4 2.7 

80.5 1.0 

4.2 1.2 

12.6 1.5 
2.6 2.0 

1 Adjusted for age, area, and body mass index 

(95% Cl) 

(0.8-1.5) 

(1.5-3.1 ) 

( 1.4-2.3) 

(2.2·3.4) 

(0.9-1.7) 

(1.3-1.9) 

(1.4-2.8) 

Population 

auributable 

fraction (%) 

0.3 

4.7 

13.6 

34.5 

0.9 

6.4 

2.4 

} 528 

} 8.8 

Elevated diastolic blood pressure was closely associated with the risk of death 
from cardiovascular diseases, and substantially contributed to total mortality in 
both the female and male population aged 25-64 at entry. In the fourth and fifth 
quintiles of diastolic pressure, the relative risks of dying women were 1.4 (95% 
Cl = 1.1-1.6) and 1.8 (1.5-2.1), and in men 1.3 (1.2-1.5) and 1.8 (1.6-2.0), 
respectively. The fraction of total mortality attributable to these quintiles was 
20%. The mortality rates according to systoHc pressure followed a similar 
pattern (data not. shown). As expected, elevated blood pressure and medica]]y 
treated arterial hypertension were highly potent predictors of work disability 
due to cardiovascular diseases, and contributed also significantly to the total in
cidence of work disability (Tables 5 and 6). 

High levels of serum cholesterol were significantly associated with deaths 
from cardiovascular diseases in women, and particularly in men aged 25-64 at 
entry, but seemed to be protective against deaths from other causes. Elevated 
levels of cholesterol also were associated with disability pensions granted on the 
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Table 3. Relative risk! (RR) and 95% confidence interval (95% Cl) of work disability by 

smoking history in men and women aged 25-64 at entry 

Smoking 

Men 

Never 

Stopped 

Pipe or cigar 

< 15 cigarettes per day 

~ 15 cigarettes per day 

Women 

Never 

Stopped 

< 15 cigarettes per day 

~ 15 cigarettes per day 

% 

25.8 

21.6 

4.3 

18.6 

29.6 

80.0 

3.9 

13.2 

2.8 

RR (95% Cl) 

1.0 

1.4 (1.3- 1.6) 

2.0 (1.6-2.4) 

1.7 ( 1.5-1.9) 

2.4 (2.1-2.6) 

1.0 

1.1 (0.8-1.4 ) 

1.5 (1.3-1.7) 

1.4 ( 1.0-1.9) 

Population 

attributable 

fraction (%) 

8.5 

4.0 

1 1.5 

28.6 

0.3 

6.1 

1.1 

} '" 

} 7.4 

1 Adjusted for age, area, occupation, serum cholesterol, blood pressure, and body mass index 

basis of cardiovascular diseases (Table 7), but not with work disability due to 
other diseases. 

In older men (> 65 years at entry), smoking continued to carry a signifi
cantly increased risk of dying (1.5-fold total mortality compared with men who 
had never smoked), but in older women the frequency of smoking was too low 
to be analyzed for its predictive significance. Diastolic blood pressure was sig
nificantly associated with all-cause mortality in the elderly, for both women and 
men (in the fifth quintiles, RRs = 1.5 and 1.3, respectively), but serum choles
terol and BMI were not. 

Discussion 

Our cohort represented fairly well the Finnish adult population at large; the 
distributions of socio-demographic factors and age-specific mortality rates were 
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Table 4. Relative risk l (RR) and 95% confidence interval (95% Cl) of work disability by body 

mass index in men and women aged 25-64 at entry 

Population 

Body mass attributable 

index (kg/m2) % RR (95% Cl) fraction (%) 

Men 

< 22.0 14.2 1.0 

22.0 - 24.9 35.1 1.0 (0.9-1.1) 

25.0 - 27.9 31.8 1.1 (1.0-1.2) 2.4 

} 71 
28.0 - 30.9 14.2 1.2 (1.0-1.4) 2.6 

31.0 - 33.9 3.8 I.3 (1.1-1.6) 1.3 

;:;: 34.0 0.9 1.8 (1.3-2.4) 0.8 

Women 

< 22.0 20.2 1.0 

22.0 - 24.9 29.7 l.l (0.9-1.3) 2.9 

} 270 

25.0 - 27.9 24.9 1.4 (1.2-1.7) 9.1 

28.0 - 30.9 14.4 1.6 ( 1.3-1.9) 8.0 

31.0 - 33.9 6.6 1.9 (1.5-2.3) 5.6 

~ 34.0 4.2 2.1 (1.6-2.6) 4.4 

I Adjusted for age, area, occupation, and smoking 

very close to those of women and men in the whole country [1, 2]. The follow
up covers all deaths and invalidity pensions. Some generalized conclusions may 
be warranted about the impact of coronary risk factors, based on the present 
data. No comparable data are, to our knowledge, available from other coun
tries. Since only modest differences exist between Finland and many industrial
ized countries with regard to general living conditions and the prevalence of 
coronary risk factors, the coronary risk factors may have health implications of 
similar magnitude for other populations. A considerable proportion of mor
bidity leading to death, and to work disability in particular, could be prevented 
if the risk factor levels could be modified. 

Smoking, a potent risk factor for a number of fatal or disabling diseases, is a 
major contributor to both disability and premature mortality_ However, the 
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Table 5. Relative risk l (RR) and 95% confidence interval (95% Cl) of work disability (due to 

any cause) by blood pressure in men and women aged 25-64 at entry 

Blood pressure 

Men 

Normal 

Slightlyelevated2 

Moderately elevated3 

Arterial hypertension4 

Women 

Nonnal 

Slightly elevated2 

Moderatelyelevated3 

Arterial hypertension4 

% 

45.1 

45.3 

2.9 

6.8 

47.6 

36.8 

3.1 

12.5 

RR (95% Cl) 

1.0 

1.0 1.0-1.1) 

1.2 ( 1.0-1.5) 

1.5 (1.3-1.7) 

1.0 

1.1 (1.0-1.3) 

1.2 (1.0-1.6) 

lA (1.2-1.6) 

Population 

attributable 

fraction (%) 

2.1 

0.6 

3.0 

4.2 

0.8 

5.0 

} 5. I 

} 10.0 

I Adjusted for age, area, occupation, smoking, body mass index, and serum cholesterol 

2 Systolic > 140 or diastolic > 90 

3 Systolic > 160 and diastolic > 95 

4 Systolic > 170 and diastolic > 100, or anti-hypertensive medication 

population-attributable fractions based on our study may be overestimated. as 
smoking was shown to predict work disability not only from cardiovascular and 
respiratory diseases. but also from accidental injuries and back pain. These as
sociations suggest indirect and non-causal mechanisms in the relationships. 
which hamper an assessment of the true preventive potentials. 

Elevated levels of blood pressure and serum cholesterol carry substantially 
increased risks of work disability and death due to cardiovascular diseases. The 
impact of high blood pressure on public health has previously been described 
and discussed in detail [1]. But the predictive value of serum cholesterol for all
cause mortality and all-cause disability is limited. The negative association be
tween elevated serum cholesterol levels and non-cardiovascular mortality is 
mainly due to cancers [8J. However, the increased occurrence of cancer at low 
cholesterol levels seems to be due to pre-clinical cancer, since the negative as-



108 M. Heliovaara et al. 

Table 6. Relative risk l (RR) and 95% confidence interval (95% Cl) of work disability due to 

cardiovascular diseases by blood pressure in men and women aged 25-64 at entry 

Population 

attributable 

Blood pressure % RR (95% Cl) fraction (%) 

Men 

Nonnal 45.1 1.0 

Slightly elevated2 45.3 1.4 0.2-1.6) 15.3 

} 29.6 Moderately elevated] 2.9 2.2 (1.7-2.8) 3.4 

Arterial hypertension4 6.8 2.8 (2.3-3.4 ) 10.9 

Women 

Nonnal 47.6 1.0 

Slightlyelevated2 36.8 1.9 ( 1.4-2.4) 24.2 

} 54.8 Moderately elevated] 3.1 3.0 (2.0-4.6) 5.8 

Arterial hypertension4 12.5 3.6 (2.7-4.9) 24.9 

I Adjusted for age, area, occupation, smoking, body mass index, and serum cholesterol 

2 Systolic > 140 or diastolic > 90 

] Systolic > 160 and diastolic > 95 

4 Systolic > 170 and diastolic > lOO, or anti-hypertensive medication 

sociations are strongest during the first years of follow-up, especially for 
rapidly developing cancers [8]. 

Overweight carries an increased risk of work disability and contributes sub
stantially to disability in both sexes, especially in the female popUlation, in 
which severe overweight is prevalent. Though modest overweight has little im
pact on longevity [9, 10], it is a major preventable and treatable cause of ill 
health and disability in affluent populations [5]. 

To sum up, the coronary risk factors predict both premature mortality and 
work disability, but through differing disease patterns and with varying power 
according to age and sex. This should be considered when applying generalized 
morbidity models to the concept of healthy life expectancy. 
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Table 7. Relative riskl (RR) and 95% confidence interval (95% Cl) of work disability due to 

cardiovascular diseases by serum cholesterol in men and women aged 25-64 at entry 

Serum Population 

cholesterol attributable 

(mg/dl) % RR (95% Cl) fraction (%) 

Men 

~230 31.4 1.0 

231 - 250 16.0 1.2 (1.0-1.5) 3.1 

} 31." 
251 - 280 22.3 1.4 (1.2-1.7) 7.9 

281 - 310 15.8 1.7 (1.4-1.9) 9.5 

> 310 14.5 1.9 (1.6-2.2) 11.2 

Women 

~230 30.6 1.0 

231 - 250 15.8 1.0 (0.7-1.3) -0.6 

} 3 .• 
251 - 280 22.2 0.9 (0.7-1.2) -2.4 

281 - 310 15.3 1.1 (0.8-1.4) 0.8 

>310 29.6 1.4 ( 1.1-1.8) 6.1 

I Adjusted for age, area, occupation, smoking, blood pressure, and body mass index 

Summary 

Smoking, serum cholesterol, blood pressure, and body mass index (kg/m2) were 
studied for their prediction of work disability and mortality in a sample of 
adults from 34 communities in various parts of Finland. In 1966-1972, a total 
of 41,889 people aged 25 or over (19 420 women and 22469 men) partici
pated in the Social Insurance Institution's Mobile Clinic Health Examination 
Survey. Morbidity and mortality of all subjects have been followed up contin
uously, using record linkage with various registers of health care and social in
surance. Data on all deaths and all new national invalidity pensions were ob
tained up to the end of 1982. 



110 M. Heliovaara et al. 

Young and middle-aged (25-64 years at entry) male smokers had a two-fold 
risk of dying and of developing work disability, as compared with non-smok
ers. The fractions of mortality and work disability attributable to smoking in 
the male population of working age were over 50%. The impact of smoking 
was smaller among women. Body mass index (BMI) had little impact on 
longevity but was an important predictor of work disability, due in particular 
to cardiovascular diseases and osteoarthritis. The fraction of work disability 
attributable to a BMI exceeding 25 was substantial (27%) among women, in 
whom overweight was prevalent, and considerable (7%) among men. Elevated 
levels of blood pressure and serum cholesterol were closely associated with the 
risk of death from cardiovascular diseases and work disability due to cardiovas
cular diseases, but not due to other diseases. In older people (> 65 years at en
try), smoking and blood pressure continued to carry an increased risk of dying, 
but serum cholesterol and BMI did not. 

Coronary risk factors predict both premature mortality and work disability, 
but through differing disease patterns and with varying power according to age 
and sex. This should be considered when applying generalized morbidity 
models to the concept of health life expectancy. A considerable proportion of 
morbidity leading to death or work disability could be prevented by modifying 
the risk factor levels. 
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Longitudinal Models of Dis I bility Changes 
and Active Life Expectancy tin Elderly Populations: 
The Interaction of Sex, Age and Marital Status 

K. G. Manton, E. Stallard and M. ~. Woodbury 

Introduction 

Active life expectancy (ALE) has hben used to assess the quality of health and 
functional changes at advanced age~. By adding a qualitative dimension to life 
expectancy calculations demograplltic measures can be made to reflect more 
closely the social and health servic~ needs of an aging population. This type of 
measure has been employed for eva'uating social and health policy in Japan [11, 
in France [2], in Canada [3], and recfntly in the U.S.A. [4]. 

Although they have clear intuiti~ appeal, little effort has been expended to 
develop methodologies for rigorou~ly estimating active life expectancy or to 
refine the concept. There is stilI he*vy reliance on the basic life table method
ology developed for assessing the he~lth of general populations [5]. 

Several aims have been identified, in order to describe better the health and 
functional needs of elderly populati~:ms. One is to define activity and disability 
as a graded concept. Past measures ~ave used a simple dichotomy (i.e., disabled 
or not), which is especially limite~ when applied to populations of advanced 
age, in whom there is significant v*riation in the degree of functional impair
ment. A second aim is to be able td identify multiple dimensions of functional 
ability. This is because there are verY different social and health policy impli
cations for persons who are COgnitiv~· ly disabled but physically capable, persons 
who have impaired mobility due to osteoarthritic problems of the lower limbs, 
and persons who are cognitively i tact but who suffer from extreme osteo
porosis, which limits all physical activities. Thirdly, one must be able to use 
longitudinal data to make unbiased ttstimates of transition rates between graded 

disability states, and of the intera9tion of disability changes with mortality. 
Finally, special measurement proble~s need to be resolved in longitudinal sur
veys of very elderly persons, espec1ally where non-response is related to seri
ous disability [61. 

In this paper we examine how a f~zzy state methodology may be modified to 
deal with these problems, and illust,tate application of the methodology to data 
from a large national longitudinal s rvey, the 1982 - 1984 USA National Long 
Term Care Survey (NL TCS). 
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Methods 

Active Life Expectancy Calculations for Fuzzy States 

In order to calculate active life expectancy for individuals, longitudinal infor
mation is required on disability changes and on the mortality risks associated 
with disability. This information can be represented in a two component multi
variate stochastic process for cohort [7]. The first component of this process de
scribes the multidimensional changes in disability with age or time, t. The fun
damental dynamic equation is 

(i) 

where gil = {giktl are fuzzy state measures of the individual's degree of impair
ment on each of k = 1 , ... , K functional dimensions at age t; eil = (eikd are the 
errors in prediction; gi(l-I) = {gik(l-I)} is the vector of scores at the prior age; 
and Cl-I is the transition matrix. Estimation of the giklS is discussed below. See 
also Manton et a1. [8]. 

In (i) Ct-l represents the age dependent matrix of changes in disability status 
on each of K dimensions between ages t and t-1. Expression (i) represents a 
system of K equations, where there are constraints on Cl-I across equations be
cause the disability scores are constrained such that 

L gik = 1.0 and 0 :0:;; gik :0:;; 1.0 
k 

The vector of giktS represents disability status in terms of its association with K 
profiles, which are derived from J disability measures, where J>K. The 
trajectory of the gibS over age represents a random walk on a K-l dimensional 
simplex defined by K sets of AkjlS, which are coordinates on the J observed 
variables. 

Since the giklS are bounded we cannot directly apply the multivariate 
Gaussian process described by [7]. Instead the diffusion matrix, which generates 
the errors, eiktS, in (i), must be generalized to allow changes in the scale of dif
fusion with age and to reflect boundary restrictions on the fuzzy state space 
(i.e., the diffusion matrix is scaled by both age and position in the state space). 
Since AkjlS which define the state boundaries are generally assumed to be 
age/time invariant, the trajectories of the giktS can be compared at any point in 
time. A more general model, allowing the AkjlS to be functions of age(i.e., 
Akjl(t», has problems of confounding state changes with individual changes in 
state. Thus, one runs into identifiability problems if Akjl are allowed to vary. 



I 

Loo"hudim" Mod,l, ~ Di""'iI." Chru>"" "'" MU", life E,,,,,, ... ,, 115 

I 

The second set of equations reprfsents mortality as related to the functional 
status of persons as indicated on ~e K fuzzy set scores. This is modelled as a 
quadratic mortality function which i~ made age dependent, as, 

! 

/legit) = fgJr Q git) (a eSt) . (ii) 
I 
I 

i 

In (ii) J.l{git) represents the mottality level which is a quadratic function 
(where Q contains the quadratic co~fficients) of disability status at age t. The 
giktS in (ii) are driven by changes i~ the dynamics in (i), i.e., mortality changes 
as a function of the dynamics of te fuzzy disability states. In addition, the 
Gompertz tenn, aeSt represent th~ average effects of unknown risk factors 
associated with age that cause mort41ity to increase more rapidly than indicated 
by the disability scores alone, i.e.) it represents the average effects of age
related unobserved influential facto~s. The smaller the value of e the less is the 
effect attributed to the unobserved ~ariables. If e is reduced to 0.0, then all age 
dynamics are described by (i) and $e hazard function in (ii) is independent of 

, 

age. 
The coefficients in (i) and (ii) clln be introduced into a set of differential 

equations that represent changes in ~th disability and morta1ity by generalized 
life table functions. The average surVival over t to t+ 1 in a cohort of size Lt is, 

I 
I 

(iii) 

where Bl = 1/2 Q eSt, and it and it 4re the mean gilctS in the cohort before and 
after accounting for the mortality ef~ects in (ii), i.e., 

I 

i 

g; = (gt - V~'!Bt gt)/L(gt - v~ Bt g~ 
I k k 

I 
• I 

where <'>k IS the kth element of the ~nc1osed vector, and 
i 

"t f (I + VI B/ vt 
I 

where VI is the variance-covariance ratrix of the giklS. 
These parameters are then updated I using the dynamics in (i), by 

I 

-I- C -* 
't+l = t gt 

Vt+l =IWt+1 S RS Wt+l 

! 

(iv) 

(v) 

(vi) 

(vii) 
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where R is the sample correlation matrix of the giktS after conditioning on age. 
S is a diagonal matrix with the square roots of the ratios of the variances of the 
giktS to the Bemoulli bounds on its diagonal. and Wr+l is a diagonal matrix of 

Bemoulli bounds where W~(t+l) = gk(t+l) . (1 - gk(t+l) ). 

Identification of Fuzzy States 

Equations (iii) - (vii) can be used to construct fuzzy state specific life tables. 
The giktS are latent variables estimated from GoM. a fuzzy set multivariate pro
cedure [9]. This procedure uses maximum likelihood (ML) procedures to esti
mate 

Pr(Yijl = 1.0) = L gik AkJI 

k 

(viii) 

where Yijl is a 0-1 binary variable obtained from a data matrix {Xij} for i = 
1 •...• I cases (persons) and j = 1 •...• J variables using Yijl = 1 if Xij = 1. where 
1=1 •...• Lj are discrete responses. 

The Akj/S are the basis for constructing the simplex in the J variable mea
surement space within which the gikS are constrained. 

To apply the methodology to longitudinal national survey data two additional 
factors need to be taken into account. One is the effect of complex sample de
sign. This is handled by realizing that (a) the AkjlS are estimated conditional 
upon their own set of individual specific state variables (gikt). and (b) since this 
produces appropriate MLEs for the AkjlS it remains only to adjust the giktS by 
post-weighting for their sample selection probability [8]. 

Response rates vary as a function of health and functional status. Thus. we 
can expect bias in the estimates. To make informed adjustments to the giktS we 
used ML procedures. Specifically. because in the NL TCS we have a list sample 
drawn from Medicare administrative records. we know the vital status for 
every person. respondent or not. For respondents we can. within age- and sex
specific cells. estimate the mortality function for the estimated gikt values. Thus. 
for non-respondents we can calculate the mortality rates assuming that the age
and sex-specific rates for respondents applied. If the predicted mortality rate is 
different from the one observed. this suggests that the gik! distribution is dif
ferent for non-respondents than for respondents in the same cell. The ML pro
cedures indicate how the gikt distribution for non-respondents should be altered 
[81. This will tell us how to re-normalize the weights for respondents to cor
rectly adjust the gikt distribution for non-response bias. 



I 

Longitudinal Models 01 Disability Changes and Active Ufe Expectancy 117 

Morbidity Changes and Fuzzy State Systems and their Respondence 

I 
One may wish to simulate changesl in the age-dependent multivariate disable
ment process due to morbidity onslet. changes in social status. or some other 
aspect of behaviour. One approach ~s to realize that the moments of the gik pa
rameters are consistently estimablt1 [to]. and that the gikt distribution can be 
used in subsequent statistical analy~es and simulations. This provides a way of 
estimating how disability would ~ altered if. for example. morbidity were 
changed. Specifically. we can estim~te how the distribution of disability would 
be affected if certain statuses or con~itions were eliminated. 

This is done in two stages. First we determine how the initial distribution of 
j I 

the giktS at age to, is altered. Secondj we determine how the transition matrix Cl 
in (i) and (vi) is altered. : 

Let m= 1 , ... , M denote the classes'of a discrete variable D. such that Dim = I 
implies that individual i is in Class I m. Let Pmt be the age specific probability 
that Dim =1. independent of i. Then , 

_! ~ _(m) 

gk1 = £..J Pmt gkt 
m 

(ix) 

where gft') is the conditional mean If gikt, given that Dim = 1. The elimination 
of Class m from the population yields the altered mean 

I 

_(iii) \or. _In) ~ 
gkl = ~ Pnl gkt / £..J Pnt (x) 

f"'" n .. m 

I 
which may be used to determine the linitial cohort mean giklS at age t = to. 

To compute the transition matrix Ct = {Clcltl in (i). we define gik/l as the joint 
membership in Classes k and I of thel GoM model at ages t and t+ 1 respectively. 
Following Manton et al. [8J. let I 

(xi) 

where gklt is the age-specific mean o~ gilc/t. Letting g~T/ be the conditional mean, 
given Dim=1. we have i 

(xii) 
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and upon elimination of Class m from the population: 

(xiii) 

Hence 

(xiv) 

Defining C~m) = (c~7t)}, we can replace Cl in (vi) to obtain a modified cohort life 
table consistent with (x). 

This is done in the example to generate life tables specific to the marital sta
tus categories, married and non-married. In this example, however, we also es
timated QI stratified by marital status, so that the entire analysis separated into 
two independent components. This was done because the presence of a spouse 
could have a direct effect on reducing mortality risks, as well as indirect effects 
on mortality through Cl. 

More generally, instead of Dim (a discrete indicator of whether the person 
had the mth status or condition) we could estimate Siw, a set of W fuzzy set 
scores independently estimated from J* social (or other) variables, where 
W < J*. Suppose we estimated Siw from a GoM analysis of income, education, 
living arrangements, marital status, family size, etc. Then we would relate the 
W dimensions that describe those measures to disability as 

(xv) 

where SWI is the mean of Siw at age t and g~7) the conditional mean of gikt, given 
that Siw =1. Similarly, 

(xvi) 

where the ratio (xvi) to (xv) yields Ckll as in (xi). 
In this case the transition matrix Cl is parameterized through SWI asa 

function of social as well as medical diagnoses and other variables. This reduces 
the parameterization to the information in Swt. so that an intervention is 
modelled by specifying how SWI changes. In the case that one component of a 
dichotomous variable is deleted, one need only recompute the mean SiwS for the 
retained component, replacing SWl in (xv) and (xvi). More generaJIy, these 
forms of equations can be used to embed multiple fuzzy state representations of 
relevant subsystems in simulation and forecasting procedures in a way that is 
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both dimensionally parsimonious +d restricted to a metric that is natural for 
describing discrete attributes. 

Data 

The data used are drawn from the ~ 982-1984 NL TCS. This survey of elderly 
Medicare recipients is drawn from cl list sample which allows tracking mortal
ity and Medicare service use of all, persons in the sample - including non-re
spondents. The disability dimension~ were determined from 27 functional mea
sures. From the 27 measures, 6 fUfzy classes were formed which can be de-
scribed as follows [6]: . 

1. Nonchronical functionally i~paired 

2. Functionally intact with insirumental activities of daily living (IADL) 
associated with cognitive fun~tioning 

3. Limited IADL limitation an1 moderate physical impairment 

4. High degrees of physical im~airment and some IADL impairment 

5. Frail elderly (i.e., moderatel ADL impairment) but no cognitive limi-
tation ! 

6. Highly impaired in ADL, IADL and physical functioning. 

A seventh discrete class was as~igned to institutional members of the list 
sample gi7 = I, else gi7 = O. Medicalre administrative records identified mortal
ity for both the 1982 and 1984 sa~ples for two years after the end of the sur
vey period (i.e., a total four-year pelriod, 1982 to 1986). 

! 

Results 

i 

Results are presented for ALE, fori married and unmarried US males and fe-
males. There is literature on marita, status differences in mortality in the USA 
[Ill but marital status has never lx\fore been linked longitudinally to detailed 
di sablement processes. 

Disability Dynamics: Age and 
Fuzzy State Transitions 

I 
~arital State Specific 
! 

Two types of matrices are requiref to calculate ALE from (iii) to (vii). The 
first are transition matrices, which ~re functions of marital status (and could be 
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made functions of other domains of interest) and age. These matrices, evaluated 
at age 75, are presented in Table 1 and Table 2. 

In the male table there is a large difference (9%) in the likelihood of remain
ing healthy for two more years at age 75 between married (95%) and unmar
ried (86%) males. The majority of unmarried males who lose their active status 
go to Class 5 (frail with multiple pulmonary and cardiovascular problems) and 
into institutions. For Classes 2 and 5, the likelihood of remaining independent 
was preserved equally well for married and unmarried males. The risk of go
ing to institutions in most classes (but not Class 1 or 5) is slightly higher for 
married males. For Classes 3, 4, and 6, institutionalized unmarried males are 
more likely to return to a healthy state. Thus, if initially healthy, married males 
are more likely to remain so than unmarried males. If in a disabled state, how
ever, unmarried males are more likely to return to a healthy state. This is be
cause married males have higher survival rates in impaired states. 

Married females are a little more likely to remain healthy than are unmar
ried females. In contrast to males, married females are more likely to return to 
a nondisabled state at all levels of impairment. Likewise, the likelihood of insti
tutionalization is also reversed, with unmarried females more likely to be insti
tutionalized. 

The age dependence of the transition matrices is shown in Table 3, which 
contains two-year transitions for persons starting in the healthy class at ages 65, 
75, 85, and 95. 

There is little difference for married and unmarried females in the age-spe
cific transitions, though there is a decline in the proportion that remain healthy 
over two years, and large increases in persons in institutions and in most dis
abled states. 

Married males, in contrast, show a greater likelihood of remaining active 
over two years than unmarried males - a preservation of functional ability is 
maintained at all ages. Unmarried males end up with higher rates of institu
tionalization. 
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Table 1. Male specific disability state transitions evaluated for married and unmarried persons at 

age 751 

Class at time 2 

2 3 4 5 6 Institution-

Healthy """ Mt;: Hav, Frail Highly alized 

. co~itive . ph ~ical . phy~ical impaired 

Class at time I Impamnent unp nt unpamnent 

Healthy I 

Married 0.950 0.009 0008 0.003 0.0\ 1 0.013 0.006 

Unmarried 0.864 0.0\3 0008 0.010 0.039 0.018 0.049 

2 Early cognitive 

impairment 

Married 0.500 0.190 0.099 0.024 0.061 0.094 0.034 

Unmarried 0.500 0.184 0.040 0.057 0.076 0.144 0.0 

3 Moderate physical 

impairment 

Married 0.411 0.092 0.098 0.059 0.161 0.086 0.093 

Unmarried 0.489 0.031 0.081 0.015 0.258 0.092 0.032 

4 Heavy physical 

impairment 

Married 0.263 0.074 0.071 0.145 0.210 0.142 0.092 

Unmarried 0.483 0.100 0.033 0.043 0.172 0.081 0.088 

5 Frail 

Married 0.518 0.047 q.049 0.052 0.176 0.126 0.031 

Unmarried 0.525 0.001 9.027 0.053 0.281 0.058 0.056 
I 

I 

6 Highly impaired I 

Married 0.338 0.049 0.033 0.034 0.049 0.374 0.124 

Unmarried 0.488 0.014 0.033 0.029 0.123 0.234 0.080 

Institutionalized 

Married 0.212 0.003 0.0 0.0 0.016 0.0 0.770 

Unmarried 0.246 0.009 0.022 0.011 0.059 0.0 0.654 

1 Source: 1982 - 1984 National Long Term ClU"e Survey 
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Table 2. Female specific disability state transitions evaluated for mr.rried and unmarried persons at 

age 751 

Class at time 2 

2 3 4 5 6 Institution-

Healthy Early Moderate Heavy Frail Highly alized 

cognitive physical physical impaired 
Class at time 1 impairment impairment impairment 

Healthy 

Married 0.927 0.008 0.011 0.038 0.018 0.013 0.018 

Unmarried 0.919 0.013 0.016 0.011 0.019 0.009 0.013 

2 Early cognitive 

impairment 

Married 0.478 0.067 0.059 0.066 0.140 0.131 0.059 

Unmarried 0.372 0.130 0.079 0.053 0.107 0.059 0.201 

3 Moderate physical 

impairment 

Married 0.500 0.057 0.132 0.090 0.123 0.074 0.023 

Unmarried 0.447 0.053 0.125 0.093 0.094 0.075 0.114 

4 Heavy physical 

impairment 

Married 0.541 0.079 0.051 0.075 0.074 0.158 0.023 

Unmarried 0.458 0.030 0.083 0.147 0.065 0.117 0.100 

5 Frail 

Married 0.406 0.042 0.117 0.088 0.250 0.089 0.008 

Unmarried 0.399 0.051 0.075 0.069 0.272 0.079 0.055 

6 Highly impaired 

Married 0.446 0.070 0.076 0.189 0.057 0.134 0.028 

Unmarried 0.279 0.058 0.045 0.074 0.118 0.303 0.123 

Institutionali7.ed 

Married 0.344 0.0 0.0 0.082 0.0 0.002 0.573 

Unmarried 0.184 0.010 0.018 0.017 0.023 0.010 0.732 

1 Source: 1982 - 1984 National Long Term Care Survey 
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Mortality Functions 

The second set of matrices are the quadratic mortality functions. The coef
ficients from the matrix Q evaluated at age 75, are presented in Tables 4 and 5. 
Since the matrices are symmetric, we present only the upper half (including the 
diagonal). 

In these tables, the coefficients along the diagonal represent the annual mor
tality rate for a person who fits exactly into a class. Suppose, however, that a 
person is a partial member of two classes (e.g., gi4 = 0.5 and gi6 = 0.5). Then 
one would calculate a mortality rate of 

2 2 2 
~(gik) = [(-0.061) x 2} . 0.5] + 0.004· 0.5 + 0.987· 0.5 = 0.217 

for unmarried males. The negative values for unmarried males in Class 4 sug
gest that living in that class moderately reduces mortality for someone who is a 
partial member of one or more other classes. This is a function of the short 
time a person is expected to spend in that class (Le., his two-year retention is 
only 4.3%). 

Mortality coefficients are higher for unmarried than married males. This is 
most evident for Classes 1, 2, 5 and 6. The coefficients are age-dependent be
cause their effects increase as a Gompertz function of age. The Gompertz coef
ficient, e, indicates that risks increase more rapidly with age for married thart 
for unmarried males, Le., 4.04% versus 3.27% per year of age. Thus, the sur
vival advantages of married males are concentrated at younger ages. Mortality 
for unmarried males is extremely high for Class 6 (i.e., 62.7%/year = 1- e- 0.987 

at age 75). Thus, for Class 6 social inputs seem to help reduce mortality. 
For females there is less difference in mortality with marital status. The e 

parameters governing age increases in mortality are nearly identical for differ
ences in marital status (Le., 3.67% versus 3.59%). The differences in the Q 
coefficients are less than for males. 

Overall, the size of the Gompertz parameters (3.3% to 4.0%) are much 
smaller than when estimated from mortality data with no covariates (usually 
8% - 10%). Thus, the disability dynamics explain much of the age dependency 
of mortality. If functional status can be preserved, age-specific mortality rates 
can be greatly reduced. 
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Table 4. Quadratic mortality functions ev ated for males at age 75 

Class 

2 3 4 5 6 Institution-

Healthy Early Moderate Heavy Frail Highly alized 

cognitive physical physical impaired 

Class impairment impairment impairment 

Healthy 

Married 

(9=0.0404) 0.034 0.058 0.082 0.016 0.057 0.141 0.090 

Unmarried 
(9=0.0327) 0.050 0.074 0.097 -0.014 0.080 0.223 0.108 

2 Early Cognitive 

impainnent 

Married 0.099 0.139 0.027 0.098 0.241 0.153 

Unmarried 0.109 0.142 -0.020 0.118 0.327 0.158 

3 Moderate physical 

impairment 

Married 0.195 0.038 0.137 0.337 0.214 

Unmarried 0.186 -0.027 0.155 0.429 0.207 

4 Heavy physical 

impairment 

Married 0.007 0.027 0.066 0.042 

Unmarried 0.004 -0.022 -0.061 -0.030 

5 Frail 

Married 0.097 0.238 0.151 

Unmarried 0.128 0.356 0.172 

6 Highly impaired 

Married 0.585 0.371 

Unmarried 0.987 0.477 

Institutionalized 

Married 0.235 

Unmarried 0.231 
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Table S. Quadratic mortality functions evaluated for females at age 75 

Class 

2 3 4 5 6 Institution-

Healthy Early Moderate Heavy Frail Highly a1i7.ed 

cognitive physical physical impaired 

Class impairment impairment impairment 

Healthy 

Married 
(9=0.0367) 0.017 0.044 0.030 0.009 0.031 0.079 0.061 

Unmarried 
(9:::0.0359) 0.021 0.038 0.027 0.022 0.034 0.085 0.056 

2 Early cognitive 

impairment 

Married 0.111 0.075 0.024 0.078 0.198 0.154 

Unmarried 0.069 0.050 0.040 0.062 0.155 0.102 

3 Moderate physical 

impairment 

Married 0.050 0.016 0.053 0.134 0.104 

Unmarried 0.036 0.029 0.045 0.113 0.074 

4 Heavy physical 

impairment 

Married 0.D05 0.017 0.043 0.033 

Unmarried 0.023 0.036 0.090 0.060 

5 Frail 

Married 0.056 0.141 0.019 

Unmarried 0.055 0.140 0.092 

6 Highly impaired 

Married 0.355 0.275 

Unmarried 0.351 0.231 

Institutionalized 

Married 0.213 

Unmarried 0.152 
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Active Life Expectancy Estimates 

With the mortality and transition matrices (age and marital status dependent) 
we can construct disability-specific life tables. The matrices show that much of 
the differential in disability over marital status for males comes from mortality 
differentials. For females, mortality differences are small, but the disability 
transition matrices show significant differences. Thus, there is an essential dif
ference in the dynamics driving disability in elderly males and females, which 
are likely to have their basis in latent multidimensional physiological processes 
correlated with functional changes. 

In Table 6 we present the life expectancy in specific disability states for ages 
65, 75, 85, and 95, for married and unmarried males. 

At age 65, marital status has a 3.5 year effect on male total life expectancy, 
and a 3.8 year effect on male ALE. Married males have longer life expectancies 
in Classes 2, 3, and 6. The expected time in institutions is higher (0.69 versus 
0.33 years) for unmarried males at age 65. The smaller expected time in Class 
6 for unmarried males suggests that the presence of a spouse allows a male to 
stay out of institutions even at that high level of frailty. Why unmarried males 
should have a greater prevalence in Classes 4 and 5 is less clear. It may be that 
marital status reduces risks of cardiopulmonary and joint conditions, which 
increase the risk of entering these classes. 

At age 85 the difference in life expectancy due to marital status is only 1.1 
years, i.e., it has declined faster than total life expectancy. Thus, the positive ef
fect of marital status on male survival is more strongly manifest at younger 
ages -- this is consistent with the higher e for married males. The difference in 
ALE is 1.4 years so that there is an additional benefit of being married in 
maintaining functional status, e.g., at age 65, 89% of life expectancy is expected 
to be active for married males compared to 83% for unmarried males. The 
relative difference is larger at age 85, when it is 75% versus 65%. The differ
ence in expected time in an institution remains nearly the same (i.e., 0.72 years 
for unmarried versus 0.43 for married). Likewise, Class 6, at age 85, has a 
very similar life expectancy to that at age 65. This is because of the high-risk 
nature of Class 6, which dominates the average effect on mortality. Female 
results are also presented in Table 6 for ages 65, 75, 85, and 95. 

The differential in total1ife expectancy at age 65 due to marital status is less 
than for males (i.e., 0.6 years versus 3.5 years). The increase in ALE is greater 
(i.e., 1.7 years or 83% versus 78%) due to a shorter expected time in institu
tions (Le., married women can expect to spend 0.83 years in institutions, as 
compared to 1.5 years for unmarried women). This is manifest, as for men, in 
a higher prevalence of Class 6 women in the married group. 
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Table 6. Life expectancy at ages 65. 75.85. and 95 

Total Class 

2 3 4 5 6 Inslilution-

Healthy Early Moderate Heavy Frail Highly a1ized 

oognitive physical physical impaired 

Age impairment impairment impairment 

Males 

65 

Married 16.37 14.53 0.301 0.243 0.143 0.367 0.467 0.328 

Unmarried 12.91 10.75 0.267 0.175 0.155 0.559 0.314 0.686 

75 

Married 11.50 9.71 0.330 0.196 0.119 0.324 0.461 0.359 

Unmarried 9.12 6.98 0.283 0.150 0.132 0.499 0.314 0.753 

85 

Married 7.09 5.33 0.311 0.166 0.092 0.300 0.468 0.430 

Unmarried 5.95 3.89 0.328 0.154 0.078 0.482 0.299 0.715 

95 

Married 4.60 3.23 0.221 0.118 0.072 0.210 0.398 0.353 

Unmarried 4.25 2.59 0.291 0.121 0.052 0.344 0.252 0.600 

Females 

65 

Married 20.67 17.16 0.434 0.423 0.345 0.748 0.736 0.830 

Unmarried 20.10 15.64 0.576 0.587 0.464 0.734 0.586 1.511 

75 

Married 14.17 10.82 0.439 0.305 0.265 0.714 0.714 0.913 

Unmarried 13.93 9.64 0.568 0.464 0.379 0.669 0.584 1.629 

85 

Married 8.10 5.00 0.404 0.185 0.160 0.640 0.738 .0.970 

Unmarried 8.49 4.61 0.514 0.358 0.278 0.513 0.563 1.658 

95 

Married 4.40 1.85 0.329 0.040 0.103 0.571 0.340 1.167 

Unmarried 5.58 2.61 0.457 0.236 0.182 0.326 0.503 1.262 
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At age 85 there is a small (0.4 years) advantage for unmarried women, i.e., 
the advantage became reversed between age 83 and 84. Nonetheless, the pro
portion of life expected to be active remained higher - 62% versus 54%. 
Married women still stayed out of institutions 0.7 years longer, which was re
flected in a higher prevalence of Classes 5 and 6 for married women. Thus, the 
patterns at age 85 are different for men and women. 

Summary 

We used fuzzy state methods to define disability states, which were used to cal
culate measures of active and disabled life expectancy specific to sex, age and 
marital status. For males, there were large differences in the effects of marital 
status on both total life expectancy and ALE .. For females, the effects on total 
life expectancy were smaller than for males, but there was a significant effect 
on ALE. 

The mechanisms causing the effects of marital status on survival were very 
different for males and females. Marital status had a large effect on mortality 
for males, while it had more effect on disability transitions for females. Thus, 
the mechanisms determining the interaction of marital status, age and disable
ment varied by sex. 

We have shown the calculations for the effects of marital status. However, 
the results could be generalized to cases where multidimensional fuzzy state 
systems interact. The fuzzy state representation thus offers a flexible way of 
representing the interactions of complex multidimensional systems in forecast
ing human survival and health changes at advanced ages. 
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Competing Risks Modelling in Contaminated Populations 

A. I. Michalski 

Problem Statement 

The basic assumption of competing risks modelling deals with probabilistic re
lations between risks. The assumption of independent risks is used more fre
quently than that of dependent risks. The reason for this is that in the case of 
independent risks the calculations of the survival function, death rate, morbidity 
and other related functions may be made only on the basis of information about 
the population. 

The case of dependent risks requires additional information on the nature of 
the risks dependency. An example of such approach can be found in [1]. The 
authors consider competing risks that are conditionally independent of the tra
jectory of a stochastic process Zt. In this case the conditional survival function 
may be written in the form: 

S (I I z) = e 
t 

t 

-f tl Ili (t, Zt) dt 

o 

where Ili(t, Zt) is the mortality rate due to the ith cause of death conditioned on 
the trajectory Zt. The unconditional survival function Set) in this case has a 
form 

t 

-J jl (t) d't 

S (I) = e 

t 

where (t) = E (f #1 Ili (t, Zt) dt) is the expectation of the total mortality 

o 
rate over the process Zt. 

The problem is how to calculate the expectation ~('t). In [1] some formulas 

for ~('t) derived for the following specific case. The mortality rate due to a 
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specific cause of death Jli (t, Zt) is a quadratic function on Zt: 

where i!i(t) are age-dependent mortality rates and the process Zt satisfies a 
linear diffusion type stochastic differential equation: 

The expectation of the mortality rate in this case has the form 

~(t) =m2(t) + y(t) 

where m(t) and -y(t) satisfy the non linear ordinary differential equations 

k 

m(t) = <Xo(t) + a,! (t) m(t) - 2y(t) L ~ i (t) 
i=! 

k 

y(t) = 2a,!(t) y(t) + ~2(t) - 2y 2(t) L ~ i (t) . 
i=1 

The identification of functions Il{)(t), (X\(t) and P(t) and initial conditions re
quire much preliminary and experimental information. There are many cases 
where such information is not available and different approaches must be used. 

The other approach to dependent competing risks analysis is to consider two 
populations. One, say a pure population, may be considered as a population 
with independent competing risks. The other, say a contaminated population, is 
to be considered asa population with dependent risks. The interpretation of this 
situation is obvious. The pure population may represent residents of an ecologi
cally safe region, the contaminated population may represent residents of a re
gion with bad ecological conditions. The environmental pollution will act on the 
pure population changing people's resistance to different risk factors, and in 
time, will lead the population to the state of the contaminated population. Using 
pure population data one can extract information which can be used to compen
sate for the lack of information on dependent risk case. 

In this paper we consider a mathematical description of the dependent com
peting risks problem. We describe concomitant mathematical problems and dis
cuss ways of their solution. 
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Mathematical Description 

It is reasonable to describe the negative influence of environmental pollution in 
tenns of a risk factor which leads to an increase in the rates of cause-specific 
mortality. We assume that the proportion of individual increase in each cause
specific mortality rate has the same value for different causes of death. The 
value of the proportion varies from individual to individual and we consider it 
to be the random variable. The physiological explanation of the risk factor may 
be human frailty due to environmental pollution. Assumptions made lead to the 
proportional dependent risk model (PDRM). 

Let J.lj{t) denote net mortality rate due to cause of death j (j = 1 •....• k). They 
are rates in the pure population. Let ~ denote the value of a risk factor acting 
on the individual mortality rate. The net individual mortality rate due to cause j 
in a contaminated population equals ~J.lj{t). The aggregate mortality rate for a 
person is given by the expression 

k 

Il(t,~) = ~ L Ili(t) . 
i=l 

The joint survival function in the contaminated population is a mean value of 
the individual cause-specific survival functions product 

-~ L /Ili('t) d't I k 

S(t], ... , td = e i=1 dP(~) 

where P(~) is the probability distribution function of factor ~. 
The crude cause-specific mortality rate may then be expressed in the form 

where 

o k 
--S(tl tk)1 L t 1\ otj' .... tl = ... tk == t 

Il/t ) = S(tl, ...• tk) == Ilit) K ( j Ili('t) d't 

J ~ e-ap dP(~) 
K(a)==------J e-aPdP(~) 

i=l 

(1) 
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Illustrative Example 

To illustrate relation (1) we consider a simple example of probability distri
bution P(~). Define P(~) as follows: 

PC!}) = 0 
PC!}) = 1 - e-).~ 

if!} < 1 

if!} ~ 1 . 

This distribution relates to the case of a heterogeneous population with pa
rameter ~ exponentially distributed from 1 to infinity. It models the negative 
influence of environmental contamination on population health. The value of 
parameter A shows the degree of heterogeneity in population. The less A the 
more heterogeneous is the population. When A tends to 0 the population tends 
to the homogeneous one. 

The value of the crude cause-specific mortality rate gives the formula 

k 

~j(t) = !lj(t) ( 1 + ( A. + L i!li(t) dt )-1 ) 

i=1 

and the survival function in the heterogeneous population is 

-it. " !l j(t) dt 

Set) e 0 

k 

!li(t) dt -L ! 

j !li( t) 

e i=1 

The cause-elimination survival function is 

k k 

-f . ± ~i(t) d't -L ! 

(A.+ L 't 

j I.lj(t) J I.lj(!;) d!; ).1 d't 

" 1=I,."r 
S or(t) = e 0 e i=l.i07-r j=l,j"r 
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Real Population Study 

There are two main problems in proportional conditionally independent com
peting risk analysis: 

• how to estimate probability distribution function P(~). and 
A 

• how to estimate the cause-elimination survival function S'r(t) when net 
mortality rates Ilit) are unknown? 

These problems may be solved on the basis of cause-specific mortality data in 
a pure population. In this part we consider how to use this information for the 
estimation of distribution function P(~). ' 

A 
Let Si(t) denote the theoretical survival function related with cause of death 

number i (i=I •...• k). It is easy to show that in the frame of the PORM model 
the following relations are true: 

" fli(t) d S i(t) 
-= -,,-
flit) dSit) 

(i,j = 1, ... , k) (2) 

where Illt) is net mortality rate due to cause of death number i. 
The relation (2) gives the proportion between the survival in the contami

nated population and the mortality rates in the pure population. It may be used 
for estimation of the net mortality rates if any single rate is known from special 
medical studies. Suppose the net mortality rate due to cause of death number 1 
is known. Then we may express the survival probability for cause of death 
number 1 in the form 

S,(x) ~ I - j.'(I) fp, dP(P) dt . (3) 

The expression (3) is the integral equation of the Volterra kind with respect 
to the unknown distribution function P(~). The equation (3) includes (k-l) un-

" 
known functions d ~ i( t) (i = 2, k). These functions may be estimated on the basis 

dS \(t) 
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of the contaminated population cause-specific survival data. They are deter
mined by the set of k integral equations 

t 

St(t) = jf(t) dt (4) 

(i = 2, ... , k) . (4) 

Equations (3) may be solved after substituting the solution of set (4) into it. 
The solution of the set (4) can be obtained by numeric statistical methods 

using the approach described in [2, 3]. The solution of equation (3) can be ob
tained by numeric statistical methods using the approach described in [2]. 

We may now write the expression for the cause-elimination survival function 
1\ 
S'r(t) in a contaminated population. The formula uses solutions of equations (3) 
and (4) and may be expressed in the form 

where 

t 

A - j <pet) K(<p(t» dt 

S'r(t) = e 

J ~ e-aP dP(~) 
K(a)==---c:----

Je-ap dP(~) 

P(~) is the solution of equation (3) and 

dSi(t) (i = 2, ... , k) are solutions of (4). 
dSt(t) 
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Conclusions 

The approach described in this paper should be considered as a step to under
. standing complex survival processes. The assumptions of the PDRM model are 
natural and the model may be considered as a step from a simple model of in
dependent competing risks to a more sophisticated one. 

The approach leads to integral equations of the Volterra kind with unstable 
solutions. Such equations need special numeric methods designed to assure so
lution stabilization. Some of these methods may be found in [2, 3]. 
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The Concept of Generalized Risk 
and Some Results of Preliminary Analysis 

R. Prokhorskas 

The effective use of health status models in planning disease prevention or 
health promotion programmes is rather exceptional. Ideally, an in-depth analy
sis, using appropriate models to simulate and test various prevention scenarios, 
should be an essential part of the planning process. In reality, the utilization of 
available epidemiological data is often limited only to inferring the existence of 
an association between risk factors and disease. 

There is a variety of models of different complexity, designed to simulate the 
interaction between risk factors and morbidity or mortality. Unfortunately, in 
most cases they are still the subject of an academic interest of the scientific 
community, but not the real planning tool which might have a place on the 
desks of decision-makers at the Ministries of Health or other health authorities. 

Potential users usually perceive health status models as interesting computer 
games and not as real planning tools. Different reasons could be listed for this 
distrust. Probably the most important is that the models are usually based on 
too many unverified assumptions or on data which are not accurate enough or 
convincing from the user's point of view. Most designers would admit that the 
main problems and weaknesses of their models are caused by the lack of data to 
estimate the parameters of a model. Very often a model is designed in such de
tail to simulate the disease process, that it is too complex to find sufficient data 
to feed into the model. 

On the other hand, numerous prospective epidemiological studies over recent 
decades have generated a large amount of raw data on the association between 
risk factors and the risk of disease occurrence or of death. This is true, at least 
for some now commonly recognized risk factors such as smoking, high blood 
pressure and serum cholesterol. The problem is that the data are dispersed in 
small portions among the studies which have generated them. These data are not 
available or easily accessible to each model designer. An obvious solution is to 
pool these data, generalize the findings, and submit them in a ready-to-use 
form. 
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The Concept of Generalized Relative Risks 

Only data requirements for health status models which are designed to simulate 
the changes of mortality in population in response to the changes in risk factors, 
are considered in this paper. With some simplifications, such models can be 
represented by a mathematical equation where the modifiable variable is the 
risk factor level, and the outcome variable is the mortality level. The analytical 
form of the equation reflects the existing knowledge on the association between 
risk factor(s) and health outcome. 

To build such a model, at least two different types of data are needed. First, 
the distribution of risk factor(s) in the population under study. This data, if not 
readily available. can be obtained relatively easily by means of cross-sectional 
examination. The quantitative description of the association between risk factors 
and risk of death is the second type of data necessary to build the model. Large 
and expensive prospective studies, lasting at least five to ten years, are needed 
to produce this data. As mentioned above. a number of such studies have 
already been completed in several countries. Many of these demonstrate similar 
findings but each single study is too small to describe the risk factor and disease 
occurrence relationship in detail with a high level of statistical significance, and 
to provide evidence that the estimated associations are also valid in other popu
lations. On the other hand, there is no reason to expect that the underlying risk 
association is different in different populations. On the contrary. the assumption 
of the common underlying risk association (at least for selected risk factors and 
health outcomes) is more realistic in epidemiologically similar populations. 
Otherwise, significant biological differences between populations resulting in 
difficult mechanisms of disease development would have to be accepted. 
Observable variations of the estimated risk association in different epidemiolog
ical studies can be explained by insufficient sample sizes, differences in 
methodology and usually unknown confounding factors. The amalgamation of 
relative risk estimates from as many studies as possible may result in develop
ing generalized risk functions which could be considered as a standard associat
ion and would be more convincing for use in different countries and population 
groups, where no data are available to estimate the risk association. 

It is obvious that the estimation of such generalized risk functions requires 
substantial efforts in order to collect data in a comparable form from a large 
number of studies. 

The meta-analysis of published data cannot solve this problem as the data 
from single studies are usually analyzed and published in non-comparable or 
too aggregated forms. 
A generalization is more simple and feasible at the level of relative risk than 
for the absolute risk, by assuming the multiplicative nature of the relationship 
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between risk factor and mortality. The absolute risk.(factor-specific mortality 
rate) could then be calculated, using the following transformation: 

where 

R(f=i) 
R 

P(f=i) 
RR(f=i) 

R(f=i) = P(f=i) + (1-P(~=i» RR(f=i)-1 

absolute risk corresponding to the risk factor level i; 
overall mortality for a given population (national mortality data is 
widely available); 
proportion of the population having a risk factor at level i; 
generalized relative risk for risk factor at level i; i.e. risk ratio: 
risk factor equal to i/risk factor not equal to i. 

The above formula can be used as a simple mortality model. 

Preliminary Estimates of Generalized Risk 

Analyses have been performed at the WHO Regional Office for Europe to ob
tain an impression of the applicability of a simple analytic scheme which will 
integrate risk estimates from different studies. The aim was to find average 
relative risk functions which describe the association between levels of blood 
pressure, serum cholesterol (CHOL), body mass index (BMI) and smoking with 
the risk of death from all causes, coronary heart disease (CHD) and cancer. The 
analyses were based on the assumption that the relative risks observed in the 
individual studies are randomly distorted measurements ofa continuous under
lying relative risk function. This hypothetical function was approximated by 
quadratic equation, assuming that the curve should be U-shaped, at least with 
regard to mortality from all causes. One can find a substantial number of stud
ies confirming this expectation for biological risk factors such as body mass in
dex or serum cholesterol. Regarding smoking, the risk ratio for smok
ers/nonsmokers was estimated. 

The data used are limited to three prospective studies. They were originally 
designed to study cardiovascular diseases among middle-aged males. The main 
characteristics of the data are presented in Table 1. 

Continuous risk factors were categorized in decile classes and the relative 
risk was then calculated for each class and study separately. The weighted aver
ages were calculated in order to compare them with the quadratic approxi
mation (Figures I, 2, 3). The same analysis was repeated for different age
groups (40-45 and 50-60) and for age-adjusted factors for all ages. Age-
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Table I. Main characleristics of data used 

Deaths Follow-up 

Study Age fI Total CHD Cancer (years) 

Kl 44-60 2455 480 96 117 11.8 

RO 43-60 3365 350 125 113 8.5 

K2 38-61 5679 329 91 81 6.9 

TOIal 38-61 11499 1 159 312 311 8.4 

K 1 = Kau .... part of WHO·Kaunas-Rotterdam Study. slarled in 1972 

RO = Rotterdam part of above study 

K2 = Multifactorial Coronary Heart Disease Prevention Study in Kaunas 
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adjustment was made using a 
linear regression model with 
the age as the independent va
riable. The age-adjusted value 
of each risk factor was ca1cul
ated as a mean value for the 
study plus a residual value. 

Estimates of relative risk 
function for systolic and dias
tolic blood pressure (SBP, 
DBP), serum cholesterol and 
body mass index are given in 
Tables 2 and 3. The quadratic 
term for total mortality risk 
curve is significantly positive 
for all the above factors in the 
older age-group and for the 
age-adjusted values. The lower 
level of significance in the 
younger age-group might be 
explained by a smaller number 
of deaths occurring in this age
group. The minimum risk 
point for blood pressure is be
low the popUlation average 
(respectively 124 and 137 mm
Hg for SBP; 80 and 85 mmHg 
for DBP). The risk is lowest at 

- Average risk 
- Quadr. approximation 
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Fig 2. Relative risk of total mortality in relation to Fig. 3. Relative risk of total mortality in relation 

serum cholesterol to serum cholesterol 
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Table Z. Parameters of quadratic approximation of total mortality relative risk 

Age 40-49 Age 50-60 

Minimum pfor Minimum p for 

Risk risk Quadratic quadratic risk Quadratic quadratic 

factor point coefficient coefficient point coefficient coeffICient 

SBP 123.8 0.00058 0.001 125.0 0.00030 0.0002 

DBP 79.4 0.00117 0.17 79.8 0.00091 0.0003 

CHOL 215.4 0.000026 0.28 234.0 0.000062 0.008 

BMI 29.3 0.00686 0.07 28.0 0.0126 0.0000 

Table 3. Parameters of the quadratic approximation of relative risk function using age-adjusted 
factors 

Total mortality CHD mortality 

Minimum p for Minimum pfor 

Risk risk Quadratic quadratic risk Quadratic quadratic 

factor point coefficient coefficient point coefficient coefficient 

SBP 124 0.00032 0.0001 92 0.00023 0.09 

DBP 80.4 0.0011 0.0000 76.5 0.0012 0.0001 

CHOL 232 0.000036 om -1145 0.000003 0.9 

BMI 28.5 0.0103 0.0000 27.2 0.0112 0.01 

Cancer mortality 

SBP 149 0.00009 0.3 

DBP 24 -0.00006 0.8 

CHOL 266 0.000055 0.06 

BMI 30.5 0.0095 0.001 
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BMI level, about 28 kg/m2, i.e. higher than the BMI average (27 kg/m2). The 
minimum risk point for cholesterol is close to the average (233 mg/dl). 

Estimates of the risk functions for CHD and cancer have markedly different 
parameters. The relationship of serum cholesterol and CHD mortality is practi
cally linear. The large negative minimum risk value (-1145) is a consequence of 
this linear relationship. 

It should be pointed out that the above estimates are illustrative, as they are 
based on data from only three studies. Data from more studies are needed to 
find risk estimates which would be applicable in practice. 



Resource Allocation Models and Health Service Systems: 
an Exploration 

A. R. Taket 

Introduction 

This paper reviews the subject of health services resource allocation models, 
and discusses some of the key factors in the choice of appropriate methods in 
order to develop an agenda for future work. It is divided into three main sec
tions. The first considers different types of resource allocation problems en
countered in health services, and identifies a classification of problem areas; it 
concludes by indicating which of these have been explored in theory and which 
in practice, in terms of application to real-world health systems. The second 
section analyzes factors affecting the choice of appropriate modelling ap
proaches for particular problem areas. The third section presents four ex
amples, relating to particular problem areas and resource allocation modelling 
approaches, and examines these in order to explore useful avenues for further 
development. 

Problem Areas for Resource Allocation Models 

The categorization of different areas of application for resource allocation 
models in the health services context is by no means simple. In this section, 
several different aspects of a situation in which such models might be applied 
are considered in turn, leading to the identification of different problem areas. 
The different aspects or factors that are considered, and the combinations which 
identify distinct problem areas, are summarized in Table I and are discussed 
below. 

The first aspect to be considered is whether the area to be dealt with by the 
model is one of strategic or tactical planning. In many ways this simple stra
tegic/tactical dichotomy represents an over-simplification of what is, in fact, a 
continuum in terms of the time period over which the resource allocation 
model is used. Strategic planning contexts typically are those where the time
scale considered is five years or longer, whereas tactical models may be con
cerned with the allocation of resources over the next year, month, week, or 
even day [1]. The task of strategic applications is essentially that of planning, 
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Table 1. Problem areas for re

source allocation models 

strategic or tactical application 

level of application 

national 

regional 

district 

institution 

nature of allocation required 

geographical / spatial 

patient type 

treatment type 

resource type 

time periods 

(and combinations) 

whereas tactical applications are more 
concerned with manageinent. 

As earlier reviews have shown [2, 3], 
many resource allocation models of health 
service sectors or subsystems are intended 
for use in a highly localized tactical or 
operational planning context. Strategic plan
ning is typically carried out at a fairly 
aggregate level in the health system; it is 
concerned largely with national or regional 
applications, rather than with the system 
defined by a single care unit (primary 
health care facility, clinic, hospital depart
ment, etc.) At the local district level, appli
cations of both a strategic and tactical na
ture can be found. 

The number and type of resources con
sidered in the model are important. In some 
cases a single resource may be considered, 
and often requirements for resources of 
other types are estimated in proportion to 
this. Other models deal explicitly with 
several types of resource. A further distinc

tion is made depending on whether costs are considered explicitly within the 
model; relatively few models exist where costs are completely specified. In 
terms of actual applications, hospital beds and various types of health 
manpower have been the types of resources most considered. This paper does 
not cover in detail the subject of resource allocation as applied to health 
manpower; an overview of approaches and a selected bibliography have been 
made by Thuriaux et al. [4]. 

The nature of the allocation required is also extremely important. Sometimes 
the issue is one of allocation of resources between different parts of the health 
system in a defined geographical area, for example between hospital and com
munity care, where the question is one of allocating resources between different 
patient types. Other applications might be concerned with determining a suit
able mix of different types of resources (for example staff, beds, and theatre 
time in a hospital) for one or more patient types, such applications being 
usually found at the tactical level. A slightly different problem is posed when 
the main question is the allocation of patients between different treatment types 
or care packages. Another question tackled is the time-scheduling of investment 
decisions concerning the opening of new or expanded facilities, or the closing 
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of old facilities; this can be regarded as a problem of resource allocation be
tween different time periods. 

A different sort of resource allocation problem is the allocation of resources 
between different locations or geographical areas. Such applications may focus 
on a single type of resource, or may deal with questions of mixes of resources, 
different patient types, and/or different care packages. These more complex 
models are fewer in tenns of actual applications, and are usually found at the 
tactical level. In any case, an important issue is how (or indeed whether) issues 
of accessibility to the population being served are incorporated into the model; 
existing applications deal with this issue with varying degrees of sophistication. 

The classification of problem areas for resource allocation models, presented 
above, indicates a wide variety of situations where questions of resource al1o
cation Can arise. While most of these have been tackled in theoretical tenns, 
practical applications have been more limited. 

The Choice of Modelling Methodology 

In this section, we review several factors that need to be taken into account in 
choosing an appropriate modelling methodology. These are summarized in 
Table 2, and are considered in turn. 

Simulation versus Optimization and the Nature of Objectives 

The distinction between modelling approaches based on optimization, and those 
based on simulation, is extremely important. An optimization approach is one 
which uses a model where the output is a single optimum or best allocation of 
resources, calculated to maximize (or minimize) an objective function. The use 
of such an approach is essentially prescriptive, in that the model generates a sin
gle solution to the resource 
allocation problem. How
ever, there are often major 
difficulties in formulating a 
suitable objective function 
which incorporates all rele
vant criteria. For this rea
son, while the theoretical 
treatment of such optimiz
ation models is well devel
oped, practical applications 

Table 2. Issues in the choice of modelling methodology 

simulation versus optimization and the nature of objectives 

systemic constraints 

the problem context 

interaction between modeller and user(s) 
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remain rare. It is possible to use optimization models to generate different 
solutions or options in an iterative fashion, where the constraints in the model 
and/or the objective function for optimization are varied from iteration to 
iteration. The different solutions generated can then be judged in the light of 
criteria not explicitly incorporated in the model. 

The simulation approach, on the other hand, is one where emphasis is on the 
use of models as decision-making aids in a resource allocation process, in order 
to explore the consequences of a series of possible resource allocation decisions 
in terms of one or more criteria/objectives of interest. The use of such models 
is investigative rather than prescriptive, and there is no direct generation of a 
policy solution. The models enable the consequences of different policy options 
to be explored in order to answer the question: What happens ij. .. ?, rather than 
attempting to produce an optimum solution. They require explicit generation, 
outside the model itself, of the range of policy options to be explored. 

In most applications to date, the objectives used in resource allocation models 
have been fairly simple in nature, usually including only a single variable. 
Although modelling techniques exist which can deal with multiple objectives, 
real-world applications of these in the health service context are few and far 
between. As modelling techniques advance on the theoretical level, however, 
and also in terms of practicability owing to the increased availability of power
ful computing facilities, this is an area that may well merit further develop
ment. This point is discussed further in later sections of this paper. 

Sometimes, the objectives involve terms encompassing subjective value 
judgements (for example, about preferences for different treatment modalities 
or locations). These are sometimes obtained explicitly, and sometimes inferred 
or derived in the process of model calibration. There is a danger of modelling 
such judgements as if there were universal agreement on a single set of values 
(particularly in optimizing models). Models which attempt to incorporate dif
ferent sets of values remain to be fully explored. This point is taken up later, 
when multiple criteria decision analysis (MCDA) is discussed. 

Systemic Constraints on Resource Allocation 

The types of problem areas identified in the first section were based on a focus
sed examination of the situation for which resource allocation decisions are re
quired. To make an appropriate choice of methods, it is also necessary to ex
amine the situation in a wider context, and this provides additional constraints 
on decision-making. Several issues are important here . 

. One issue is the need to recognize constraints that may be imposed by organi
zational and financial mechanisms controlling the health service system: market 
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mechanisms if they exist, the nature and degree of any central control, and the 
limits on the freedom of the individual consumer/patient. These will determine 
whether the task of the model user is to respond to the actions of autonomous 
agents, or to initiate and direct usage. This brings us to the importance of users 
of the model, in terms of their roles and the degrees of freedom of ac
tion/decision available to them. 

One must address the effects of all relevant and significant interactions in the 
health care system which may affect its behaviour, even if they are not explic
itly the subject of the problem area concerned. An example of this is the inter
action between the supply of, and demand for, different resources. It is widely 
accepted that, in many cases, the availability of a health care resource, in terms 
of its level and spatial distribution, will influence the demand for that resource. 
This, in turn, will affect the decisions made by health care professionals in al
locating resources to patients and, ultimately, the level of use by different 
groups in the population. Many of the simpler resource allocation models ig
nore this interaction. Spatial interaction models have been used to simulate the 
resource allocation behaviour of various parts of the health care system, in 
order to provide tools for forecasting the consequences of future changes in 
population characteristics or resource availability, as an aid in allocating re
sources in the system. Some such models focus exclusively on locational issues, 
while others also incorporate other issues. 

The Nature of the Problem Context 

The third important issue in the choice of modelling methodology is the nature 
of the problem context in terms of the systems involved, the different partici
pants/groups having an interest in the particular resource allocation problem, 
and the nature of their interactions. Building on the categorizations proposed by 
Jackson and Keys [5] and further developed by Jackson [6], a classification into 
six different types can be made, according to two factors: 

• the nature of the systems involved in the problem area (either 
simple/mechanical or complex/systemic); 

• the nature of the decision-makers or participants involved, and their inter
actions (unitary, pluralist, or coercive). 

In terms of the first factor, the distinction is between systems consisting of a 
small number of elements whose interactions are observable, regular, and well
understood, and those characterized by a large number of elements which are 
highly interrelated, may be partially unobservable, and are affected by be
havioural factors (political, cultural, ethical, etc.). Information on the problem 
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area (as identified in tenns of the aspects considered in the first section of this 
paper) allows us to categorize the nature of the systems involved. Within the 
health services setting, many tactical applications can be identified as 
simple/mechanical, while most strategic applications are complex/systemic. 

In tenns of the second factor in this classification (the nature of the partici
pants involved and their interactions), unitary contexts are those where there is 
agreement between all decision-makers or participants on a common set of 
goals. In contrast, pluralist and coercive contexts are those where there is no 
such agreement. The distinction between pluralist and coercive contexts is made 
in tenns of whether it is possible to bring about genuine compromise among the 
parties involved through negotiation (pluralist), or whether any consensus will 
be achieved through the exercise of power and domination, in which case the 
context is referred to as coercive. Such categorization may be made by examin
ing the nature of the problem area and the systemic constraints on resource al
location, as discussed above. In tenns of methods for resource allocation 
modelling, while there is a relative abundance of methods for unitary contexts 
and many examples of their successful application, there are fewer methods 
which are appropriate for pluralist contexts (some are discussed later), and 
fewer applications. Finally, it is uncertain whether appropriate methods exist 
for coercive contexts. 

The problem context can also be categorized according to a third factor: the 
level of technical complexity that is appropriate for use. The concept of appro
priateness can be applied in at least two different ways. The first relates to the 
level of specialist help available, in tenns of skilled personnel, computing fa
cilities, and other resources. The second interpretation relates to the level of 
complexity with which the users of the model (i.e. the decision
makers/participants) feel at ease. It is debatable which of these interpretations 
should be dominant, but the wider the gap between the two in any particular 
situation, the harder it will be to achieve successful implementation and contin
ued use of the resource allocation model. 

Degree of Interaction between Modeller and User 

Finally, the choice of methodology will be influenced by the degree of inter
action that is possible between the modeller and the decision-maker. This will 
lie within a range from no direct involvement at all to a fully interactive col
laboration in developing and using the model concerned. Lack of any direct in
volvement will severely limit the options in tenns of methodology; for ex
ample, where value judgements are to be incorporated, they will have to be in-
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ferred. When higher levels of interaction are possible, an increased range of 
methods becomes available. 

This factor will affect not only the choice of method, but also the likelihood 
of successful implementation. It is also closely related to (but conceptually dis
tinct from) the level of technical complexity that is appropriate for use 
(discussed earlier). It is thus important that these two aspects should be con
sidered together. 

Developing Models for the Future: Towards an Agenda 
for Action 

This final section presents four specific examples, drawing on the preceding 
discussion, to illustrate a range of areas where work can usefully be developed. 
Table 3 illustrates how they fit into the schema discussed in the first two sec
tions of the paper. 

Equity and Accessibility as Objectives: Spatial Interaction 
Modelling and the Allocation of Resources across Space 

Spatial interaction modelling, or gravity modelling, provides a means of repre
senting aggregate service utilization patterns in terms of three broad groups of 
factors that are known to influence the uptake of services: the level and type of 
facilities provided at different locations; the relative need for services in com
munities in different localities, i.e. the community morbidity; and the physical 
accessibility of the facilities to the different communities. It is not assumed that 
patients visit their nearest facility, or that each community is assigned to the 
catchment area of a single facility, so the method can deal with the complex 
pattern of cross-boundary flows that exist in practice. 

This type of modelling approach to health service systems was just applied in 
the USA [7, 8, 9]. In the late 1970's, work started in the UK to examine the 
patterns of flow of inpatients within the four Thames Regional Health 
Authorities [10], as a result of the London Health Planning Consortium study of 
acute hospital services in London [11]. The resulting models can be used to help 
explore the potential consequences for the populations living in the various 
parts of the region under study, of different strategic planning options under 
consideration for relocation of acute hospital facilities. In particular, they can 
be used to explore the likely effects of changes in the supply pattern of facilities 
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Table 3. Developing models for the future - towards an agenda for action 

Examples 

Equity and accessibility 

as objectives: spatial 

interaction modelling 

and the allocation of 

resources across space 

Efficiency as an 

objective: the use of 

data envelopment 

analysis 

The balance of care 

approach: resource 

allocation for a client 

group 

Multiple criteria 

decision analysis and 

resource allocation 

models 

Problem area 

• strategic 

• regional or below 

• geographical/spatial 

• strategic or tactical 

• district or institution 

• between resource 

types 

• strategic or tactical 

• district or institution 

• between patient, 

treatrnentand 

resource type, 

across time 

• strategic or tactical 

• district or institution 

• dependent on particular 

models used 

Methodological 

approach 

• simulation 

• assumption of no 

change in referral 

mechanisms 

• pluralist, complex 

• some interaction. 

• optimization 

• assumption of no 

change in under

lying production 

functions 

• pluralist, complex 

• no interaction 

• simulation! 

optimization 

• pluralist, simple 

• medium to high 

interaction 

• simulation 

• pluralist, simple 

or complex 

• high interaction 

and/or population movement on measures of equity (use in relation to need) and 
access (travel time or distance to hospital) for different communities. The 
models are used to explore the consequences of options which have already 
been established as feasible, under other constraints on the expansion or con
traction of facilities on existing sites, as well as the potential for development of 
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new sites. The infonnation provided by the models fonns one of the inputs into 
the decision-making process associated with strategic planning. 

Similar models are now in use in other European countries, as well as in 
Australia and the USA [12]. In the UK, several Regional Health Authorities 
(RHAs) have used a gravity model approach in strategic planning, for example 
the North-East Thames RHA [13], the West Midlands RHA [14], and the East 
Anglian RHA [15]. The mathematical fonnulations for typical models are 
shown in the Annex. 

There are several potential areas for future work. First is the continued de
velopment of methodological and computational aspects of the analysis of equity 
and accessibility issues, in particular questions about the appropriate geograph
ical scales for modelling, the nature of patient classification, and the specifi
cation of appropriate measures of accessibility. Secondly, in the context of an 
increased emphasis on the introduction of market mechanisms into health ser
vice systems in many European countries, the relevance of such modelling ap
proaches needs to be re-assessed. Owing to the nature of the changes proposed 
in the ways services are organized and provided, considerable re-specification 
of the models may be necessary. Thirdly, it should be noted that, as yet, prac
tical applications are found only for hospital-based services [12]. A major rea
son for this is that data are more readily available in the inpatient sector. This is 
likely to change, however, with the increasing use of IT in health service sys
tems, and in particular in the primary health care sector, which should make it 
more feasible to investigate the application of spatial interaction modelling to 
all sectors of the health system. Fourthly, previous work in this field [15, 16] 
has shown the potential conflicts that can arise between objectives of equity and 
accessibility. In this area, it would be useful to extend the use of the models to 
explicit consideration of trade-offs between the two objectives. Detailed pro
posals for research in the UK to address these questions are under preparation. 

So far, the measures of need used in these models have been rather simple, 
and based on the concept of comparative need in Bradshaw's taxonomy [17]. It 
would be valuable to investigate the use of outputs from health status models to 
refine the measures of need used; this would represent a shift towards measures 
based more on nonnative need. This is by no means a new idea. as linkages of 
this type were foreshadowed in the strategy adopted for work carried out or 
proposed at I1ASA [18], and elsewhere [19, 20]. However, practical applications 
have not yet been widely implemented. The problems are due. at least in part. 
to differences in the patient types covered by health status models and spatial 
interaction models. Typically. the applications of spatial interaction models 
have focussed on the totality of inpatient admissions, or on broad specially 
groups. sometimes subdivided into elective and non-elective admissions. Health 
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status models. on the other hand. usually tackle single diagnostic categories. so 
that the outputs from several linked models would be required. Although the 
disaggregation of spatial interaction models by specialty presents no theoretical 
difficulties. the performance of such models has not given a sufficiently ac
curate replication of observed usage to be used for resource allocation. 
Evidence from such applications in the UK suggests that this is at least partially 
due to the problem of classifying patients into specialties (on the basis of the 
admitting consultant's designation, rather than on patient diagnosis), and to the 
indistinct and variable boundaries between inpatient admission. day care, and 
outpatient care. These problems, and other problems of data availability and ac
curacy, can be partially remedied by greater use of more sophisticated infor
mation systems throughout the health services, although recent investigations 
[21, 22] into patient and other information systems, in one district and one re
gion in England, indicate that considerable problems still remain. 

Efficiency as an Objective: the Use of Data Envelopment Analysis 

Data envelopment analysis (DEA) is a relatively novel approach to the measure
ment of relative efficiency across a number of units, where there are mUltiple 
incommensurate inputs and outputs. In the health service context, the units 
might be hospitals, other types of health care facility. or geographical districts. 
The application of DEA for use in resource allocation comes from its ability to 
identify sets of peer units, and to set targets for inefficient units by reference to 
the performance characteristics of other peer units. Such targets can then be 
used in the allocation of resources. The approach originated in papers by 
Parre]] [23] and Parrell and Pieldhouse [24], while the target-setting appli
cations of DEA are discussed by Thanassoulis and Dyson [25]. The mathemat
ical formulation is shown in the Annex. 

The advantage of the DEA approach is its recognition that it is legitimate for 
different units (hospitals, health authorities, etc.) to value inputs and outputs 
differently in any assessment of efficiency. In comparing units, DEA seeks to 
find, for each unit in turn, the valuation of inputs and outputs that shows the 
unit in the most favourable light in comparison to all other units in the set. 

So far, this technique has seldom been applied in the health systems setting. 
Some preliminary investigators in England and Wales, using districts and hos
pitals as the units for analysis, have focus sed on the use of DEA for assessing 
performance and efficiency, but have not yet been developed into resource allo
cation applications. The range of outputs has also been rather limited. As in
formation availability improves, the method may merit further examination. 
But it is not without potential problems, in particular: 
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• the difficulty of including all relevant inputs and outputs; 

• the aggregate level at which s.uch analysis operates, to avoid including too 
many input and output variable:s in relation to the number of units; 

• the implicit assumptions made about economies of scale (although more so
phisticated assumptions can be incorporated); 

• units with particularly unusual patterns of inputs and outputs may appear ef
ficient. This may not reflect real efficiency, but rather a sparse or empty set 
of peer units. Ways round this problem might involve imposing further re
strictions on the weights applied to different inputs and outputs, but there is 
then the problem of justifying the nature and extent of such restrictions; 

• whether environmental factors (such as social deprivation) can be adequately 
represented in the formulation. 

So although the potential of this approach remains to be fully explored, this 
paper should not be interpreted as making an unqualified assertion that it will 
prove a suitable technique for widespread use. Given the points raised above, its 
major applications may be found in the tactical arena, and for specific, well
defined patient categories. 

The Balance of Care Approach: Resource Allocation 
for a Client Group 

The balance of care (BOC) model has by now a long and somewhat checkered 
history, during which the nature of the model1ing approaches adopted has 
changed radically. This history is of considerable relevance in identifying gen
eral barriers to widespread use of resource allocation modelling, and so will be 
reviewed briefly here. 

The BOe model had its origins in modelling work developed by the 
Department of Health and Social Security (DHSS) in the UK [26], which ex
amined the allocation of resources for health and personal social services. The 
model used the current amounts of resources allocated to different categories of 
patients to infer the value judgements of professional workers in the field. These 
were then used to estimate (by a technique of non-linear mathematical pro
gramming) how the field workers would allocate any given mix of resources 
that might be provided (a simulation type of approach), and what would be the 
best set of resources to be provided (an optimization type of approach), where 
the inferred value judgements of the field workers were used to define best. 
The model took into account the limitation of resources, the competition for re
sources between services or care groups, the interrelationships between ser
vices, and the availability of alternative forms of care. 
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The BOC model was used in different regions of the UK [27, 28], as well as 
in a national planning context [29], and in some other regions, for example 
Western Australia [30]. A closely related model, DRAM (disaggregated re
source allocation model), was later developed at the IIASA as one of a family 
of health systems models. DRAM's formulation, history, and use have been 
outlined by Hughes and Taket [31]. 

Despite considerable theoretical development, and some practical appli
cations, use of the original BOC or of DRAM remains rare. In addition to 
technical criticisms, which in the case of the BOC model focussed particufarly 
on the derivation and use of inferred worth, the models were seen as rather 
opaque and unfriendly by their potential users. The computational require
ments, the data requirements, the level of involvement of health personnel in 
the calibration stages, and the technical expertise required to interpret the 
model's output to the planner or decision-maker all contributed to their lack of 
use. 

For this reason,a revised version of the BOC model was developed [32], us
ing less complex modelling techniques, and designed to be simpler for planners 
to understand and use. It has been used at district level in the UK [33]. The 
simplification and clarification of the model did not, however, go so far as to 
guarantee its widespread use, and this has resulted in yet further versions of the 
BOC model, this time specifically for elderly people. The first version [34] uses 
currently available data to generate estimates of the numbers of elderly people 
with particular types of care needs, and allows users to explore the resource 
implications of a range of care options. It uses a proprietary spreadsheet pack
age for use on a micro-computer. The system consists of two parts: a popu
lation model and a care options model. The former provides estimates of the 
numbers of elderly people in a given locality, in each of a number of depen
dency categories. In the care options model, the resource implications of the 
population model are explored, initial sets of care options are provided for each 
dependency category (these can be adjusted as required by the user),and the re
source allocation can be made on the basis of minimum cost, specified prefer
ence, or the allocation that was observed in some locality (usually obtained 
through a special survey). The consequences of the allocation, in terms of ser
vice levels and costs, are presented to the user. The user is then allowed to go 
back and readjust care options and/or allocation criteria, and to examine the re
sultant differences in allocations, service levels, and costs. 

This system was released in 1987, and was acquired by over half of the 200 
or so health authorities in England and Wales [35]. Precise details of the extent 
and depth of use are hard to come by, but feedback to the DHSS has resulted in 
yet further re-specification and re-packaging of the system [36]. These latest 
modifications include changes to the user interface, and changes to the specifi-
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cation of dependency categories based on a recent national disability survey. In 
all these later versions of the model, the dependency categories used are derived 
from single cross-sectional surveys or combinations thereof. A similar model
ling approach has also been applied to the planning of services related to HIV 
and AIDS [37,38]. Further development is planned for other client groups, for 
example the physically disabled and the mentally ill. 

These later versions of the BOC model offer several possibilities for the use 
of outputs from health status modelling. One would be in the population model, 
to refine the dependency categories used, and also to include the time dimension 
explicitly, through use of outputs concerning life expectancy in different de
pendency categories. This sort of development and refinement of the population 
model component would give the BOC model improved potential for use in a 
strategic time framework. Outputs from health status models could also be used 
in the care options model, to help delineate appropriate packages of care. 

Looking at the history of the BOC model, two developments can be ob
served. The first is one of progressive mathematical simplification: away from 
optimization, inferred worth, and mathematical programming towards simu
lation using much simpler input/output equations. The second is changes in the 
nature of the interaction between modeller and user, from an almost complete 
separation of the two, through various intermediate stages, to the latest version 
where the user to some extent becomes the modeller, through being able to 
specify and adjust model inputs, such as care options. Experience using the 
latest version of the model suggests that technical mediation or facilitation is 
still required, and it remains to be seen whether this will still be so once the 
latest modifications are completed. Extensive testing in this area is planned. 

It was noted above that the outputs from the model are presented to the user 
in terms of both service levels and costs. Recent developments in MCDA 
(discussed below) may provide improved ways of presenting such information 
to the user so as to facilitate choices between different resource configurations. 

Finally, in terms of trends in the development of the model, we have noticed 
an increased emphasis, in later versions, on the process by which resource allo
cation decisions are considered by the relevant parties. This, again, is an area 
where developments in MCDA, and in so-called soft OR approaches, have much 
potential that remains to be fully explored. 

Multiple Criteria Decision Analysis (MCDA) and Resource 
Allocation Models 

The basis of MCDA approaches is the desire to take account of multiple, and 
possibly conflicting, criteria in a decision-making process. The use of MCDA in 
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resource allocation modelling arose from a recognition that the application of 
resource allocation models to real-world health systems involves what is essent
ially a decision-making process. 

A recent review of methodology in the area of MCDA [39] usefully sum
marizes five key points which underlie its potential for use (my italics in the 
following quoting): 

• 'multiple criteria approaches seek to take explicit account of multiple con
flicting criteria in aiding decision-making; 

• the principal aim is to help decision-makers learn about their own and others' 
values and judgements, and through organization, synthesis and appropriate 
presentation of information to guide them in identifying, often through in
tensive discussion, a preferred course of action; 

• the most useful approaches are conceptually simple and transparent; 

• there is a skill in making effective use of a simple tool in a potentially com-
plex environment; 

• the process leads to better considered, justifiable and explainable decisions.' 

It is also useful to distinguish between two types of circumstance in which 
MCDA may be used [40, 41]: 

• to evaluate and choose between a number of discretely defined alternatives 
(sometimes referred to as multi-attribute decision-making), in the resource 
allocation context, between a number of pre-determined possible allocations 
of resources; 

• to identify a preferred alternative from a potentially infinite set of alterna
tives implicitly defined by a set of constraints (sometimes referred to as mul
tiple-objective decision-making), in the resource allocation context, to iden
tify a preferred allocation of resources. Note that this is not strictly equiva
lent to an optimization type of approach, since there is no requirement to 
identify only one preferred option. 

Belton [39] distinguishes these two types as the evaluation problem and the 
design problem, respectively. 

Applications of MCDA in the health field are as yet rare. A recent review 
[42] of applications which used multiple objective methods, and were published 
between ] 955 and 1986, classifies applications in terms of status with regard to 
implementation and methods used. Of the 504 references classified, 58 had been 
implemented; of the 13 which describe applications in the health services field, 
only one was classified as having been implemented in practice. 

Some potential areas for development of MCDA are as follows: one is the 
application of computer-based, visual interactive approaches to goal program
ming, which allows the user/decision-maker to explore sets of feasible resource 
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allocation options interactively, while monitoring their effect on objectives of 
interest, developing, for example, along the lines of Kohonen and Laasko [43]. 
A potential application of this, in the context of extensions of the BOC approach 
discussed earlier and the challenge to development in this direction, would be to 
maintain sufficient transparency to the user. A second possible area for devel
opment is the use of methods developed through work on the evaluation prob
lem within MCDA. Here, an interesting application could be to the use of out
puts from spatial interaction models (discussed earlier) relating to different 
criteria, such as equity and access. Similar applications could be to the use of 
outputs from other models. In both cases, the potential benefits are linked to the 
use of increased computer power, and the adoption of an essentially interactive 
approach to the problem of resource allocation modelling. 

Conclusions 

In conclusion, some of the issues raised above can be highlighted. The nature of 
such conclusions remains provisional and tentative however, until the develop
ments in methods, and the use of methods, discussed in the paper are carried 
out in practice. 

Firstly, there remain a number of theoretical tools whose usefulness for 
health services resource allocation modelling remains to be explored. A general 
theme underlying many suggestions is one of increased interaction between the 
modeller and the user, and this is reflected in an increased emphasis on the pro
cess of implementation or application of resource allocation modelling, rather 
than on refinements to the technical specifications of the models used. This is 
not to suggest that such refinements are unnecessary (far from it!), and some 
avenues requiring development have already been identified in this paper. 
Rather, the intention is to suggest that decision-making processes involved in 
the use of resource allocation models are an extremely important part of the 
total picture. 

A related issue is how to achieve sufficient involvement of the relevant par
ties in the project; this remains problematic, and is an area requiring further 
attention. We might also note that putting emphasis on interaction and the de
cision-making process has implications for the portability!transferability of re
source allocation models. 

Many of the suggestions for further development have become available only 
through continued developments in IT. Still further possibilities, not even 
touched on in this paper, might involve investigating the use of expert systems 
technologies in resource allocation. 
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Other underlying trends are a move towards explicit incorporation of sub
jective elements in the formulation and use of models, the· adoption of a simu
lation rather than an optimization approach, and the recognition of multiple 
objectives and different value systems. This area could not be explored in detail 
in this paper. However, a whole range of techniques, the so-called soft OR ap
proaches [44], have the potential for helping to elicit and structure subjective 
elements. 

In many European countries, the rapidly changing nature of health systems, 
in terms of their financing, organization, and referral mechanisms, poses par
ticular challenges to resource allocation modelling. The consequences of this 
are likely to include a need for models to be re-specified, re-calibrated, and 
validated before being transferred for use in a different setting to that of their 
origin. This is another factor hindering the easy portability of resource alloc
ation models. A related problem is the difficulty of finding appropriate models 
for use in coercive contexts (where all relevant participants do not agree about 
a common set of goals, and where it is not possible to bring about genuine ac
commodation among the parties involved through negotiation), and even of 
defining what appropriate might mean in such contexts. 

Annex 

Spatial Interaction Models 

Attraction constrained: 

where 

i, k index the origin and destination zones, respectively 

Tik is the flow of patients from zone i to zone k for treatment 

Dk is the capacity of destination zone k to treat patients 

Wj is a measure of the relative need of residents in zone i (the patient 
generating factor for zone i) 

f(b, Cjk) the deterrence function 

b a parameter determined during calibration 

Cjk a measure of the accessibility of hospitals in treatment zone k to 
residents of area i 
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BIe = ( ,LWi f(b, Cile) )"1 (which ensures that ,LTile = Die) . 
i 

Production constrained: 

where 

i, k index the origin and destination zones, respectively 

Tile is the flow of patients from zone i to zone k for treatment 

Ale is the attractiveness of destination zone k 

Wi is the demand from residents in zone i 

f(b, Cjle) the deterrence function 

b a parameter determined during calibration 

Cik a measure of the accessibility of hospitals in treatment zone k to 
residents of area i 

Bi = ( ,LAIe f(b, Cile) )"1 (which ensures that ,LTile = Wi) . 
le le 

Data Envelopment Analysis 

Algebraically, the DEA problem can be formulated as follows: 

Define a common measure of relative efficiency as the ratio of a weighted sum 
of outputs to a weighted sum of inputs, and let 

xij the amount of input i used by unit j 

Ylej the amount of output k produced by unit j 

Uir the weight given to input i which produces the highest relative effi
ciency for unit r 

Vier the weight given to output k which produces the highest relative ef
ficiency for unit r 

and 

Ejr the relative efficiency for unit j under the weights which produce 
the highest relative efficiency for unit r: 
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Then it is required to find Uir. Vkr to maximise Ejr for each r in turn, subject to 

Ejr ~ 1 

Uij> e 

Vkj> e 

where e is a small positive quantity. 

This is equivalent to solving a single linear programming problem for each 
of the units in turn. Units where Err are strictly less than one represent those 
whose relative efficiency is not optimum, relative to the other units in the com
parison set. 
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Micro Simulation of Costs and Effects: 
the Case of Heart Transplantation 

B. A. van Hout and J. D. F. Habbema 

Introduction 

Technology assessment is an important aid in monitoring the introduction of 
new medical procedures. These are evaluated from a medical, economic, social, 
ethical, and legal aspects so as to facilitate rational decision-making by the 
authorities. The Dutch heart transplant evaluation study is an example of this 
type of research, in which emphasis was placed on costs and effects. The study 
was initiated in 1985, one year after the first Dutch heart transplant. It served 
two goals. First, it aimed to reach consensus about the introduction of heart 
transplantation into the Dutch health care system. Second, it was one of several 
studies intended to explore the usefulness of cost-effectiveness health care. 

In cost-effectiveness analysis, costs and effects of a defined health care pro
gramme are compared with costs and effects of alternatives. The most plausible 
alternative to heart transplantation is optimal conventional treatment without 
transplantation. Therefore, the costs and effects of a heart transplant pro
gramme have been compared with costs and effects without such a programme. 
For this purpose, separate analyses were conducted regarding survival [1], costs 
[2], and quality of life [3], all with and without a transplant programme. In 
addition, separate studies were carried out regarding the future number of 
donor hearts [4] and the number of future patients who were expected to be re
ferred to the programme [5]. Results from all these studies were integrated in a 
model which was used to forecast the future development of the Dutch heart 
transplant programme [6]. 

In the model, different treatment stages (compartments) are defined, and du
rations within these stages are handled as stochastic variables. Thus the model 
may be labelled as a stochastic compartment model [7]. 

Micro-simulation was chosen as the appropriate technique for calculations. 
Using this technique, account can be taken of interactions between the number 
of patients on the waiting list, survival probabilities, the number of donor-or
gans, and matching criteria between donors and recipients [8]. The direct result 
of the micro-simulation technique consists of patient histories containing patient 
characteristics and precise data on entering and leaving the different treatment 
stages. Costs and effects are secondary results, obtained by adding up durations 
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and by linking patient histories to estimates of cost~ and quality of life cor
responding to the different treatment stages. 

This paper presents the Dutch heart transplant model. It also shows that the 
structure of micro-simulation fits in perfectly with the results of survival ana
lysis applied to the durations of subsequent compartments. As such, it is a 
powerful tool in calculating costs and effects in stochastic compartment models. 

The Dutch Heart Transplant Programme 

After the first Dutch heart transplant on 23 June 1984, Dutch health care au
thorities licensed two transplant centres to perform a limited number of heart 
transplants. The first centre is shared by three hospitals: the University Hospital 
in Rotterdam, the University Hospital in Leiden, and the St. Anthonius Hospital 
in Nieuwegein. The second centre is shared by two hospitals: the University 
Hospital in Utrecht and the University Hospital in Groningen. The operations 
were performed in only two hospitals, the University Hospitals in Rotterdam 
and Utrecht, where organization and administration were also centralized. 

referrals 

The decision structure 
of the Dutch heart trans
plant programme is 
shown in Figure 1. After 
referral to a transplant 
centre, a patient is screen
ed to determine if a trans
plant is indicated. After 
screening, three decisions 
are possible. First, a trans-

death plant is definitely not in
dicated, the patient re-

Fig. 1. The Dutch Heart Transplant Programme. flow chart turns to the referring 
model hospital. Second, a trans-

plant is not indicated but 
might be in the future (for example, if the patient's condition is not severe 
enough, or if some other treatment is still possible, which may be medical 
therapy or conventional cardiac surgery), the patient returns to the referring 
hospital, but contact is retained with the transplant centre. Third, a transplant is 
indicated and the patient is placed on the waiting list; further treatment is 
carried out by the transplant centre. If a patient has no indication for heart 
transplant but might have in the future, he may return to the transplant centre 
to be screened for a second or even a third time. After referral to the waiting 
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list, a patient is either transplanted or dies awaiting transplant. After 
transplantation, no further refinement in treatment stages is made. 

From 1983 to 1988, 346 patients were referred to the two centres (238 to 
Amsterdam, 108 to Utrecht). Seventy-six transplants were performed (57 in 
Rotterdam and 19 in Utrecht). It was decided that a transplant was not indicated 
for 79 patients. Ninety-five patients were referred to the waiting list of 
Eurotransplant (an international organization which coordinates organ trans
plants). One patient was removed from this list, 75 were transplanted (one of 
them for a second time), and sixteen died waiting for a donor heart. Thirty
seven patients died before any formal decision about further treatment was 
made, and 15 died while they were registered in the follow-up group. 

Both centres provided data on all patients who had been referred during the 
years 1984-87. The data included socio-demographic and medical character
istics, and flow-chart data. Data collection on costs was restricted to those pe
riods when patients were treated in Rotterdam or Utrecht. Data on quality of 
life were obtained from computer-assisted interviews in 1986-87, according to 
a three-month schedule, from patients who had been transplanted or who had 
not yet been transplanted. 

The Model 

The Dutch heart transplant programme was modelled according to treatment 
stages, which were defined following the decision structure within the pro
gramme. Basically, the model distinguishes the following input sources: 

• forecasts of the annual number of patients referred to the transplant centres; 

• forecasts of the annual number of donor hearts; 

• estimates of duration-distributions. 

Secondary input sources are: 

• estimates of costs; 

• estimates of quality-of-life indicators. 

Different values of input sources imply different scenarios. Two scenarios 
have been central to the analysis: the base-line scenario and the non-transplant 
scenario. In the base-line scenario, the consequences are explored of continuing 
a heart transplant programme as it was carried out in the period 1985-88. The 
non-transplant scenario is used to explore the consequences of a political de
cision to abstain from a heart transplant programme in The Netherlands. The 
number of donor hearts then equals zero, and costs are calculated on the basis 
of cost estimates without a transplant programme. 
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Duration of a treatment stage, until death or until some decision is made, is 
represented by a random variable. In screening, there are four random vari
ables for which the distribution has to be estimated. When a transplant is tem
porarily not recommended, two durations are of importance. Regarding the 
waiting list and the post-transplant stage, survival has to be estimated. 

Different durations within a treatment stage are analyzed using competing 
risk models [12]. Related techniques based on survival analysis may also be 
used. Regarding screening, for example, standard non-parametric tests were 
used to test for differences between groups, resulting in a distinction between 
first, second, and third screening. Furthermore, Cox regression was applied to 
identify trends, showing that a decreasing number of patients were referred 
with no indication for a heart transplant. This was taken into account by using 
the estimate for 1 January 1988. On average, 55% of all referred patients are 
placed on the waiting list, and 38% of these are so placed after a first screening. 
Twelve percent of referred patients die during screening, and all other patients 
die while in a treatment stage where there is no indication for transplantation. 

Using micro-simulation, heterogeneity within groups can be taken into ac
count. Regarding survival on the waiting list, data on 20 medical variables, in
cluding cardiac output and ejection-fraction, were obtained from 137 patients: 
53 who had been accepted for transplant, 41 who had definitely no indication, 
and 43 who had been declared too healthy. Cox regression was applied, but 
none of these 20 medical variables showed significant (at the 95% level) effects 
on survival. Knowing that cardiologists have some implicit appreciation of 
survival probabilities, the hypothesis was formulated that survival on the wait
ing list is worse for those patients who are screened in a relatively short period 
of time, reflecting a sense of urgency. This hypothesis was confirmed by a 
negative (at the 95% level) coefficient applying Cox regression, with the loga
rithm of duration of screening as an explanatory variable. (Expert opinion tells 
us that this jingerspitzenge!ithl is based on the dynamics of some medical vari
ables. This means that not only should values be taken into account, but also 
first and second order derivates. Therefore longitudinal data would be neces
sary.) This result was taken into account in further analysis for estimating 
parametric models. Of these, the exponential model with duration of screening 
as an explanatory variable, was accepted as the best model. One-year survival 
was estimated to be 32%, and mean expected survival was estimated to be 
slightly more than one year (i.e. 400 days). 

Technically, this result was taken into account by adding the duration of 
screening to the patient's history, and by simulating survival on the waiting list 
using results from the proportional hazards model. 

The longest follow-up after transplant was 1 287 days. Because of the ab
sence of reliable sources, survival estimates exceeding 1 287 days have been 



Micro Simulation of Costs and Effects: Heart Transplantation 173 

obtained by extrapolation. Dutch male survival tables were used for this pur
pose, and it was assumed that survival after the second year after transplant
ation would be identical to the survival probabilities of the average 69-year-old 
Dutch male. 

The age of 69 years was chosen because of the similarity between survival 
probabilities at this age and those estimated pararnetrically for the second and 
third year after transplantation. Different parametric models were evaluated, 
and the Pareto model was accepted as the best descriptive model for survival in 
the first three years after transplantation. Based on these assumptions, the ex
pected survival after transplantation was estimated to be 11.9 years. Ten-year 
survival was estimated to be 52%, which matches estimates from major trans
plant centres. 

Linking Costs and Effects 

The primary results from the micro-simulation programme are patient his
tories. Cost and effects are calculated SUbsequently. Effects in terms of life
years are calculated by summing up all durations. Costs and quality-adjusted 
life-years are calculated by relating the patient histories to the estimates of costs 
and quality of life. 

The relation between the costs and duration of a treatment stage is of impor
tance if assumptions are made that affect the average duration of a treatment 
stage. In the heart transplant programme, the average duration is affected by 
two treatment stages: duration on the waiting list, and duration after transplant. 
The average duration on the waiting list is affected by the interaction of the 
future number of donor organs and the future number of patients on the wait
ing list. The average survival after transplant differed from the observed aver
age survival because no long-term data were available. It is assumed that the 
average duration of screening will not change in the future. One may therefore 
calculate average costs per patient, and disregard the relation between costs and 
duration. 

In the heart transplant study, data on costs were available for each point of 
time. On the basis of these data, the relation between duration of a treatment 
stage and total costs could be analyzed. Thus costs per day after entry into a 
treatment stage were estimated by summing up the costs per day after entry, 
divided by the number of patients about whom data were available on that day. 
Subsequently, an estimate of the cumulative cost curve was obtained by sum
ming up the chronological estimates of costs per day. This method, which was 
named the Sum-Limit method, through analogy with the Product-Limit method 
in survival analysis, has some distinct advantages. First, no assumptions have to 
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be made about the relation between costs and duration: the method is non
parametric. Second, sudden increases are identified, for example due to yearly 
follow-up costs, and bias due to incomplete follow-up is minimized. Third, as 
in linear regression, the sum of the residuals equals zero. (This means that, if 
duration per patient is taken into account, observed average costs per patient 
equal estimated costs per patient.) 

The result of the Sum-Limit method is a stepwise non-decreasing function. 
Costs are estimated as the result of a stochastic process, in which the probability 
of generating costs depends on the time from entry into a treatment stage. It 
should be noted, however, that if the length of stay in some treatment stage de
pends on certain therapeutic actions to be taken, the Sum-Limit method leads to 
biased estimates. 

Thus costs were analyzed per treatment stage. Costs during screening ranged 
between ft. 4 500 (Dutch guilders) for patients with definitely no indication, 
and ft. 12000 for patients referred to the waiting list. Costs on the waiting list 
were estimated, taking into account length of stay. With transplant, programme 
costs were estimated at ft. 64 000 per year, and without transplant, at 
ft 53 000. Costs were estimated at ft. 141 000 during the first year after trans
plantation, and in later years at about ft. 37 000 a year. All these results can be 
linked directly to each patient's history. 

An identical methodology may be applied concerning quality of life. In the 
heart transplant study, a very simple procedure was followed. Life-years before 
transplant were multiplied by a factor of 0.225, and life-years after transplant 
by a factor of 0.7. This estimate of the improvement in quality of life after 
transplant was based mainly on computer-assisted interviews. In addition, use 
was made of a model which was developed for translating health states into 
values on a zero-to-one scale. On the basis of this model, quality of life before 
transplant was estimated to lie within the range of 0.15-0.30. Quality of life 
after transplant was estimated to lie within the range of 0.55-0.85 [3]. 

Some Results 

The results presented here are the averages of one hundred simulation runs. 
Table 1 shows the numbers of patients entering the waiting list, the number 
of donor hearts, and the number of transplants. Table 2 shows the numbers 
of patients alive at given years after being placed on the waiting list, with 
and without a transplant programme. The annual number of transplants, and 
the number of donor hearts, are expected to stabilize in 1994, with 80 trans
plants performed in that year. It appears that the number of patients who 
will be alive after transplant will continue to rise during this century. The dif-
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ference between the number of 
patients alive with and without 
transplant will also continue to 
increase. The number of pa
tients alive at the beginning of 
the next century, who would 
have been dead without a trans
plant programme, is predicted 
to be 534. 

Table 3 presents the yearly 
costs with a transplant pro
gramme per treatment stage. 
The post-tran,Splant costs in
clude the costs of transplan
tation. In 1988, the cost of op
eration was 11,5% of post
transplant costs. In 1999, it will 
be less than 5%, and more than 
95% of post-transplant costs 
will be related to treatment 
after operation. 

Table 4 shows estimates of 
costs in the non-transplant pro
gramme per treatment stage. 
Costs due to treatment of trans-
planted patients will account for 
more than 70% of total pro
gramme costs. This proportion 
is increasing. It is predicted that 

Table 1. Donor hearts and patients after placement on 

the waiting list: The Netherlands 1988-1999 

Patients placed 

on the waiting 

Year Donor hearts list Transplants 

1988 

1992 

1996 

1999 

52 

72 
82 

82 

89 

145 
147 
149 

48 

70 
80 

80 

Table 2. Patients alive at given years, with 

and without a transplant programme 

Year 

1988 

1992 

1996 
1999 

With transplant Without transplant 

programme 

127 
356 

564 
693 

programme 

48 

131 

152 
159 

total yearly costs will not exceed 42 million guilders. Costs that would have 
occurred without a transplant programme increase less steeply than those with a 
transplant programme. The latter is expected to be around 10 million guilders 
in 1999. Hence, while it is predicted that, in 1999, there will be more than 500 
patients alive as a result of a heart transplant, the estimated net cost is 31· 
million guilders. 

Discussion 

The Dutch heart transplant programme has been modelled as a stochastic com
partment model, using the micro-simulation technique. The primary reason for 
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Table J. The DulCh transplant programme: annual costs 1988-1999 (11. 1 (00) 

Second/lhird Waiting Post-

Year Screening screening list transplant 

1988 1991 445 1528 7902 

1992 3024 877 4221 17 318 

1996 3012 928 4102 26259 

1999 3015 958 4113 31220 

Table 4. The Dutch transplant programme: yearly costs 

without a transplant programme 1988-1999 (11. 1000) 

First Second/lhird Waiting Total 
Year screening screening list 

1988 859 182 1602 2634 

1992 1302 358 6579 8239 

1996 1297 379 7924 9600 

1999 1298 391 8237 9962 

Programme Total 

costs 

1214 13080 

1791 27231 

2028 36329 

2023 41329 

this choice was its ability to 
take account of the interaction 
between survival, numbers of 
patients, and a limited number 
of donor organs. In this re
spect it has proved successful. 

In addition, micro-simu
lation has the advantage that it 
fits perfectly with standard 
techniques which have been 
developed to estimate duration 
distributions. Results from these 

techniques can be applied directly to the simulation programme. Moreover, 
results from more advanced techniques, such as estimates which take account of 
unobserved heterogeneity, or of local independence, may be implemented 
directly. The effect of lags and time-dependent explanatory variables may also 
be included. 

Forecasting cost and effects was also shown to be possible. Direct links can 
be made between the simulated patient histories, and estimates of costs and 
quality of life per treatment stage. Costs and effects of different scenarios can 
be estimated. 

Disadvantages of micro-simulation are related to computer time and com
puter space. Heart transplantation concerns only about 300 patients a year. One 
hundred simulation runs take about 3 hours on an IBM personal computer. For 
calculations at the population level, therefore. more power is needed, otherwise 
whole generations may have died before their prognoses have been calculated. 
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Regional Variation in Risk Factor Distributions and National 
CHD Mortality in Europe - with a View Towards Disease 
Modelling 

W. Morgenstem on behalf of the WHO ERICA Research Group 
(based on a presentation at the 2nd World Conference on Preventive Cardiology. 

Washington DC, 1989) 

This paper deals with one of the common methodological problems in disease 
modelling: the link between risk factors of diseases and morbidity or mortality 
from diseases on the one hand and the usual lack of optimal data for this link on 
the other hand. It will be demonstrated by exploratory data analysis that it is 
possible to establish a link between local risk factor distributions and national 
mortality rates. The repercussions of this on disease modelling are obvious. 

Methods 

The data analyzed in this paper come from two different sources: national 
mortality statistics provided by the World Health Organization (WHO), and risk 
factor distributions of sample surveys provided by the WHO ERICA (.European 
Risk and Incidence, a .coordinated Analysis) Research Group. The ERICA 
Project is a study of coronary heart disease (CHO), which collected epidemi
ological survey data from the European region. It is a retrospective analysis of 
surveys performed in the 1970·s. Risk factor distributions from 35 surveys in 
17 European countries have been published [1]. 

The basic question for the present investigation was to determine whether 
risk factor distributions in local geographical areas can provide reasonable esti
mates of national CHO mortality rates. At the first stage of our analysis, we 
chose linear regression models in which the national CHD mortality rate is used 
as the dependent variable and estimates of mortality - computed from local risk 
factor distributions - are used as independent variables. 

The ERICA-surveys are used for estimating national CHO mortality rates. 
This has been done by means of coefficients of multiple logistic functions 
(MLF) for the parameters age, cholesterol, systolic blood pressure, body mass 
index and cigarette smoking. The coefficients, based on the iterative solution of 
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the logistic regression of Walker and Duncan [2), were calculated in the 
ERICA-Project. Results of these computations were published in detail by the 
ER1CA Research Group [3]. So far, ERICA was mainly concerned with males, 
aged 40-59 years. Therefore, our analysis is restricted to this gender and to 
these age-groups. 

The MLFs in ERICA are derived from 12 studies which have a minimum of 
five-year mortality follow-up (comprising approx. 21.000 individuals). Coef
ficients are elaborated by various geographical groupings of the studies. These 
coefficients are then applied to the risk factor distributions of 28 ERICA
studies including those 16 with no mortality follow-up. Out of the 35 ERICA 
studies seven are excluded (five studies of the USSR for which national mortal
ity statistics are not available and two studies which included only single-year 
age classes). National cause-specific mortality is available for five-year age
groups. We apply the MLFs separately to the following age-groups: 40-44 
years, 45-49 years, 50-54 years, and 55-59 years. Estimated standardized death 
rates (SDR) are then calculated for each survey population on the basis of those 
MLFs. These estimates refer to a five-year period based on the pattern of the 
initial risk factors in the specific surveys. In order to calculate the national 
mortality rates for the same period of time, the respective age-specific national 
mortality rates for the survey-year and for the fifth year following the survey 
are added, divided by 2 and multiplied by five. The rate is then expressed as 
SDR (the European standard population serves as a reference population [4]). 
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Fig. 1. National CHD standardized 

deaths rates (SDR) and MLF estimates of 

CHD SDR in local survey populations 

(28 studies). MLFs were derived from 

pools of four different European regions 

Results 

Coefficients of MLF derived from 
various, regional geographical group
ings of the studies are used in the eva
luation. The best results are obtained 
by those estimates based on MLF coef
ficients which were derived from four 
different pools, each representing four 
different European regions. The de
finition of the four geographical re
gions (North, South, West and East 
Europe) is given in [1]. For each of the 
28 surveys the estimates have been cal
culated according to the specific Euro
pean region to which the survey belongs, 
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i.e. according to the region's specific 
MLF. The graph of the regression is 
given in Figure 1. As can be seen, the 
overall correspondence is fairly good. 
Most of the points are located close to 
the regression line. The R 2 shows· that 
84% of the variation observed in 
national CHD SDRs is explained by es
timates derived from these MLF-coef
ficients. The slope (0.85) and the inter
cept (12.25) result in an overestimation 
of national CHD SDRs. The regression 
indicates, however, that for males aged 
40-59 years the relation between na
tional CHD mortality and local risk fac
tor distributions is good. This is the case 
when regional coefficients are used. 

Next, we compare this result with an-

300 ,.....----------, 
y = 622 + 0.90. R 2 = 0.36 

o •• 
! 200 

I 
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51 • 
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Fig. 2. National CHD standardized 

deaths rates (SDR) and MLF estimates of 

CHD SDR in local survey popu[ations 

(28 studies). MLFs were derived from 

one pool for the whole of Europe 

other one which we achieved by applying a uniform MLF for the whole of 
Europe, i.e. a MLF deriving from one pool comprising all 12 studies with 
mortality follow-up. This regression is given in Figure 2. Compared with the 
regression described above, the result is rather poor. Only 36% of the overall 
variation observed in national CHD SDRs is explained. Risk factor distributions 
of males of that age (as well as CHD mortality) show larger variation in the 
European region in the 1970's [1]. The application of a single MLF seems to 
fail in assessing this variation. This may lead to an outcome similar to that 
described for instance by Menotti et al. [5], which indicated that the application 
of risk functions from one cultural entity to another may result in poor 
predictions. 

When we divided Europe into two regions and combined North and West 
Europe with its high risk factor prevalences in the 1970's and East and South 
Europe with its lower prevalences [l], we found a stronger relation between 
national CHD SDRs and MLF-estimates (the results are not given here), but still 
less strong than the relation described in Figure 1. 

Next, we investigated whether the strong relation observed between national 
CHD SDR and MLF-estimates achieved by applying regional MLFs, is caused 
by a real relation between risk factor distributions in local areas and national 
CHD mortality or by the mechanism of the MLF itself as a logistic regression 
which, of course, predicts exactly the mortality of the population from which it 
is derived. 
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Fig. 3. National CHD standardized 

deaths rates (SDR) and (a) observed 

CHD SDR (b) MLF estimates of CHD 

SDR in local survey populations (11 

studies with follow-up). MLFs were 

derived from pools of four different 

European regions 

For this investigation we used only 11 
of the 12 surveys having a mortality fol
low-up from which the regional MLFs 
are derived ( one of the 12 surveys was 
excluded because national statistics were 
not available). First, we investigated the 
relation of the true CHD mortality ob
served in the survey populations and the 
national mortality. The result of this re
gression is shown in Figure 3 (a). Only 
9% of the overall variation in the na
tional CHD SDR was explained by the 
mortality observed in local areas. This 
outcome is reflected in the estimate of 
the error term (89.51). When applying 
the four regional MLFs to the risk fac
tor distribution in these surveys, we ob
tain a distinctly better result, as shown 
in Figure 3(b) (Note, that the survey 
data have been pooled to evaluate the 
regional MLFs). Here, 55% of the 
variation is explained and the estimate 
of the error term is 39.51. This may 
indicate that the interaction between risk 
factor and CHD mortality given by the 
four regional MLFs can be used to es
timate national mortality from CHD 
risk factor distributions. Furthermore, 
the poor prediction of national CHD 
mortality on the basis of mortality rates 
observed in small local areas on the one 

hand and the better prediction on the basis of MLF-estimates derived from 
pooled data from such small surveys in a larger European region on the other 
hand, may indicate that local risk factor distributions do not sufficiently re
flect the variation in larger regions. In Table 1 the four linear regression 
models described here are summarized. 

Discussion 

The main goal of disease modelling in larger populations is to support health 
policy planning. For the time being the modelling will provide the possibility of 
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Tab. 1. Linear regression models. National CHD standardized deaths rates (SDR) as dependent 

variable. Estimated CHD SDR in local survey populations as independent variable. Model I is based on 

MLFs from pools of four different European Regions (28 studies). Model 11 is based on MLFs from one 

pool for the whole of Europe (28 studies). Model III is based on observed CHD SDR in survey 

populations of 11 studies with follow-up. Model IV is based on MLFs from pools of four different 

European regions (11 studies with follow-up) 

Model I Model n ModelTn Model IV 

Model P < 0.001 P < 0.001 P = 0.364 p < 0.01 

Intercept 12.246 p = 0.179 6.217 P = 0.818 89.562 p<O.D1 39.510 p = 0.105 

Estimated 

CHDSDR 0.849 P < 0.001 0.903 P < 0.01 0.207 P = 0.364 0.646 P < 0.01 

R2 0.841 0.364 0.092 0.548 

simulations, i.e. it will allow playing with scenarios under different assumptions, 
rather than providing a detenninistic, quantitatively exact projection. In this 
kind of modelling, simulations of changes in mortality attributable to changes in 
risk factors play an important part, e.g. in planning national prevention 
campaigns, mass screenings etc. Prerequisites for this sort of modelling are 
predictive factors which can be expressed mathematically for the modelling 
purposes. With respect to CHD, it is well-known that such relations exist in ge
neral for a number of risk factors. The relations found seem to be reliable. At 
least for a specific gender and age-group (males, 40-59 years), we demonstrate 
that national CHD mortality rates can be linked to CHD risk factor distributions 
observed in local areas. Logistic regression appears to be a useful tool for ex
pressing functional relationships. 

The MLFs, which are used and evaluated in the ERICA-Project, yield good 
results and thus seem to be appropriate for modelling-purposes. However, it 
should be kept in mind that ERICA is a retrospective analysis of studies con
ducted in the 1970's. Since that time considerable changes have been taking 
place in the European regions, for instance, a pronounced decrease of CHD . 
mortality in the North and West region (e.g. Finland) and on the other hand a 
dramatic increase in Eastern countries (e.g. Hungary). There are some indi
cators (Gyarfas and Morgenstern, unpublished paper) that these changes are 
also reflected by changes in risk factors. At present the ERICA-MLFs are the 
only ones which cover larger regions in Europe. 
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In the linear regression models national CHD mortality during a five-year 
interval was determined by calculating the average mortality rate reported for 
the years of the interval. It is of course evident, that these mean values do not 
represent exact figures since the increase of mortality in these cohorts will be 
exponential instead of linear, even in a five-year period. This error is likely to 
be relatively constant, however, and is not expected to have substantial effects 
on the regression model. 

We obtained promising results when we applied different MLFs derived 
from ERICA data. The best result we attained was based on MLFs which were 
separately established for the North, East, South and West European regions. A 
poor result was achieved by using a single MLF for the whole of Europe. From 
this we conclude that a unique European MLF does not assess the variation due 
to different traditions and cultures. Thus the predictive power of the logistic re
gression is low with respect to the estimation of national CHD mortality based 
on local risk factor distributions. On the other hand. we demonstrate that true 
CHD mortality rates observed in smaller local areas are even less useful for 
predicting national mortality rates. Obviously one fails to assess variation here 
as well. 

From the results described here one may conclude that 1) the regionality of a 
disease has to be assessed, i.e. has to be expressed functionally and 2) that in at
tempting this, generalization, as well as specification, may fail in their ex
tremes. Therefore modelling should be performed adaptively. 

Finally, it should be stressed once more that the paper deals only with the 
question of whether a link between local risk factor distributions and national 
CHD mortality seems to be reasonable. 
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