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Abstract

The link between competing desth risks and the change of risk factor levels over time has been
analysed using data from the Zutphen-Study and the model of Manton& Stallard (1988). The
Zutphen-cohort consists of 878 men, initially with age 40-59 years, that have been followed
since 1960. The model of Manton& Stallard describes the change of the risk factor levels among
the individuals of a cohort taking into account mortdity and the change of levels within the
individuals. The model has been divided into one part on mortality and another on the risk factor
level changes. The hazard function used is smilar to the one used in the Cox proportional
hazards model. For almost the same combinations of risk factors and causes of desth
significant effects have been found as in Cox analyses. However, using current instead of
baseline risk factor measurement values result in smaller effects probably due to medication
(for total cholesterol and systolic bloodpressure) or in larger effects probably due to areverse
causal relation (for BMI and lung cancer). The most interesting and striking results were
found with respect to the risk factor changes over age. We found positive age-trends for all
risk factors (although non-significant for cholesterol), whereas the results of simple
regression analyses were not that clear. More specific results relate to the interactions with
respect to the deterministic and random changes. The results of the analyses will be used for
the further development of the chronic diseases modelling tools. That means, the refinement of
the modelling of the changes of the risk factors mentioned above over age, and thereation
(interaction) between these changes.
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Preface

This report describes the results of analyses on data from the Zutphen-Study within the scope
of competing death risks and change of risk factor levels over time and age. In aforegoing
report (Hoogenveen et al., 1993) results have been presented of Cox proportional hazards
analyses. The model of Manton& Stallard (1988) enabled us to analyse the dynamic relation
between change of risk factor levels and mortality.

We have made these new analyses for several reasons. Random changes are an essential
aspect of the change of risk factor levels, and can be analysed using the model of

Manton& Stallard. Mortality and risk factor level changes within individuals are the two
processes that govern the change of the risk factor distribution of a cohort over time. These
processes have also been described in demographic-epidemiological simulation models such
as Prevent (Gunning-Schepers, 1988), TAM (Barendregt& Bonneux, 1998), CZM
(Hoogenveen et al., 1998) and POHEM (Wolfson, 1991). The results of our analyses can be
useful to further develop these types of models. For example, the modelling of the changes of
the public health risk factor levels over age could be improved by including interactions
between the risk factor specific changes. The Zutphen-Study is a longitudinal study over a
long time period. Since 1960 approximately 900 men have been followed. Individual risk
factor levels and morbidity and mortality outcome values have been registered. The study has
resulted in many scientific publications so far, mainly for specific causes of death or
mortality risk factors separately. In our analyses we have described a new integrative aspect.

The author thanks dr EIM Feskens, ir MGG van Genugten, dr SH Heisterkamp and EJM
Veling for their contribution to the analyses, and last but not least dr ir PHM Janssen for
giving ‘ matrix-theoretical support’.
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Samenvatting

De samenhang tussen concurrerende doodsoorzaken en de verandering van de niveau’s van
de bijbehorende risicofactoren over detijd is onderzocht met behulp van gegevens van de
Zutphen-Studie en een model beschreven door Manton& Stallard (1988). De Zutphen-Studie
bestaat uit een cohort van 878 mannen, dat is gevolgd vanaf 1960 en met beginleeftijd 40-59
jaar. Voor verschillende epidemiologische risicofactoren zijn herhaalde metingen uitgevoerd
vanaf 1960, en zijn tijdstip en oorzaak van sterfte geregistreerd. Het genoemde model van
Manton& Stallard beschrijft de verandering van de verdeling van de risicofactorniveau’ s van
een cohort over detijd ten gevolge van enerzijds sterfte en anderzijds de veranderingen van
de niveau’ s binnen de individuen van het cohort. De verandering van de verdeling wordt
beschreven door een zogenamde Kolmogorov-Fokker-Planck partiéle differentiaal-
vergelijking. De gebruikte mortaliteits hazard functie is volledig geparameteriseerd. De
‘hazard ratio’ term is een kwadratische regressiefunctie. De modelparameters zijn geschat met
behulp van de methode van 'maximum likelihood'.

Met betrekking tot sterfte werden voor vrijwel dezelfde risicofactoren en doodsoorzaken
dezelfde significante parameters gevonden als bij Cox analyses. Dat wil zeggen voor
systolische bloeddruk voor totale sterfte, sterfte aan CV A en overige oorzaken, voor totaal
cholesterolniveau voor totale en CHZ sterfte, voor Body Mass Index voor sterfte aan
longkanker en overige oorzaken, en voor roken voor longkanker. De gevonden relatie tussen
BMI en longkanker kan verklaard worden door een omgekeerd causaal verband.

Met betrekking tot de verandering van de risicofactorniveau's lieten de modelresultaten een
duidelijke verandering met de leeftijd zien. Ter vergelijking uitgevoerde eenvoudige regressie-
analyses vertoonden een minder eenduidig beeld. Dit resultaat bevestigde het verschil tussen
individuele en populatie-veranderingen over de leeftijd. De resultaten lieten ook duidelijk de
interacties zien tussen de veranderingen van de niveau’ s van de risicofactoren over detijd. We
vonden een negatief verband tussen de verandering en het absolute niveau, het minst nog voor
BMI. Voor elk van derisicofactoren was het verband met de niveau's voor de overige factoren
gering, met name voor BMI. De gevonden toeval sveranderingen waren groot vergeleken met de
1-jaars deterministische veranderingen, met name voor bloeddruk en cholesterol. Dit resultaat
kan echter vertekend zijn door 'regressie naar het gemiddelde'.

De resultaten van de analyses worden gebruikt voor de verdere ontwikkeling van de chronische
ziekten modellering. Dat wil zeggen, de verbetering van de modellering van de verandering van
de niveau's van de bovengenoemde risicofactoren over de leeftijd en derelatie (interactie) tussen
deze veranderingen.
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Summary

In foregoing analyses the Cox proportional hazards model has been used to calculate hazard
ratios for several specific causes of death and risk factors. However, thereis also areverse
relation between risk factors and mortality: high risk level frequencies tend to decrease
because of the related high mortality risks. The two-way relation between competing degth
risks and the change of risk factor levels over time has been analysed using data from the
Zutphen-Study and the model of Manton& Stallard (1988). The Zutphen-cohort consists of 878
men, initially 40-59 years old, who have been followed since 1960. Several risk factors have
been repeatedly measured and the times and causes of death have been registered. The model of
Manton& Stallard describes the change of the distribution of therisk factor levels of a cohort
over time taking into account mortality and the change of levels within individuals. The change
of the population risk factor level distribution has mathematically been described by a so-called
Kolmogorov-Fokker-Planck partial differential equation. The mortality hazard function used is
fully parametric.The hazard ratio is a quadratic regression function of therisk factor levels. The
model has been fitted by the method of maximum likelihood.

With respect to the outcome variable "mortality’ for several risk factors and causes of death
significant parameter estimates have been found. These were systolic bloodpressure for total
mortality, and mortality due to CVA and other causes, total cholesterol level for total and
CHD mortality, Body Mass Index for lung cancer mortality and mortality due to other causes,
and smoking for lung cancer. The same combinations have been found using the Cox model,
also using current risk factor values. The effect of BMI on lung cancer mortality can be
explained by areverse causal relation.

With respect to the risk factor changes we found positive changes over age for all risk factors,
although non-significant for cholesterol, whereas simple regression analyses showed non-
significant or even opposite age trends. For al risk factors we found that high levelstend to
increase lessthan low levels. This interaction was smallest for BMI. For each risk factor the
changes were most strongly related with the absolute values for that risk factor and lesswith
those for the other risk factors. This result especially applied to BMI. For bloodpressure and
cholegterol there was also a small dependency on BMI levels. The random changes found were
large compared to the 1-year deterministic changes, especially for SBP and cholesterol. The
latter result could be biased by 'regression dilution'.

The results of the analyses will be used for the further development of the 'chronic diseases
modelling tools. These are computer simulation models that are used to calculate the
morbidity and mortality effects of trends in and intervention measures on public health risk
factors. The analyses on ageing and mortality will be used to upgrade the modelling of the
changes of the risk factor levels over age and the relation (interaction) between these risk
factor specific changes.
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1. | ntroduction

The change of the population risk factor distribution over age is the result of two processes,
ageing (Mulder, 1993) and mortality. Ageing means that the risk factor levels change within
individuals. This change is a stochastic process. Mortality selection means that the proportion
of individuals with extreme risk factor levels and therefore with high mortality risks decrease
in favour of the proportion with moderate risk factor levels and therefore small mortality
risks. The model of Manton& Stallard (1988) describes the interaction of these two
interrelated processes mathematically. The question we have addressed was to analyse these
two processes ad their interaction using data from the Zutphen-Study.

We have presented the conceptual model in 82.1. The starting mathematical model is a so-
called partial differential equation (82.3). Making some specific assumptions the model has
been simplified to model equations on the two parameters of a multivariate normal
distribution (82.4). In chapter 3 the data have been described that have been used to fit the
model. These data were from the Zutphen-Study (Feskens, 1991). The model results have
been presented in chapter 4. To prevent non-mathematicians from getting stuck in chapter 2,
the results have been preceded by a summary of the model. We have presented results for the
two parts of the model, i.e. for the part describing the risk factor level changes (84.2) and the
part describing the mortality (84.5). In chapter 5 the results have been summarised and
conclusions were drawn. In Appendix A mathematical proofs of some model development steps
have been presented.
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2. M od€l

2.1 The conceptual model

The model of Manton& Stallard (1988) describes the processes of risk factor changes and
mortality and their interaction on both the individual and population level. The main
characteristics of the model are the following. A multivariate function describes the joint
digtribution of the risk factorsin a cohort. This joint distribution changes due to two processes.
One process is change within individuals. Deterministic changes (drift) and random changes
(diffusion) are distinguished (82.3). The other process is mortality selection, meaning that the
extreme risk factors, i.e. those with high mortality risks, disappear in expectation. The mortality
hazard function is functionally dependent on theserisk factors (82.4). Different causes of death
can be distinguished (see 82.6). The model structure is presented in the next scheme:

timet digtribution of the explanatory variables over the population
deterministic and mortality (through
random change (ageing) LD hazard function)

\4
timet+At digribution

2.2 The mathematical symbols used
indices, numbers, etc.

I st of individuals, with index i

I st of observed subject-intervals; each individual generates one subject-interval for each
timeinterval being observed, withindex i

K st of death risksto be distinguished, with index k

M st of individuals having died; also the number of individuals

Mi st of individuals with cause of death k; also the number of individuals, M = X My

J st of variables (explanatory variables for outcome mortality, epidemiological risk-
factors) having been distinguished, with index |

N number of time measurements on the variables, with index n

sudy variables

t obsarved time of death of individual i
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G observed cause of death of individual i
Oh n-th measurement time point
Xi(to,tn) ={ Xio,..Xin } Observed variable values xi, for individual i on time measurements d,

model variables

T stochastic time of death with possible valuet

C cause of death

¢ stochastic explanatory variables with possible value z

fi(z)  probability density function on time point t conditional on survival

m,V: mean and variance of the (assumed) multivariate normal probability distribution function
of the explanatory variables on time point t

Ww(z) determinigtic change (drift) of the variable values

u(t,2), uk(t,z2) hazard function ontime point t conditional on z for death to all causesand to
death risk k respectively

u(t)  population hazard function ontimet

model parameters

A, D parametersof the deterministic and random change respectively of the variables over
time; D is assumed upper-triangular; A and D may be time-dependent

) variance-covariance matrix of the random change of the variable values; £ = D'D

Q,Q« matricesto describe the relationship between the variable z; and the hazard function
u(t,z;) and cause-specific hazard function p(t,z;) respectively; Q and Qx may be time-
dependent

U,Ux unique reparameterisation of matrix Q and Qx respectively; U and Uy are upper-
triangular; UTU = Q, Uy Uy = Q«

The main links between the study variables and their model counterparts are:
model study
time and cause of death 1, C ti, G

explanatory variables (risk factors) Xit
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2.3 The Kolmogorov-Fokker-Planck partial differential
equation

The variables of the model are the time and cause of death and the explanatory variables
(epidemiological risk factors). The outcome variable used in this paragraph is total mortality;
gpecification of cause of desth is introduced in 82.6. The time of death is described by the hazard
function. The digribution of the explanatory variablesis described by atime-dependent
probability density function. The hazard function and the density function are mathematically
defined as

w(t,2) = limaglo Pr(t<t+Atf>t,2) / At
f(2) = 87621..62; Pr(Cuszy,...Cx<z))

respectively, with: T: time of death with valuet; {: vector of explanatory variables with value z;
fi(z): the probability density function of the explanatory variables; (t,z): the hazard function.
Both the probability density function and the mortality hazard function are conditiona on
survival until timet and the explanatory variable z. They can be linked through a partial
differential equation, that can be derived using two assumptions:

1 The deterministic change of the variablesis linear.
2 The random change of the variables is a so-called multivariate Wiener process

The resulting so-called Kolmogorov-Fokker-Planck partial differential equation describesthe
change of the digtribution of the explanatory variables within the cohort over time:

818t 1(2) =- % { 816z [ (@* (D) 1} + e Zij{ 875287 [ 0 @) 1} - { n(t2) - n() } £(2)

with: uj(2): the j-th component of the drift (deterministic change) vector of the variable z; oj;: the
ij-th element of the covariance matrix that governs the random change of z. Note that u;(z) and

o;; may be time-dependent. For reasons of notational convenience this time-dependency has
been omitted here. The right-hand side of the differential equation consists of threeterms. The
sum of thefirst two termsis called the forward diffusion operator of the process of changing
variables. The first term describes the change due to drift (deterministic change). The second
term describes the change due to diffusion (random change). The third term describes the change
of the density function due to mortality.

The assumptions underlying the equation can be explained as follows. We assume that the
change of the variable z; within any individual can be described by alinear sochastic differential
equation:
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dzz={ Ao+ A1z} dt+ D' dw,

with: Ao: the autonomous, constant deterministic change; A;: the regression coefficients that
describe the linear deterministic changes; wi: a so-called multivariate Wiener process with
independent increments in non-overlapping time-intervals, D: matrix of scale vectors, that are
independent of z.. The characterigtics of the Wiener process are: E(dwt)= 0, var(dw;) =1 dt, with:
I: the unit (diagonal) matrix. The deterministic component of the change can be described
alternatively using some new notation: Ag + Aiz=A z, with: A=[ Ao A1],z ' =[1Z' ].
These variables are called extended (augmented) with respect to their congtituents. The matrix D
is the unique upper-triangular metrix square root of the variance-covariance metrix X: X = (oj) =
D'D

2.4  Analytical solution of the partial differential equation
The partia differential equation cannot be solved analytically, because f(z) is not a specified

parametric family. Woodbury& Manton (1977) have shown that a closed parametric family can
be generated by combining three assumptions:

1 A linear dynamics model of the variable vector
2 A quadratic form of the hazard regression model
3 The explanatory variables are initially multivariate normally distributed

The first assumption already underliesthe partial differential equation described above. The
second assumption can be stated mathemetically as follows:

wtz)=z"'Qz
with: z,": the augmented variable (see above); Q: a square symmetric non-negative definite
matrix. The matrix Q can be partitioned at the first row and column to isolate the constant,

linear, and quadratic coefficients. The multiplier %2 is similar to the one used in the mathematical
definition of the normal distribution. Thus:

Q= | bo%b,'
% ORZ =]
ntz)=z ' Qz =hy+b' z+ %z Bz
The quadratic form of the hazard function (U shape) makes sense epidemiologically. E.g. for

BMI quadratic models have been used before to describe the relation with total mortality
(Menotti, 1996). Under these three assumptions z isfor all time points also multivariate
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normally distributed, with the distribution denoted by N(m, V). m isthe mean, V; isthe
covariance matrix. my and V, satisfy the following set of ordinary differential equations:

d/dtm={Ao+A1m} -Vt{ b1+Bm}
didt V=X + VA" +A; V- VBV,

The change of the mean value can be partitioned into two terms. Thefirst termisidentical to the
determinigtic change according to the linear dynamics model. The second part describesthe
effect of mortality selection. The change of the covariance matrix is described by four terms.
Thefirst term describes the variance due to the random change. The next two terms describe
how the deterministic change influences the covariance matrix. The last term describes the effect
of mortality selection. The mean and variance of the population hazard function are:

u(t) = ECu(t.z)le>t) = u(t,my) + Yatrace( Vi B)
var( (t,z)fe>t) = my' B VB m+Yatrace( BV;B V) +2m BV b +b;' V by

V: B isapositive definite matrix, which has a positive trace value. The first equation shows that
the mean mortality hazard function of a population is aways greater than the hazard function
evaluated at the mean variable values. This result iswell-known: neglecting population
heterogeneity always results in overestimating individual hazard rates.

The hazard function used is similar to the Cox proportional hazards model. It isthe product of a
baseline hazard function and a hazard ratio. However, the functional forms of the hazard ratios
aredifferent, quadratic instead of loglinear. We have analysed two parameterisations of the Cox
model, one assuming proportional cause-specific baseline hazard functions (using extra
proportionality coefficients), and one without this assumption. The cause-specific mortality
hazard rates used are:

proportional hazards 1k(t,2) = exp(out Rpt+13 2)
non-proportional hazards 1k(t,2) = exp(out Rt +32)

respectively, with: p(t,z): cause-specific mortality hazard function, t: time, z: variable vector,
exp(¥’2): hazard ratio, 3: regression coefficients with respect to all explanatory variables
(except age), %, Rok: regression coefficient with respect to age, ox: cause-specific
proportionality coefficient.

Because the functional forms of the hazard ratios are different, the regression parameters of both
models cannot be compared easily. To simplify making comparisons we have fitted a linear
instead of quadratic hazard model, that can be interpreted asthe first order approximation to the
loglinear model. When using alinear hazard ratio model, the hazard function may become
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negative and some specific second order characteristics of the model may get lost. In case of a
linear regression model, the hazard functions for two individuals with equal valuesfor all
explanatory variables except for one unit difference for variable k are:

explanatory variable values.  Xp = X3t + €
Cox mode: hi(t;xe) = ho(t) exp( B xit )
Manton& Stallard model: hi(t;x;) = ho(t) 13 Xi¢

with: i=1,2: index for the individuals. Then the hazard ratios hy(t)/hy(t) become:

Cox model: exp( Bz ) /exp( B xy) =exp( k) =1+ (%
Manton& Stallard model: (3 Xt [ 13Xt = 1 + (B3 Xyt

These ratios show the main difference between both hazard functions. The Cox hazard function
is fully multiplicative. The linearised version of the Manton& Stallard hazard function is partly
multiplicative (hazard ratio and baseline risk) and partly additive (effects of the explanatory
variables described within the hazard ratio).

For computational reasons the continuous-time model has been approximated by a discrete-time
model. That means, the differential equationsthat describe the instantaneous change of the mean
and variance-covariance matrix have been transformed to discrete-time equations. These
equations describe the mean and covariance values at the end of a small discrete time step given
the values a the sart. First the effects of mortality are calculated over onetime step, assuming
no change of the variables within individuals. Next the effects of ageing are calculated,
assuming no mortality. The mathematical equations of the discrete-time model are given below,
assuming a unit time step.

Step 1: effectsof mortality, assuming constant variables
Vi1 =Dy Vi
M1 = De (Mg - Vi) = me- DV (bi+Bmy)
e =IDi” exp( - bo - by Demy + %2 by Dy Vi by - %2 my B Dy my)

with: my, M, Vi, Vi1 the mean and variance coefficient of the multivariate normal distribution
of the variable z on timet and t+1 respectively; D, = (1 +V, B)™.

Step 2: effects of ageing, assuming no mortality

mt+1=Ao+(|+A1) m
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Vi1 =2 + (1+A1) Ve (1+AL)
In these equationsit is implicitly assumed that the discrete steps start from the same time point.

In the model implementation (see also Manton& Stallard, 1988) the two steps have been ordered.
That means, the second step starts where the first step has ended.

2.5 Thelikelihood function

The model parameters have been estimated by maximum likelihood. The likelihood function
used is based on the discrete-time approximate model version:

L( {Xi(to..tN)} ,{ ti} iel A,Z,Q) oc
[Ty fo(Xio) Hosneqry fn(Xin+1) | Xin) * (Lo)

Tosn<ri) €XP{ -u( dnXin) } €xp{ -©; u( [t] xi([t]) } *

(Lm)
([t xi([t1) )
with (see also §2.2):
icl index over individuals
n index over time measurement points

Oh n-th measurement time point

fi(Xera|X) the multivariate probability density function of the explanatory variables x ontime t+1
conditional on the valuesontimet; f is the multivariate normal distribution

u(t,x) the hazard function during time period t conditional on x

sudy variables (data):

t; the time of desth of individual i

[ti] the ‘floor’ value of t;; i.e. the greatest integer value that is not greater thant;
C] the fractional part of the time of death; ®; = ti-[tj]

xi(t)  observed values of the explanatory variables on time point t for individual i

model parameters: A, X and Q

The likelihood function has been split up in two parts, with non-overlapping model parameters.
That means, to fit the total model the submodels on mortality and risk factor changes have been
fitted independently. The 1% part (1 ling) of the likelihood function describes the joint
probability density function of the variables over time, and is denoted by Lp. The joint
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probability function is split into series of conditional density functions. That means, the initial
variable values at the start of the simulation period, and for all further time intervals the values at
the end conditional on the values a the sart:

Lp o< ITig { fo(Xio) Mo<ncei) fn( Xin | Xin-1) }

The 2™ part (2™ and 3" line) of the likelihood function describes the probability function of the
times of death, and is denoted by L. The probability of dying is equal to the survival
probability times the mortality hazard rate. The probability of survival is split up into conditional
survival probabilities over successivetime intervals:

L = e { Hosneiei] €XP{ -p( tn,Xin) } exp{ -Oi p(wixi([w] ) } w( [zl xi([zi]) )

Both parts of the likelihood function are built up from congruent terms for each observation time
interval for each individual. These intervals are called subject-intervals. Using this concept the
likelihood function can be reformulated as, omitting the likelihood of the initial values:

L oc Iig» fu( Xie | Xib ) i Xp(-Wi i) igm= Wi
with:

I’ et of subject-intervals being observed, again with index i

M" et of subject-intervalsin which the relating individual dies

Xib,Xie risk factor values at start and end respectively of subject-interval

Wi length of subject-interval i

wi= 1 if individual is being observed during full time period

C] if individual dies during the time period
0 otherwise

i hazard rate for subject-interval i = xip* " Q Xip*

For each subject-interval conditional on the risk factor values at the start, the difference
between the values at the end and start is multivariately normally distributed:

Xie-Xib[Xib o< N(Agt+A1Xip,Z), With: Ag: the vector of constant risk factor changes; A;: the
matrix of changes proportional to the absolute values; X: the varaince-covariance matrix. The
loglikelihood function for any subject-interval is (omitting the constant):

In f(XielXibA,Z) = - YAN| T | -YaXiep)' Z ¢ (Xier)
with: p, X : the mean value and covariance matrix of the multivariate normal distribution. The

parametersare defined as: = Ao + A1 Xip, £ = D' D. The determinant |2] is equal to the
product of the eigen-values of X.
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2.6  Distinguishing different causes of death

The *risk factor change submodel’ and the relating part of the likelihood function do not change
when distinguishing different causes of death. However, the * mortality submodel’ does change.

We assumethat all cause-specific mortality hazard functions are functionally dependent on the

explanatory variables through the same quadratic functions:

k(t,z) = z" Qk z

with: z;": the augmented explanatory variable (see before); Q: symmetric non-negative definite
matriX. Then the total mortality hazard function is functionally dependent on the explanatory
variables following the same quadratic model, the matrix Q being the sum of the cause-specific
matrices Qx:

u(t,z) = Zi pw(t,zo) = Q=X Q

The part of the likelihood function related to mortality becomes, using again the concept of
subject-intervals:

L o< Tlkek { Thig exp{ -wWi pik } * Thigmk Wik }

with: K st of causes of death being distinguished with index k
Wik cause-specific mortality hazard function value during i-th subject-interval
M¢ et of subject-intervalsin which individuals die due to cause of death k

So the mortality part of the likelihood function can be separated into equivalently structured
cause-pecific terms. This property is called multiplicative separability. The maximum
likelihood estimates of the regression coefficients can be found by maximising the cause-
gpecific terms separately.

2.7 Autonomous changes over time

The quadratic hazard regression model can be defined conditional on an autonomous change
over time. Manton& Stallard (1988) describe atwo-stage estimation strategy to estimate both the
autonomous change and regression parameters. The first stage involves the estimation of the
parameters of the regression model conditional on the autonomous time trend. The second stage
involves the estimation of this trend parameter. The authors use a Gompertz-type function that
describes an exponential increase over trend:

h(t) = C1 exp( C 1)
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Instead of representing the parameters C; and C; explicitly in the likelihood function they have
employed a datatransformation. For the Gompertz function this data transformation hasthe
following form:

Xt <— X exp( 3(age(to)+t+0.5-t-agey) / 2)

with: to: the year for which the estimated quadratic hazard coefficients apply directly (1960),
age(to): the age on to, agey: the age for which the estimated quadratic hazard coefficients apply
directly. After substituting the data transformation in the hazard function the quadratic hazard
regression model becomes:

h(t;x) ={ X exp( Y2 R(t+0.5-t) ) } Q{ x exp( Y2 R(t+0.5-t) ) } =
XtT Q Xt eXp( B(t+05't0) )

Thisisthe desired exponential form of the hazard function. In case of alinear hazard function
(see 84.5) theterm %2 is omitted in the data transformation formula.

2.8 Including missing values and multiple unit time steps

Two types of missing values of explanatory variables are found in the Zutphen-Study data. One
type is due to right-censoring because of mortality. The other typeis truly missing. For
bloodpressure and smoking no measurements have been made at specific time points. We have
fitted the ‘risk factor change submodel’ on the time period during which measurements were
made for all time points for all risk factors except for smoking, i.e. 1960-1970. In this way the
information from all risk factor measurementsin 1977 and 1985 is not used. We have analysed
how the model results would change when including data for 1977. For bloodpressure all datain
1997 are missing, and so we have used imputed values. Including data for 1985 is not useful,
because the time- and age-range would be too different from the ranges based on the time period
1960-1977.

Thefirst step to impute missing values wasto fit alinear regression model for each risk factor
with all other factors (including age) as covariables. These models have been used to ‘predict’ the
missing values. We have sampled from distributions instead of imputing the expected valuesto
maintain the variability structure of the imputed data. The digtributions used are based on the
following theorem on multivariate normal distributions (Muirhead, 1982): let x be multivariately
normally distributed Nm(p,X) with x, n, and X be partitioned as.

X= | X : L= | , = X X2
‘ X2 ‘ L2 ‘ 201 2 ‘
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then the conditional distribution of x; given X, is multivariately normal with expectation
E(X1|X2) =t Y12 222-1 (Xz-p,z) and covariance var (X1|X2) =21-212 222-1 >o1.

The imputation of missing systolic bloodpressure values for the year 1977 resultsin anew data
set with multiple unit time steps, e.g. length 7 between 1970 and 1977. In first order
approximation the deterministic and random changes over ntime steps are equal to ntimesthe
change over one unit time step. For longer time intervals this first order approximation istoo
crude. To describe the changes over n steps we have recursively applied the formula for one unit
time step. The resulting change of the risk factors over ntime sepsis:

Z—20=Zi=0" AL Ao+ (Ar™1) 2o+ Zieg" A DT Wi

with:  zo,z, initial risk factors and those after n time steps respectively;
Zn1 =Zn+ Ap + A1 24
Ao,A1 vector of constant changes and matrix of proportional changes respectively;
Al =I+A;
I unit diagonal matrix

The expected values and variances can directly be calculated from this formula:
E(znzolzo) = Zio"" A1’ Ao + (AL™1) 20

Var(zi-zo|zo) = Zizo™ Ay Z (A7)

2.9 Comparison to demographic-epidemiological simulation
models

The model of Manton& Stallard gives a simultaneous description of the processes of risk factor
level changes and mortality for acohort. It has been compared to other demographic-
epidemiological computer simulation models that have been developed inside and outside the
Netherlands. Examples of these smulation models are Prevent (Gunning-Schepers, 1988), TAM
(Barendregt& Bonneux, 1994), CZM (Hoogenveen et al., 1998), POHEM (Wolfson, 1991).
These public health models can be characterised in the following way:

a They describe the population distributed over severd risk factor classes, specified by
gender and age. Most often also disease morbidity is included in the model by describing
disease prevalence incidence and prevalence numbers.

b The models are system-dynamic. |.e. persons can move from one state to another. These
transitions are used to describe the processes of ageing, change of risk factor class,
disease incidence, disease progress and mortality.
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The models are non-parametric. |.e. all distributions (over diseases sates for each
disease category, over classes for each risk factor) are non-parametric.

The mathematical models used are stochastic difference equations. Aslong asall
trangition rates are independent on the state population numbers, the model results can be
interpreted as mean population numbers.

The models are Markovian: conditional on the actua population numbers in the model
dates, the future numbers are independent on the past numbers.

For each aspect we describe the related characteristic of the mode of Manton& Stallard:

a

It describes continuous risk factor levels of a cohort, specified by gender and age. The
model does not describe disease morbidity.

The model is also system-dynamic.

The model is parametric: the risk factor levels are assumed to be multivariate normally
digtributed.

The model is also stochagtic. All distributional characteristics are known.

The model is also Markovian.

We conclude that the model of Manton& Stallard isin many aspects similar to the smulation
models being mentioned, although there are also some major differences. Initsactual form it
can only be applied complementary to these simulation models; direct integration istoo
complicated.
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3. Data

3.1 Introduction

The datathat have been used to fit the model are from the Zutphen-Study (Feskens, 1991;
Kromhout et al., 1982; Voedingsraad, 1984). The Zutphen-Study is a longitudinal cohort study.
It has been started in 1960 on 878 men from the Dutch town Zutphen who were born between
1900 and 1920. The Zutphen-Study is the Dutch contribution to the Seven Countries Study, that
has been initiated by Keys (1980). The cohort consists of arandom sample from 2 out of 3 that
has been drawn from the Zutphen population registry after stratification into five-year age
classes. In the year 1960 the participants were aged 40 to 59 years. A great number of
epidemiological risk factors have been measured on the individuals in this year. Repeated
measurements on several risk factors have been made during the following years. The mortality
follow-up has been closed in 1990. The time and cause of desth of all individuals have been
registered. Also incidence data for some diseases have been measured.

Therisk factorsthat have been used in our analyses are:

- age a the gtart of the Zutphen-Study (i.e. 1960),

- systolic bloodpressure (abbrevation: SBP, unit: mmHg),

- serum cholesterol level (abbr.: chol, unit: mg/dl),

- number of cigarette-years, i.e. the product of the number of cigarettes smoked per year
times the smoking period in years (abbr.: sigyr),

- Body Mass I ndex that measures the relative weight of persons (abbr.: BMI, unit: kg/n).

3.2 Datasummaries

Several characteristics have been presented of therisk factor distributions, i.e. the minimum,
maximum, median and mean values (see Table 1-4), the correlations with time and age (see
Table 5), and finally scatter plots and Box plots (Figure 2-22), that show the relation of the risk
factor values with time and age.
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Table 1 Systolic bloodpressure (mmHg)

year min max med mean #NA'sS
1960 100 250 140 143 6
1961 100 240 138 139 75
1962 105 235 140 142 102
1963 98 224 134 140 133
1964 90 216 134 136 153
1965 98 230 140 142 161
1966 100 245 140 144 199
1967 110 260 150 151 215
1968 100 240 148 150 220
1969 100 240 150 149 226
1970 100 230 144 147 255
1977 -
1985 105 215 149 150 518
Table 2 Serum cholesterol level (mmol/l)
year min max med mean #NA's
1960 240 1262 597 610 50
1961 217 1032 597 608 84
1962 230 1086 634 644 101
1963 184 1528 577 590 123
1964 2.07 934 577 590 148
1965 215 998 595 603 160
1966 220 1047 621 634 193
1967 259 939 610 615 199
1968 248 1192 628 634 219
1969 259 1024 621 623 22
1970 230 1042 615 618 24
1977 326 1045 582 590 308
1985 284 1321 613 615 517
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Table 3 Body Mass Index (kg/n¥)

year min max med mean #NA'sS
1960 166 366 241 241 3
1961 168 36.6 248 248 160
1962 17.8 36.6 247 248 106
1963 17.8 36.6 247 247 129
1964 178 366 249 248 151
1965 179 366 249 250 161
1966 178 36.6 251 252 192
1967 182 36.6 252 253 201
1968 179 366 253 253 219
1969 171 366 253 253 226
1970 171 36.6 252 253 257
1977 170 366 249 251 305
1985 154 374 252 254 518
Table 4 Number of cigarette years
year min max med mean #NA's
1960 O 1575 353 373 14
1965 O 1650 405 418 109
1970 O 1775 435 455 187
1977 O 1705 480 500 308
1985 O 3060 45 518 527

Only small changes of the characteristics over time have been found. The medians and means
of the risk factor distributions do not differ much, except for the number of cigarette years.
This points at approximately symmetrical distributions, and we have used in the analyses the
risk factor data (not including cigarette years) without any transformation. The number of
missing values increases over time. The differences between the numbers of missing values
for the risk factors become smaller. The main reason for missing values is right censoring due
to mortality. The number of cigarette years and the serum cholesterol level show the greatest
variation within the population.

In Table 5 the correlations between the risk factors and time and age have been presented. For
every combination two numbers have been presented: the number above isthe linear correlation
based on only the measurement valuesin the starting year (1960), the number below isthe linear
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correlation based on all measurement values. Missing values have been treated as missing at
random.

Table 5 Thelinear correlations between the risk factors and with time and age

chol sgyr BMI time age
SBP 114 .006 324 123
.108 .037 .309 .160 216
chol .069 210 -.027
.044 A71 -.006 -.062
sigyr -.007 .090
.015 .148 136
BMI -.002
.089 0.027

Therisk factorsthat have been distinguished do not correlate much mutually, except for BMI
(but not with cigarette years). SBP and cigarette years correlated positively with time and age.
Cholesterol values seemed to decrease over time and age. The age-trend of BMI was not clear
from the data. The correlations of therisk factor values with age only in 1960 were smaller (in
absolute value) than those with age for all measurement time points. One istempted to draw
simple conclusions from these correlations. However, thisis not allowed. The main reason is
that missing values are not random: high risk factor levels have larger probabilities of being
missing due to mortality.

We have also presented some scatter plots and Box plotsthat show the relation between the risk
factors and time or age. In these figures the systolic bloodpressure, serum cholesterol, and Body
Mass Index level, and the number of cigarette-years measurement values have been plotted
againg time and age, and also the differences between two successive measurement values for
al individuals. The differences have only been plotted for the years between 1960 and 1970
because only during this period the measurement time points are equally spaced.

The scatter plots cannot be used to make definite conclusions, because (to mention one of
several reasons) any point drawn may represent several measurement values. The figures do not
show a significant change of therisk factor values over time or over age except for smoking
(cigarette years). The figures show that most risk factors are distributed dlightly skewed to the
right. The figures of the risk factor values plotted against age show a slight decrease of the
variation. It seems that extreme risk factor values disappear over time.
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Figure 1 Scatter plot of systolic bloodpresssure (mmHg) over time (year)
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Figure 3 Scatter plot of systolic bloodpressure (mmHg) over age (year)

systolic bloodpressure

0S¢ 00¢ 0ST 00T

AR AANAAATAND B 155 HH Db BB BB 16265465665 68697 07 17 27 37 47 51 67 77 87 BB IBBB485

Figure 4 Box plot of systolic bloodpresssure (mmHg) over age (year)



RIVM report 260751 002 Page 31 of 73

serum cholesterol level

12
|
o
o

o

mmol/l

O (OISO D0 @
©

(e]e)

1960 1965 1970 1975 1980 1985

time(year)

Figure 5 Scatter plot of changein systolic bloodpressure (mmHg) over time (year)

change in systolic bloodpressure

o o
Q|
©
o
o o o
080 o
o
< 7 N~ © O )
o 8 g 8 885 g 3
8 g B
o | a ‘- Eo
N 8
o s o o
E o 8 o
E
. s B
8 g8
h g = 80
e} o
5]
S o o o ©°
; o o
o o o o o o
3 ° ° o ©
o
T T T T T T T
40 45 50 55 60 65 70
age(year)

Figure 6 Scatter plot of changein systolic bloodpressure (mmHg) over age (year)



Page 32 of 73 RIVM report 260751 002

serum cholesterol level

(e}
f_r.a
(e}
(e}
N o
(e}
(e} o (e}
o o o 8 ° ) o
— 7 (e}
= : )
= _
£
E o
©
<t
o o g o 6 S
o ° o o © o O 4
o~ - o o 0 O
T T T T T T
1960 1965 1970 1975 1980 1985
time(year)
Figure 7 Scatter plot of serum cholesterol level (mmol/l) over time (year)
serum cholesterol level
f_r.a
N - —
sl = = = = =tz C
3 E E T E=Ez-8 ==85=75<z= =&
£ : : — : - : N : : — :
E o : : :

6
|
[ 1|
1
L1
m
L1
] |
L]
] |
L]
[ 1|

4
b
I

e
| [
L
| B
[
\

1960 1961 1962 1963 1964 1965 1966 1967 1968 1969 1970 1977 1985

Figure 8 Box plot of serum cholesterol level (mmol/l) over time (year)



RIVM report 260751 002

Page 33 of 73

serum cholesterol level

mmol/l

]
o

Q
S

@

age(year)

Figure 9 Scatter plot of serum cholesterol level (mmol/l) over age (year)

serum cholesterol level

12

10

1]
[N

=1
=TTl

3
Sean

3

31

= NI
EREE= (TN
E= | 1]

=]

a o
ceeedn o
=

=
R |

=g

ani

mmol/I
=

=N

uuu“

< i P P

u‘u‘-‘“u“ : : ‘““u

) u“;uu““uuuu cou u u :
- u - 0 R

-3
3
-3

AN UANUAA AN DB BI55HHHH HH BB 16636465666 68597 07 17 27 37 4757 67 77 87 BB 18 283B485

Figure 10 Box plot of serumcholesterol level (mmol/l) over age (year)



Page 34 of 73

RIVM report 260751 002

change in serum cholesterol level

mmol/l

O OO0 ORI OO0

O O COIEESEEEEEENEEEIIT OO

O (UIEEMESESREEEENEIITY COO

o

OO (DEIEEEEEEERIEEIN O

O CONENEEENEED  GD

1960

Figure 11 Change in serum cholesterol level (mmol/l) over time (year)

1962

T
1964

time(year)

1966

1968

change in serum cholesterol level

mmol/l

O

(0]

[¢]

O

@(EEITEX
© CEEBOO
® @

40

Figure 12 Changein serum cholesterol level (mmol/l) over age (year)

45

50

T
55

age(year)

60

65

70



RIVM report 260751 002

Page 35 of 73

serum cholesterol level

(e}
f_r.a
(e}
(e}
N o
(e}
(e} o (e}
o o o 8 ° ) o
— 7 (e}
= : )
= _
£
g 4
©
qa
<] o]
g °© o © © o O g ©
o~ - o o 0 O
T T T T T T
1960 1965 1970 1975 1980 1985
time(year)
Figure 13 Scatter plot of Body Mass Index (kg m™) over time (year)
Body Mass Index
& - — - T
SN U L U I B U
~ T A I R
£ 1 : : ‘ ; ‘
N
S -
o _

1960 1961 1962 1963 1964 1965 1966 1967 1968 1969 1970 1977 1985

Figure 14 Box plot of Body Mass Index (kg mi?) over time (year)



Page 36 of 73

RIVM report 260751 002

kg/m2

35

Q
™
o
34
o |
«

15

Body Mass Index

60 80

age(year)

Figure 15 Scatter plot of Body Mass I ndex (kg m™) over age (year)

kg/m2

35

30

25

20

15

|

Body Mass Index

[EEnE= AT

=N NN

mn mn

L A A L AR mon

mo "
n I
|
Hi
“ Lou
" Lou
Dorou

AN UANAAANNDBI5D5DHHHBHHBBI6BH465666 6869 07 17 27 37 4751 67 7781 BB 18BB45

Figure 16 Box plot of Body Mass Index (kg m?) over age (year)




Page 37 of 73

70

65

60

55
age(year)

RIVM report 260751 002

change in Body Mass Index

0 0O NEENNIEN O GENNEIENIO D O 00 o o o o
0 00O ®@@® O
O @O © O OO0 o
)
D U IO O MM @00 OO Y 000 @IDMO O O O 0O
A 0O 00 OOCEN®MO O CWd OO
OGD COM @O O GURIDED COMD
~—
0O 00D CCANMENENENED O CMERIEEBIDETD OO O O %
>
x
© m ]
O TS O CEREEEEDTD O o L = o]
— — <
g g
(@] O
O  COOMMENEEESC O CAEBEIIIIOOWD = < M 00 OCEDCIENSEY O GEPGBERIID D
g _m > OCOOME@MIAININES O CEEMIIEIID O O (DO
> ©
OISO O GBI
< m @) o @D o fe¢}
O CIIINEEEESES O GEEEIEDID © O o Fg = W m 0  (DOEININSE O NI OCOO O
- m_m £ o 0 (O CEENSO O CEEETIDD O O
|m n%u 00 @HDONMEHIEIG O GEENEREDD DO O O
QI C G o —_ c @ U O GROERNTD  CID
©
Rt 0 0 CUEEIENEND O OEETRDIED
s © DO CEDENDERG O CABEIED CD
S DO O OEEDDOCD
Sovcow i = Yol ) c'eYele] © >
A w 000 INOEMENIO O CEIEID
m o 0 DO O GEUBIO
c 0  OCEINWERG O O@ID O O
© °© EEDAWOOO O (] ORI O O @D 00 @
(@)
[eecart’ o)
c co@® O
o m OGO CWW@O O 00 O O O
DI O O@WD® OGD OO 8 O o
—
N~
T T T T — T T T T
4 0 4 - ) 14 4 0 4
S
w6y wv Zwi/b
LL

50

45

40

Figure 18 Changein Body Mass Index (kg mi®) over age (year)



Page 38 of 73 RIVM report 260751 002

serum cholesterol level

[¢]
<
—
¢}
o
S o
¢}
o _| © e © °©
— o a
% 0
IS
g ©
©o -
< -
] o]
O o O o ©
~ -
T T T T T T
1960 1965 1970 1975 1980 1985

time(year)

Figure 19 Scatter plot of smoking (# cigarette years) over time (year)

cigarette years

cigyr
1500 2000 2500 3000
I I I I

| 1]

A

‘I
‘i
N

il |

1000

1960 1965 1970 1977 1985

Figure 20 Box plot of smoking (# cigarette years) over time (year)



RIVM report 260751 002

Page 39 of 73

cigarette years

8 | o
S
I
o
o _|
Irs
«
oo
o
ga
I o
=
o
& 3|
© o
o
K E
o ==
g | |
— (ol =
2
o
S
)
o -

age(year)

Figure 21 Scatter plot of smoking (# cigarette years) over age (year)
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Figure 23 Kaplan-Meier estimation of survival function over time
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Figure 25 Cause-specific mortality proportions over age

Note: causes of death arein increasing order for the last age value recorded: cerebrovascular attack (CVA), other heart diseases,
lung cancer, other cancers, other causes, and coronary heart diseases (CHD).

3.3

The causes of death distinguished

During follow-up measurements on mortality and morbidity have been recorded in the Zutphen-
Study. In our analyses we have only used data on the outcome mortality. The variables having
beenused are:

Y ear, month, and day of death. We have aggregated these data into one time of death,

being the sum of year, (month-1)/12 and (day-1)/365.

Cause of death, filled in according to the ICD (International Classification of Diseases)
code (8th revision, 1965). The ICD codes have been aggregated into several mortality
categories: coronary heart diseases (CHD): ICD 410-414; cerebrovascular attack (CVA,
groke): ICD 430-438; other heart diseases: rest numbers from |CD 390-459; lung
cancer: ICD 162; other cancer types: rest numbers from ICD 140-208; other death risks.

In Figure 23 the Kaplan-Meier estimated survival function has been presented defined over
time, in Figure 24 the one defined over age. The two survival functions are different dueto
population heterogeneity. In 1985 almost 50% of the cohort has died, in 1990 almost 65%.
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Table 6 The mortality numbers and proportions

CHD CVA other lung- other other total
heartd cancer cancer causes

until 1985 132 31 35 63 93 76 430
(31%) (7%) (8%) (15%) (22%) (18%) (100%)

untii 1000 153 46 48 8 114 117 564
Q7%) (8%) (%) (15%) (20%) (21%) (100%)

Note: numbers between brackets are proportions; heartd: heart diseases.

In Table 6 the cause-specific mortality numbers and proportions until 1985 and 1990
respectively have been presented. In Figure 25 the proportions have been shown graphically asa
function of age. Until age 60 years the cause-specific mortality proportions are very unstable due
to small numbers. After age 60 years the proportions fluctuate around atrend or constant value.
The CHD and cancer mortality proportions decrease and the other causes mortality proportion
increases. The aimost constant mortality proportions for older ages support the proportionality
assumptions underlying the hazard functions of both the Cox model and the Manton& Stallard
model.

We finish this paragraph with some overall conclusions. The Box plots over time and age
suggest a systematic change until higher ages. These trends are also suggested by the correlation
coefficients found, although the picture is not very clear. However, both Box plots and
correlation coefficients may be misleading due to missing values (right censoring). The risk
factors are digributed slightly skewed to the right, especially systolic bloodpressure and serum
cholegterol level. However, we did not find a significant deviation from a normal distribution.
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4. Results

4.1 Introduction

Before presenting the results of fitting the model of Manton& Stallard to the Zutphen-Study data
we summarise the main model characteristics. The model describes the change of population
risk factor levels over time, asthe result of individua risk factor level changes and mortality.
The mathematical equation that describes this change cannot be solved directly, dueto its non-
parametric form. Therefore we parameterise the model. We assume an initial multivariate
normal distribution, alinear deterministic change within individuals, and a quadratic mortality
hazard function. Then therisk factors are multivariately normally distributed over time. The
baseline mortality hazard function describes the autonomous (exponential) increase of the
hazard function over age

The model has been fitted by the method maximum likelihood. The likelihood function has been
Separated in two parts, one on the risk factor changes, assuming no mortality, and one on
mortality, assuming no risk factor changes. Both model parts can be fitted separately. The
submodel on mortality has been fitted in a two-stage procedure. First the optimal parameter of
the autonomous change of the hazard function over age is estimated. Then, conditional on
this parameter, the mortality submodel is fitted resulting in estimated values for the
regression parameters of the hazard function.

For the 866-th individual no measurement values have been recorded, so it has been omitted
from all analyses. For the 544-th, 669-th and 748-th individual no cause of death has been
recorded, so they have been omitted from the analyses on mortality. Because the measurement
time-intervals after 1970 are very long (until 1977 or 1985), we have used only the one-year
time-intervals between 1960 and 1970 to fit the submodel on the risk factor changes. We have
analysed how the results would change when including data for year 1977 with imputed values
for the missing bloodpressure levels. In case of fitting the mortality submodel we have selected
those subject-intervals with non-missing risk factor values at the start. Because most mortality
events have taken place after 1970 we have included all subject-intervals after 1970. Because for
1977 no bloodpressure levels have been measured, we have treated 1970-1985 here as one time-
interval.

4.2 Resultson therisk factor level changes

The parametersthat describe the risk factor changes have been estimated by the method of
maximum likelihood. All data are grouped through the concept of subject-intervals. The change
of therisk factors over each subject-interval is multivariately normally distributed conditional on
the values a the start, i.e. Xie-Xip|Xib &= N(AotA1Xin,X), With: Xip, Xie: risk factor values at the
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start and end of the subject-interval respectively; Ao: the vector of constant risk factor
changes; A1: the matrix of changes proportional to the absolute values; = = D' D: the
variance-covariance matrix. Several model parameterisations have been analysed. These
parameterisations differ in the configuration of the matrices A and A, that describe the
deterministic changes, and the matrix D, that describes the random changes. We have assumed
that only A is non-zero (assuming only constant deterministic changes), the diagonal of matrix
A1 isaso non-zero (assuming linear deterministic changes without interactions), or all values
are non-zero (assuming linear deterministic changes with interactions). For the upper-triangular
matrix D we have assumed that the diagonal is non-zero (assuming random changes without
interactions), or al values are non-zero (assuming random changes with interactions).

The explanatory variables chosen are systolic bloodpressure (SBP), serum cholesterol level, and
Body Mass Index (BMI). We have only made use of the data until the year 1970. First we have
presented results for all observation units with no missing values. In 84.3 we have presented
results including subject-intervals with missing values (see §2.8). All model results have been
presented in tabular form, i.e. the loglikelihood value, and the estimated values of the elements
of the matrices Ao, A1 and D. The coefficients of the vector A, describe the constant changes of
the risk factors given by the row-name. The coefficients of matrix A; describe the changes of
the levels of therisk factors given by the row-name by a unit change of the levels of therisk
factors given by the column-names. For every mode parameterisation results have been
presented for all ages, age <=55 years, and age>55 years. All parameter estimates have been
presented together with the standard errors. The standard errors have been estimated by using
the Hessian matrix (..). In case of estimating only constant changes (Table 7) or full matrix A
(Table 10) also the changesrelative to the mean risk factor levels have been presented. The
mean values used are: 145 mmHg (SBP), 6.10 mmol/I (chol) and 25.0 kg/m? (BMI). In Table 7
these relative changes have to be read such as: the net yearly increase relative to the mean level.
In Table 10 the relative changes have to be read such as: the net yearly increase relative to the
mean level (row name) attributable to aspecific risk factor level (column name).
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Table 7 Constant deterministic and random changes without interactions

ages
all loglikelihood
(n=6603) matrix A

matrix D

<=55  loglikelihood
(n=3833) matrix A

matrix D

>55 loglikelihood
(n=2770) matrix A

matrix D

-24329.1
SBP
cha
BMI
SBP
chad
BMI
-14118.0
SBP
cha
BMI
SBP
chad
BMI
-10175.1
SBP
cha
BMI
SBP
cha
BMI

congtant changes
(inter cepts)

3.8(1.7) E-1(2.6%o)
9.8(9.1) E-3 (1.6%o)
1.0(0.1) E-1 (4.0%q)

2.2(2.2) E-1 (1.5%0)
1.4 (1.2) E-2 (2.3%0)
1.4(0.1) E-1 (5. %)

5.9 (2.7) E-1 (4.1%o)
3 (13) E-3 (4.9%)
5.2(1.7) E-2 (2.1%o)

SBP choestera BMI

regression coefficients (A), non-zer o elements (D) r espect.

1.4(0.0) E1
7.4(0.1) E-1
8.7(0.1) E-1
1.3(0.0) E1
7.7(0.1) E-1
8.6(0.1) E-1
1.4(0.0) E1
7.0(0.1) E-1
8.7(0.1) E-1

Notes: SBP: systolic bloodpressure, chol: serum cholesterol level, BMI: Body Mass Index; numbers within
brackets: standard errors, and (for intercepts) also changes relative to mean val ues.
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Table 8 Constant deterministic and random changes with interactions between random

changes
congtant changes SBP choestera BMI
ages (inter cepts) regression coefficients (A), non-zer o dements (D) r espect.
all loglikelihood -23416.1
matrix A SBP 36(0.1) E1 -25(0.1) E-1
cha 1.4(0.0) -2.3(0.1) E-1
BMI 15(0.1) -5.5(0.4) E-2
matrix D SBP 1.3(0.0) E1
chal 7.0(0.1) E11
BMI 85(0.1) E-1
<=55 loglikelihood -13520.5
matrix A BP 41(02) E1 -2.9(0.1) E-1
cha 15(0.1) -2.4(0.1) E-1
BMI 15(0.1) -54(0.5) E-2
matrix D BP 1.2(0.0) E1
chal 7.2(0.1) E11
BMI 84(0.1) E-1
>55 loglikelihood -9823.5
matrix A BP 34(0.2) E1 -2.3(0.1) E-1
cha 1.3(0.0) -2.1(0.1) E-1
BMI 1.4(0.2) -5.6 (0.6) E-2
matrix D SBP 1.3(0.0) E1
chal 6.6 (0.1) E-1
BMI 8.6(0.1) E-1

Notes: SBP: systalic bloodpressure, chal: serum cholesteral level, BMI: Body Mass Index; numbers within brackets: standard

errors
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Table 9 Linear deterministic changes without interactions between the risk factors and
constant random changes without interactions

congtant changes SBP choesteral BMI
ages (inter cepts) regression coefficients (A), non-zer o dements (D) r espect.
all loglikelihood -232133
matrix A SBP 36(0.1) E1 -25(0.1) E-1
cha 1.4(0.0) -22(01) E-1
BMI 1.6(0.1) -6.1(0.4) E-2
matrix D SBP 1.3(0.0) E1 7.4(0.9) E-2 1.3(0.1) E-1
chal 6.9(0.1) E-1 1.4(0.1) E-1
BMI 8.3(0.1) E-1
<=55  loglikelihood -13424.9
matrix A SBP 41(02) E1 -29(0.1) E-1
chal 15(0.1) -24(01) E-1
BMI 1.7(0.2) -6.2(0.5) E-2
matrix D BP 1.2(0.0) E1 73(1.2) E1 1.1(0.1) E-1
chal 7.2(0.1) E-1 1.3(0.1) E-1
BMI 8.3(0.1) E-1
>55 loglikelihood -9706.6
matrix A SBP 34(02) E1 -2.3(0.0) E-1
chal 1.2(0.1) -2.0(0.1) E-1
BMI 16(0.2 -6.0 (0.6) E-2
matrix D BP 1.4(0.0) E1 78(1.2) E1 16(0.2) E-2
chal 6.6 (0.1) E-1 1.6 (0.2 E-2
BMI 8.3(0.1) E-1

Notes: SBP: systalic bloodpressure, chal: serum cholesterol level, BMI: Body Mass Index; numbers within brackets: standard

errors
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Table 10 Linear deterministic changes with interactions and constant random changes
without interactions

congtant changes SBP choestera BMI
ages (inter cepts) regression coefficients (A), non-zer o elements (D) r espect.
all loglikelihood -23356.2
matrix A BP 25(0.2) E1 -2.8(0.1) E-1(28%) -1 E-3ns 6.1(0.6) E-1 (11%)
chal 1.2(0.0) 1E5ns -2.3(0.1) E-1(23) 7.6 (3.4) E-3(3%)
BMI 1.7(0.2) -1.7 (0.6) E-3(1%) -2.7 (1.0) E-2 (1%) -4.9 (0.4) E-2 (5%)
matrix D SBP 1.3(0.0) E1
chal 7.0(0.1) E11
BMI 85(0.1) E-1
<=55  loglikelihood -13463.4
matrix A BP 2.7(0.2) E1 -3.3(0.1) E-1(33%) -1.7E-1ns 7.8(0.8) E-1 (13%)
chal 1.2(0.1) 2.1E-4ns -2.5(0.1) E-1 (25%) 1.3 (0.5) E-2 (5%)
BMI 1.7(0.2) -9.7(85) E-4 -2.6 (1.3) E-2 (1%) -5.0 (0.6) E-2 (5%)
matrix D SBP 1.2(0.0) E1
chal 7.2(0.1) E11
BMI 85(0.1) E-1
>55 loglikelihood -9807.0
matrix A SBP 25(0.3) E1 -2.5(0.1) E-1) (25%) 5 E-3ns 4.8(0.1) E-1 (8%)
chal 1.2(0.2) 2.1E-4ns -2.1(0.1) E-1(21%) 1.9 E-3ns
BMI 1.7(0.2) -1.1(0.8) E-3 -3.4(1.6) E-2 (1%) -5.1(0.6) E-2(5) %
matrix D SBP 1.3(0.0) E1
chal 6.6 (0.1) E-1
BMI 8.6(0.1) E-1

Notes. SBP: systalic bloodpressure, chal: serum cholesterol level, BMI: Body Mass Index; numbers within brackets
gandard errors, and (for matrix A;) the changesrelative to the mean risk factor levels (%)
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We have compared our results with some other figures on the change of the risk factor levels
between ages 40 and 55 in the Netherlands (see Table 11). The model results have been
calculated by multiplying the constant change (see Table 7) with the age-interval length (15
years). The ‘baseline’ values have been calculated by fitting a linear function to the empirical
values in 1960. The ‘Monitoring Project’ values have been calculated by fitting a linear
function to the reported mean values for the age classes 40-45 till 55-60.

Table 11 Comparison of age-trends of risk factor levels

Zutphen-Study Monitoring Project
model baseline
SBP 5.7 6.6 7.9
cholesterol A5 <0 .23
BMI 1.6 <0 0.5

Notes: SBP: mmHg, cholesterol: mmol/l, BMI: kg/m?, Monitoring Project: Monitoring Project on Cardiovascul ar Disease
Risk Factors, years 1987-1991: Verschuren et al., 1994.

The most surprising result of the analyses is that we have found increasing levels over age for
all risk factors, although non-significant for cholesterol. Simple regression analyses resulted
in decreasing levels for cholesterol and BMI (see Table 5). The main explanation for these
differences is probably that mortality results in missing high risk factor levels for higher ages.
Other possible explanations may be that curves over age based on cross-sectional studies can
differ from those based on longitudinal studies, or disturbances due to random changes.

The order of risk factors by increasing relative change over ageis. serum cholesterol level,
systolic bloodpressure (SBP) and Body Mass Index (BMI). The relative changes are not constant
over age and neither istheir order. For example, for ages > 55 years SBP and BMI have changed
positions, meaning that bloodpressure increase over ageis larger for higher ages, but BMI
increase is smaller. The change of therisk factor level changes over age suggeststo include
interaction terms with age in the regression model.

The random changes over aone-year time interval arerelatively large, compared to the
deterministic change (drift). The ratios vary from approximately 10 (for BMI), 40 (SBP) to 80
(cholesterol). Contrary to the deterministic changes, the random changes are almost constant
over age. The random changes are relatively smallest for BMI. This result agrees with ‘common
sense’: BMI is more stable than bloodpressure and cholesterol level within individuals. Of
course the deterministic changes become more important for increasing time lengths. The
interpretation of the random changesis not very clear. Next to diffusion (random change over
time) variability is also introduced by measurement errors and biological variability (see also
chapter 5).
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The negative diagonal elements of matrix A; show that the one-year changes are larger for
small risk factor levels. These negative regression coefficients are relatively smallest for
BMI. These results can also be seen in the figures that have been presented in chapter 3. The
negative linear relation isalmost constant over age. The coefficients can be used to calculate
the turning point, i.e. the risk factor level at which the change alters from an increase to a
decrease. These points are 144, 140 and 119 mmHg for bloodpressure, 6.2, 6.2 and 6.1
mmol/I for cholesterol, 26.8, 27.6 and 25.8 kg/m? for BMI, for all ages, ages<55, and
ages>55 year respectively. The change of SBP and cholesterol level also depends on the BMI
level, especially for younger ages. BMI changes are almost independent on the other risk
factors. Analogously to the random changes described before, the deterministic results could
be disturbed by measurement errors and biological variability (see also chapter 5).

We have used only onetime parameter, i.e. age. We have assumed that the age-effects are
congtant over the whole time-interval (1960 to 1970). The age-trend we found may be biased by
time trends. One way to correct for time trends could be to introduce time as an independent
explanatory variable. However, dueto the relatively small time length (10 years) it is
questionable whether significant time trends will be found.

All model extensions (compared to the base model of non-zero vector A and diagonal matrix
D) haveresulted in significantly better model fits. Most non-diagonal matrix elements
(describing the interactions between the variables) were significant. Introducing non-zero
elementsin matrix D (interactions between random changes) resulted in amuch larger model fit
increase than introducing non-zero elementsin matrix A; (interactions between deterministic
changes). The aspect of interaction can be illustrated with the total and residual variances of the
risk factor values (see Table 12). The residuals have not changed after including non-diagonal
elementsin the matrices A; (deterministic changes) or D (random changes). This means, that
the model improvements are exclusively found with respect to the covariance structures, not
with respect to the estimated values. The almost constant residual variances can be explained
by measurement errors and biological variability (see chapter 5).

Table 12 Total and residual variances of the risk factors

SBP  chd BMI

total variance 374 123 7.49
resdua variance table8 168 0.53 0.74
table9 169 0.53 0.74
table 10 166 0.53 0.74

Notes: for modd parameterisations, seetable 8, 9& 10 respectively

We have also calculated the model parameters for smokers and non-smokers separately,
assuming no interactions (see Table 8). Because smoking status has not been measured between
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1960 and 1970 except for 1965, we have created new data sets for smokers and non-smokersin
the following way. We have assumed that the smoking status had not changed during each five-
year period when the status at the start and end were identical. In other words, for any individual
each five-year observation period with identical smoking status at the end and start has
generated five one-year subject-intervals. In all other cases (different status or missing values)
we exclude the data from the new analyses. The estimated model parameters were amost
identical for smokers and non-smokers. Therefore we have found no statistical reason to gratify
the analyses by smoking status.

4.3 Including missing values

For each individual for each measurement point a value has been imputed if only one risk
factor value was missing, and for 1977 bloodpressure levels have been imputed if all other
risk factors were non-missing. Values have been imputed using a linear regression model that
has been fit on all data points with no missing values. In each regression model we have
included all two-way interaction terms. The estimated regression parameter values together
with the standard errors have been presented in Table 13.

Table 13 The multivariate normal distributions of therisk factors

bloodpressure  cholesterol BMI
intercept 56 (18) -3.07 (1.17) 2.25(.32)
age .33(.27) .051 (.018) .191 (.036)
bloodpressure .035 (.007) 127 (.015)
cholesterol level -1lns 1.42 (.24)
BMI 272 (.71 .35 (.04)
age* bloodpressure .000 ns -.0010 (.0002)
age* cholesterol .055 (.025) -.0087 (.0036)
age*BMI -.0037 (.0099) -.0022 (.0006)
bloodpressure* cholesterol -.0041 (.0014)
bloodpressure* BMI -.0011 (.0002)
cholesterol* BMI -.072 (.068)
residual standard error  18.0 1.09 2.58

Note: BMI: Body Mass Index; standard errors between brackets; ns: large p-value

In Table 14 the estimated values of the parameters of the deterministic and random change
have been presented using the extended data set. We have only presented results for the
model parameterisation with diagonal matrices A; and D, assuming no interactions between
the linear deterministic and random changes of the risk factor levels.
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Table 14 Matrix A constant changes and diagonal elements and D diagonal

ages

all loglikelihood
matrix A
matrix D

<=55 loglikelihood
matrix A

matrix D

>55 loglikelihood
matrix A

matrix D

congtant changes

(inter cepts)
-27581.1
SBP 42(0.1) E1
cha 1.4(0.0

BMI  15(0.)
SBP

chal

BMI

-13506.8

SBP 4.4(0.0) E1
chal 15(0.1)

BMI 1.8(0.1)
SBP

cha

BMI

-13960.8

SBP 45(0.3 E1
chal 1.2(0.1)
BMI 1.3(0.1)
SBP

cha

BMI

SBP choesterad

-2.9(0.1) E-1

-2.3(0.1) E-1
1.3(0.0) E1

7.0(0.1) E-1
-31(0.1) E-1

-24(0.1) E-1
1.2 (0.0) E1

7.2(0.1) E-1
-30(0.2) E-1

-2.1(0.1) E-1
1.3(0.0) E1

6.7(0.1) E-1

BMI

regression coefficients (A), non-zer o elements (D) r espect.

-5.8(0.4) E-2

9.2(0.1) E-1

-6.6 (0.6) E-2

9.4(0.1) E-1

-5.3(0.4) E-2

9.0(0.1) E-1

Notes: SBP: systalic bloodpressure, chal: serum cholesteral level, BMI: Body Mass Index; numbers within brackets: standard

errors

The results have to be compared with those presented in Table 8 to see the effects of the data
augmentation. The main differences are: much more data for age>55 years and relatively
large changes for bloodpressure. The standard errors of all parameters have only slightly
decreased. The differences between the results for ages<55 years and age>55 years have
become smaller, especially for bloodpressure. The one linear model that has been used to
impute bloodpressure levels over all ages was probably too simple. We conclude that in our
case augmenting the data set with mainly imputed datafor one structurally missing variable,
i.e. bloodpressure levels for year 1977, is not very meaningful and does more harm than

good.

4.4  Proportional hazards analyses on mortality

Before presenting the results of fitting the mortality submodel of the Manton& Stallard model,
we have shows some results of proportional hazards analyses. Because the mortality function of
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the Manton& Stallard model is fully parametric, we have also made the Cox proportional hazards
model fully parametric using the same exponential baseline hazard function. We have analysed
two model parameterisations, one assuming proportional cause-specific baseline hazard
functions (using extra proportionality coefficients), and one without this assumption (see §2.4).
The models have been fit by the method of maximum likelihood using the same concept of
subject-intervals. Because the differences between the results of both model parameterisations
were very small, we only present results for the case of different baseline hazard functions.

Table 15 Regression coefficients of the proportional hazards model

Total CHD CVA other heart lungcancer other cancer other causes
diseases

Basdinerisk factor levels; different basdeline hazard functions
loglikdih  -2600.9 -2534.6 -2381.7 -2381.0 -2452.1 -2486.5 -2498.6
Age(E-1]) 0.97 0.86 1.20 1.13 .89 .85 1.13
SBP(E-3) 11(2) 13(4) 16 (7) 6.6 na 6.9 (6.3) 19ns 16 (5)
chal (E-2) 6.2(3.9) 20(7) 17 (13) 23na 0.5ns -2ns -9(9)
BMI (E-2) -1.4(1.9) 5.4(3.4) -3.9(6.4) 1.7na -5.2(4.8) -15ns -9.3 (4.0
Smoking' 2.7 (1.1) 42(2.1) 25(3.6) 0.0na 11 (4) -0.0ns 0.0ns
prop 40E-5 27E-6 46 E-7 6.4 E-7 6.9 E-5 29E4 4.2E-5

Current risk factor levels; different basdline hazar d functions

Loglikdih -1774.3 -1728.0 -1634.6 -1638.0 -1660.8 -1699.1 -1687.4
Age(E-1) 105 0.96 124 1.01 94 1.00 127
SBP(E-3) 8.0(2.6) 6.6 (4.8) 19na -4.3ns -4.2ns 5.0ns 20(6)
chol (E-2) 12(5) 38(9) 4.8na -84ns 3.8ns -12 (12) 10ns
BMI (E-2) -3.8(2.1) 6.3(3.6) -39na 6.9 (6.5) -14 (6) -30ns -20 (5)
Smoking® 1.2 (1.1) 2721 15na 19ns 81(35 3124 -1.6ns
prop 3.3E5 6.4 E-7 3.6 E-7 12E5 15E-3 13E4 25E-5

Notes: ns: large p-value, na: non-estimable because of singular Hessian matrix, points at rdatively large variances

and/or covariances, significant parameters are presented in bold

For several risk factors and causes of death consisent significant parameter estimates have been
found in both models. These are bloodpressure for total mortality and mortality due to other
causes, cholesterol level for CHD mortality, Body Mass Index for CHD mortality and mortality
dueto other causes, and smoking for lung cancer. When using current instead of baseline values
bloodpressure becomes non-significant for CHD and CV A mortality, and smoking for total and
CHD mortality. However, BMI becomes significant for lung cancer mortality. In the case of
cholesterol and bloodpressure high levels may be biased downwards due to medication. Inthe
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case of BMI therelation may be reverse: decreasing BMI levels may point at latent tumours. We
conclude that for most risk factors the estimated regression coefficient values decrease when
using current instead of baseline measurement values.

The loglikelihood values when using baseline or current risk factor values were very different.
The main reason is the difference in observation time periods. In case of using the baseline and
current values all persons and subject-intervals respectively with non-missing values have been
included in the likelihood function. For many persons for somerisk factors for some time points
risk factorswere missing, and so the related subject-interval has been excluded from the
likelihood function. Moreover, because smoking status has not been measured during the years
1961-1964 and 1966-1969, we have included only those subject-intervals for which the smoking
gatus of the related person was the same in 1960 and 1965 or in 1965 and 1970 respectively. For
these subject-intervals it has been assumed that the smoking status has not changed between
1960-1965 and 1965-1970 respectively.

4.5 Resultson mortality

The *‘mortality submodel’ has been analysed for outcome total mortality, and for several specific
causes of death. Because the model is fully parametric, we have included mortality for all other
causes for each specific cause of death being analysed. The hazard ratio is aquadratic function
of the explanatory variables. This function has been described by the matrix Q, that is uniquely
defined by an upper-triangular matrix U: Qc = Uy Uy, with: Uy: upper-triangular matrix; k:
index with respect to causes of death. The matrix U has been filled row-wise. Initially only the
first row of U has been filled, meaning there are no interactions included between the variables
on the matrix U level. The columns of U represent the intercept value and the regression
coefficients with respect to the systolic bloodpressure (SBP), serum cholesterol level, Body
Mass Index (BMI), and smoking (yes/no). Therisk factor data have been transformed using a
Gompertz-type (exponential) baseline hazard function with slope coefficient 3 (see §2.7). The
transformation has been done using the mid-point for each time-interval. The model has been fit
by the method of maximum likelihood. The coefficient 3 of the baseline hazard function has
been chosen such that the likelihood function is maximised. For each model parameterisation we
have presented the following results:

3 optimal parameter of the Gompertz-type baseline hazard function

logl  thelog-likelihood value

U the elements of the upper triangular root of the matrix Q; only the first row of U
is assumed non-zero

logl and U have been given for the optimal parameter 3 value. We have calculated results for
two model parameterisations: one using the original quadratic hazard regression model, the other
using alinear regression model to enable comparing the model resultsto those of the Cox model
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(see 82.4). Similarly to the Cox mortality analyses we have calculated results for several specific

causes of death.

Table 16 Regression coefficients using quadratic hazard regression model

u: intercept/  regression coefficientsfor
congtant SBP choleserd BMI smoking

3 loglikelihood (E-2) (E-5) (E-3) (E-3) (E-3)
total .1003 -1802.7 43(2.2) 28(10) 3.7(1.8) -1.3(0.7) 3.1(4.0)
CHD .1004 -1758.2 -7.0(2.9) 92ns 11(3) 18(1.0) 5.8(5.8)
CVA 1010 -1663.5 -0.2ns 29 (13) -0.2ns -0.4ns 4.4ns
other heart dis.1002 -1666.4 1.8(35) -11ns -14ns 1512 32ns
lungcancer  .1004 -1689.5 124 -10ns 0.3ns -29(1.2) 12 (6)
other cancer .0999 -1728.4 6.4(3.1) 11ns -1.9ns 0.7ns -7.4(5.8)
other causes .1003 -1714.6 9.3(3.3) 57 (15) 13ns -54(1.2) -9.4(5.9)

Notes standard errors between brackets, ns: large p-value; significant parameters except for intercepts presented in

bold

Table 17 Regression coefficients using linear hazard regression model

intercept/  regression coefficientsfor
congtant SBP choleserd BMI smoking
3 loglikelihood (E-3) (E-5) (E-5) (E-5) (E-4)

total .1003 -1803.2 1432 4.0(15) 49 (27) -19(12) 3.6ns
CHD .1007 -1760.0 -8.5(2.6) 0.3ns 108 (25) 18(9) 7.0(6.2)
CVA .1003 -1663.9 -0.7ns 19(0.9 -6.6 ns -31ns 3.7ns
other heart dis.1004 -1666.8 -0.6 ns -0.9(0.8) -9.1ns 14 (9) 26ns
lungcancer  .1004 -1690.1 8.8(2.7) -0.8ns -3.6ns -24.(7) 4.0(5.2)
other cancer .1005 -1729.6 3327 11ns -9.8ns -6.5ns -6.9(5.7)
other causes .1005 -1709.3 9.6 (1.9) 6.4(1.2) 15ns -6.7 (0.6) -16 (4)

Notes standard errors between brackets, ns: large p-value; significant parameters except for intercepts presented in

bold

The results using the model of Manton& Stallard are not much different from those of the Cox
proportional hazards model. The differences between the loglikelihood values are caused by
the different ways that is dealt with autonomous age trends. In the Cox model age has been
included as a covariate, in the model of Manton& Stallatd data have been used that have been
transformed following a given age trend. The combinations of significant risk factors for
specific causes of death are amost identical. The standard errors shown have been defined
for the parameters of the matrix U. The standard errors of the corresponding linear and
guadratic terms of the hazard ratios (matrix Q) can be approximated using the delta method

(not shown here).
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Table 18 Regression coefficients using quadratic model with interaction terms

3 congtant SBP choleserod BMI smoking
loglikelihood
CHD .1004 (E-2) (E-9) (E-3) (E-3) (E-2)
17536 Urowl -103(45 10ns 8.3(9.3) 334.)) 04ns
Urow 2 -3.0(2.6) -17 (4) 6.1(1.6) -2.8(1.3)
(E-4) (E-6) (E-5) (E-5) (E-4)
Qrow1l 107 -11 -87 -35 -4.2
Qrow?2 -01 0.1 59 -0.2 0.1
Qrow3 -8.7 59 35 -74 51
Qrow4 -35 -15 -7.4 48 -1.6
Qrow5 -4.2 8.9 51 -16 81
other .0999 (E-2) (E-9) (E-3) (E-3) (E-2)
causes 17115 Urowl -8.0(5.5) -5.6 (3.6) 0.1ns 4.7 (4.0) 12ns
Urow 2 -35(5.6) -9.6 (7.0) 5.0(2.9) -39(2.9)
(E-4) (E-6) (E-5) (E-5) (E-4)
Qrowl 63 44 -0.9 -38 -94
Qrow 2 0.4 0.4 0.3 -0.4 0.1
Qrow3 -0.1 3.3 9.2 -4.7 3.8
Qrow 4 -3.7 -4.4 -4.7 4.7 -1.3
Qrow5 -9.5 7.2 3.8 -14 17

Notes: standard errors between brackets; significant parameters presented in bold

We have also fitted the model with the first two rows of the upper part of matrix U being
filled instead of only the first one for cause of death CHD and other causes respectively, thus
including interactions on the matrix U level. The results, together with the resulting matrices
Q, are presented in Table 18 and Figures 26 to 29.

When using alinear instead of quadratic hazard function and applying the formulas of §2.4,
the regression parameters found agreed with those of the Cox proportional hazards model.
However, hazard rate values became negative for some causes of death with small absolute
risk values. When introducing interactions on the matrix U level for mortality due to CHD
and other causes, the loglikelihood values increased only slightly. In case of mortality due to
other causes, no regression coefficient is statistically significant in the quadratic model. The
graphical results show that most relations are monotonic, with exception for BMI for low
absolute risks. In case of CHD mortality the coefficient for the quadratic term for cholesterol
IS negative, resulting in U-shaped risk curves. This negative value was statistically
significant. The interpretation of these U-shaped relations is not very simple. One hasto take
account of possible reverse relations: latent diseases may result in decreasing risk factor
levels. The resulting hazard rate ratios are qualitatively similar for smokers and non-smokers,
but we have found some differences. Especially for mortality due to other causes the risk
differences are much larger for smokersthan for non-smokers.
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Figure 26 Hazard rate ratios for mortality due to CHD for non-smokers
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Figure 27 Hazard rate ratios for mortality due to other causes for non-smokers
Notes: all ratios defined relative with respect to smallest value within two-dimensional range.
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Figure 28 Hazard rate ratios for mortality due to CHD for smokers
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Figure 29 Hazard rate ratios for mortality due to other causes for smokers
Notes: all ratios defined relative with respect to smallest value within two-dimensional range.
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We could have filled the matrix U element-wise instead of row-wise to find the best fitting
model. However, the results have been presented to show the potential of the quadratic
hazard model rather than definite results. The U-shaped relations found agree with literature,
especially for BMI.
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5. Discussion and conclusions

The change of risk factorsover time and age

At first we have used some simple methods to analyse the risk factor data from the Zutphen-
Study to look for trends over age and time (see 83.2). The scatter plots for time and age do not
suggest any clear trend of systolic bloodpressure, cholesterol level and Body Mass Index. The
Box plots and correlation coefficients suggest changes over time and/or age for several risk
factors. However, the Box-plots and correlations have to be interpreted carefully due to non-
ignorable missing values (right censoring). In other words, the change of the population risk
factor probability distribution over time and age is not the same as the one for any individual.
The model of Manton& Stallard enabled us to analyse the change of population risk factor levels
in relation to mortality and deterministic and random changes within individuals.

Survival and cause-specific mortality

The causes of death that have been distinguished are only broad categories. The selection
with respect to vascular diseases was meaningful in view of the selected set of risk factors.
The distinction between lung cancer and other cancers was maybe less meaningful. The
Kaplan-Meier estimations of the survival functions showed a moretypical ‘ survival function’
form when conditioned on age than when conditioned on time. This was caused by
population heterogeneity with respect to age. In 1985 almost 50% of the population has died,
in 1990 almost 65%. After some initial fluctuations the mortality proportions are almost
constant over age. The proportions for CHD and cancer decrease slightly, the proportion for
the other causes of death increases slightly. The proportions being almost constant over age
supports the proportional hazards assumption of the mortality models used.

The hazard function

Both the hazard function of the Cox model and the one used in the Manton& Stallard model are
made functionally dependent on a set of explanatory variables through aregression function. In
the Cox model aloglinear regression function is chosen, in the Manton& Stallard model a
quadratic function. The different forms of the regression functions make it hard to compare the
parameters. A linear instead of quadratic hazard ratio increases the comparability, but has one
major objection: positiveness of the hazard function is not guaranteed any more.

The model resultswith respect to therisk factor changes

Several parameterisations of the model part on the change of therisk factor levels over time
have been analysed. These parameterisations differ in the interactions between the explanatory
variables included. The interactions between the deterministic change have been described by
the matrix A, those between the random changes by matrix D. The matrices A; and D have
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been assumed full (admitting all interactions) or diagonal (admitting only linear deterministic
and congtant random changes).

The most gtriking result was that the model showed increasing risk factor levels for all risk
factors (although non-significant for cholesterol), whereas a simple regression analysis resulted
in decreasing levels for cholesterol and BMI. Apparently too simple models are unable to take
account of the complex processes underlying age-trends. We have taken account of the aspects
of deterministic changes (drift, trend) versus random changes (diffusion), and interactions
between the deterministic and random changes. We have not analysed the effect of time
(‘period-effects’) apart from age so far.

For all risk factors the deterministic changes were negatively associated with the absolute
values, i.e. high levelstend to increase lessthan low levels. This interaction was smallest for
BMI. For each risk factor the deterministic changes were most strongly related with the absolute
values for that risk factor and less with those for the other risk factors. Thisresult especially
applied to BMI. For bloodpressure and cholesterol there was asmall interaction with BMI. The
random changes found were relatively large compared to the 1-year deterministic changes,
especially for SBP and cholesterol. Therelative random changes were smallest for BMI, aswe
already had expected. The interpretation of the random changeswas not clear (see below).
Starting from the baseline model describing only interactions ‘within’ each risk factor, including
interactions between the random changes (i.e. extending the matrix D to afull matrix) improved
the model fit more than including interactions between the deterministic changes (i.e. extending
the matrix A;). Although the nature of the random changesis not clear (diffusion or
measurement errors), the latter result showed that these random changes are important and are
correlated.

When fitting the model only on data until 1970 the assumption of time-independent parameters
seems to be valid, and probably no significant time trends could have been found. Fitting the
model on all data (until 1985) would provide information on time trends. However, the large
differences of the measurement time intervals (1 year until 1970 and since then 7 and 8 years
respectively) together with the relatively large number of missing values after 1970 questions
the usefulness of fitting the model on the entire data set. The age trends that we have found were
of the same order asthose found in the Monitoring Project (Verschuren et al., 1994). The
differences are probably caused by the different time periods, 1960-1970 versus 1987-1991.

The model resultswith respect to mortality

The cause-specific baseline hazard functions have been assumed proportional in all analyses.

For the Cox model we have found that non-proportional cause-specific baseline hazard functions
did not result in significant better model fits compared to proportional ones. The assumption of
an exponential autonomous change over age instead of a non-parametric one (as in the Cox
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model) seemsto be dricter, athough it is generally agreed that for ages not too low or too high
the exponential model is valid,

The main significant parameters are related to systolic bloodpressure (with respect to heart
diseases mortality, mortality due to other causes and total mortality), to serum cholesterol (CHD
mortality), Body Mass Index (lung cancer mortality and mortality due to other causes), and
smoking (for total and lung cancer mortality). We have found that using current instead of
baseline risk factor values changed the significance of the relations. For example, bloodpressure
becomes non-significant for CHD and CV A mortality, smoking for total and CHD mortality.
However, BMI becomes significant for lung cancer mortality. In the latter case the mechanism
of causation is probably reverse.

The hazard function used in the Manton& Stallard model contains a quadratic regression
function that describes the functional relationship to the explanatory variables. It was impossible
to compare the modél fits of the Cox model and the Manton& Stallard model (in terms of
loglikelihood values). The reason was that in the former case the autonomous change over age
was included in the model, while in the latter case the data were transformed to adjust for this
change. The results on mortality agreed with those from Cox mortality analyses, qualitatively
and quantitatively. The results showed significant U-shaped risk curves for cholesterol for
CHD mortality and non-significant U-shaped risk curves for BMI for mortality due to other
causes. The formulas suggested that it is hard to compare the results of mortality analyseson
different data sets, because the regression parameters highly depend on the selection of
covariates. Comparison with the results that have been presented in (Manton& Stallard, 1988)
supported this conjecture.

Measurement errors

The model results could be biased by measurement errors and biological variability. This
phenomenon is called ‘regression dilution’. It describes the dilution/attenuation in aregression
coefficient that occurs when a single measured value of acovariate is used instead of the mean
of two or more measured values (Knuiman et a., 1998). There are two adjustment methods, one
adjusting the covariates and then fitting the model on the adjusted data, the other fitting the
model on the unadjusted data and then adjusting the estimated regression parameters. In our data
only single measured values were available, so we formally had to take account of regression
dilution. The residuals with respect to the risk factor levels found when fitting the risk factor
change submodel could have been used to estimate the variation due to measurement errors and
biological variations (cf. Blomqgvist, 1977). However, there are also other ways of estimating
this variation, e.g. external sources or combining all repeated measurements. We have not
worked out the analyses taking account of the regression dilution’ so far.
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M odel applications and further research

The model can only be fit on data from longitudinal studies. Although equally spaced
measurement time points are not necessary, they simplify the model equations. Because these
types of data are not generally available, model applications are limited in general.

The part of the model of Manton& Stallard describing the risk factor changes distinguishing
deterministic and random changes is an example of a model on repeated measurements.
Zeger& Liang (1992) have described three types of models that are used to analyse
longitudinal data. The model of Manton& Stallard belongs to the group of transition (Markov)
models. The part of the model that describes mortality is interesting because it introduces
guadratic mortality risk function in asimple way. Interest in quadratic functions to describe
mortality risks is increasing, e.g. with respect to the risk factors BMI and bloodpressure. The
surplus value of the model of Manton& Stallard is combining the change of risk factor levels
and mortality in one model structure. For example, Manton et al (1993) have used this model
to estimate the life expectancy that could be achieved by slowing down the increase of the
risk factor levels. This life expectancy can be interpreted as a'maximum life expectancy'.

At first sight the Manton& Stallard model seemed strongly similar to other types of
demographic-epidemiological simulation models in public health such as Prevent (Gunning-
Schepers, 1988), TAM (Barendregt& Bonneux, 1998), CZM (Hoogenveen et a., 1998) and
POHEM (Wolfson, 1991). However, we found also some major differences. The

Manton& Stallard model and model results can be used to further develop these types of
models. For example, the modelling of the change of specific risk factor levels could be
improved by including interactions between these changes.
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Appendix 2 Formal proofs of someresults

We have provided some formal proofs of the main steps of the development of the

Manton& Stallard model. The derivation of the Kolmogorov-Fokker-Planck differential equation
can be found in literature, e.g. Uffink (1990).

The'mortality part’ of the Kolmogorov-Fokker-Planck partial differential equation

f(z, t>t+At|t>t) = f(z]t>t+At) * Pr(c>t+at|t>t) = Pr(c>t+at|t>t,2) * f(z]>t)

with: f(z,t>t+At|t>t): the joint probability density function of the explanatory variables and
time of death.

=>  Af(Zt>t) = f(Zr>teat) - f(Zt>t) = f(Zr>t) { Pr(x>t+atjt>t z)/Pr(r>t+atjt>t) - 1}
= f(z]v>t) { (1-n(t2)a0/(1-u®)at) - 1}
= f(z]v>t) { (1-n(t2)A0) - (I-u()at) } /{ Tn()at}
=>  dldtf(Z]t>t) = f(Z]t>t) { p(t) - ut.2) }
The population hazard function
() = E(u(tz) | t>t) = E(bo+ by'z + Y2/ Bz | 15t)
= by + by’ E(zt>t) + ¥4 E(z|t>t)’ B E(z|t>t) +tr(ViB )}
= u(t,my) + Y tr(ViB)

Theordinary differential equationsfor the mean and variance of the multivariate normal
probability densty function

(@D} Formal differentiation of the density function of the multivariate normal distribution:
fi(2) = (2m)™" V™ exp{ Az Vi (z-19) }
The time-derivative of a matrix determinant is:

Vt-l V=1, adj(Vy) = [V Vt-l
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= tr(Vtdviddt) = [Vt tr( adj(Vy) dViddt ) = Vot d]Vy/dt
Thus: 5/5t Infy(2) = -Yen(In2m) - YadV/dt / VY| - Yo(z-1)' Vit(z-10)

2 Subsgtituting the deterministic and random changes in the Kolmogorov-Fokker-Planck
partia differential equation gives.

515t f(2) = - 5 { 8157 [ W(D*f(2) 1} +%e5i;{ 575257 [ 0 1D ]} -{ ntD-n(t) } £(2)
515t Inf(z) = 8/5t f(2) I fi(2)
=-3i{u(23/3zInf(2)} - 5;{ d/dzW(2) } +

o5, { o[ 575257 Inf2) + 515z Inf2) * 5/57 Inf(2) 1} - { n(t.2)-n(t) }

with:
U(2) = (Ao + Awz); => 357 u(2) = [Aa];
815z In f(2) = Vi (z-1); =  8%5z5zInf(2) = [V

wtz)=by+by/'z+%7 Bz
=>5/5t Infy(2) =

(ActA12)' Vi(z-my) - tr(Ag) - Yar(sVh) + Y(z-my) Vits Vi (z-my) +

- bo-by’z-%27' Bz + 1(t)
The resulting formulas from (1) and (2) should be identical functions of the variable z. So we
equate the termsthat are quadratic in z, resulting in the differential equation for Vi, we equate
thetermsthat are linear in z, resulting in the differential equation for my, and we equate the terms
that are independent on z, resulting in the equation for (t).

The discrete approximation step related to mortality

We use the same equation that underlies the mortality (survival) selection part of the
Kolmogorov-Fokker-Planck partial differential equation:

f(z]t>t+At) * Pr(t>t+at|t>t) = Pr(c>t+At|t>t,2) * f(z]>t)
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Subgtituting the multivariate normal variable probability density function yields:
)™ Ve exp{ -Y4(z-Mu1) Vier. (Z-Me) } * exp(-u(t) ) =
()™ Vi exp{ -YAz-my) Vi (z-my) } * expf{ -(bo+by’'z+2'B2) }
Theright and left hand side of the equation are identical functions of the variable z. So we again
equate thetermsthat are quadratic in z, resulting in the equation for V1., we equate the terms
that are linear in z, resulting in the equation for my4-, and we equate the termstheat are
independent on z, resulting in the equation for w(t). Thenit follows:
Vi ' =V +B =Vt (1+V,B)
=> Vi1- = DiVi
Vit Mea. = Vimy - by
=> M= Ve (Vemeby) = DVVE (meViby) = Dy (MeViby)

with: Dy = (1+V{B)™. According to (Manton& Stallard, 1988):
Mg = Mg - DV (b +Bmy) = (1-DiVB) m - DiVidy

I-DyV,B = Dy (D;*-VB) = D; (I+VB-VB) = D;
Thediscrete approximation step related to ageing
Zu1 = Zut- + 021 = Zua- + (Ao+Aszea. )t + D dw,
Thus:
M1 = E(Zi41) = EZesa- + E{ (AgtA1zi41.)dt +D7 dw }

= Myt + Ag+ AL Eziy + DT 0= Ag+ (1+A1) My
Vi1 = Var(zi1) = var( Ao + (I+A1)zi41. ) + var( D' dwy)

= (1+A1Z141) Var(zws) (1+A1z141) + D" var(dwy) D

= (| +A12t+1.) Vit1- (| +A12t+1.) + DT D
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assuming that the deterministic and random changes are independent processes.
Thelikelihood function

We have assumed that all individuals are independent. So the likelihood function is the product
of similar separate likelihood functions for all individuals.

L({Xi(to--tn)} { ti}ier s A,2,Q) o< Tier Li( Xi(to..tn), Ti ; A,Z,Q)
Li o< P( Xi(to,tn), Ti<t<Ti+At)
= fo(Xio) f1(Xia[Xi(to,to), t>t0) f2(XizXi(to,tr), T>t1) ...
P(t>1i|Xi(to,1i)) Pr(z<ti+at|Xi(to, i), t>15)
= fo(Xio) f1(Xiz[Xio,t>to) fa(XizlXi1,T>t1) ...
p([ulxi([ti]) P(t>tolxio) Pr(z>taXip, t>t1) .. P(t>TilXi i, [ 1i]))
= fo(Xio) To<nefriy fn(Xi(t) Xi 1)
p( [l Xi((i]) ) Tosnerri) €xp{ -n(taXi(ty) ) } exp{ -&i u( [l xi((xi] )}
= fo(Xio) To<nefriy fn(Xi(t) Xi 1)

p( [wl X[ Ti]) ) Mosnsrzi €XP{ -Win 1(tn,Xi(ts)) }

with: wi,: the length of the n-th subject-interval for individual i. We have used the following
assumptions: (1) the Markov-property, meaning that conditional on the last variable valuesthe
past values do not affect the future mortality and variable change process; (2) the time of death is
observed. In case of non-informative censoring the last term, that contains the hazard function
value for the last time period, hasto be omitted.

The quadratic hazard function model in case of different death risks

We assume (for every keK) that p(t,z) =z Q« z; , and that Qy is a symmetric non-negative
definite matrix of bounded time-dependent coefficients. Then:

u(t,z) At =Pr(t<t<t+At | t>t,2) = Skek Prt<tst+at,C=k | t>t,z) At
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= JkeK (Zt*’ Qk Zt* ) At = Zt*’ ( ZkgKQk) Zt* At

Therefore Q = 3k.kQx and Q is fill asymmetric non-negative definite matrix of bounded time-
dependent coefficients.

Thelikelihood function part related to mortality distinguishing different causes of death
L o< Tiet { Mosnerei €XP{ -Win 1(tnXi(tn) ) } } Tkek Tiemk { e [til X[ 7i]) ) }

= it { Tosnegci) &XP{ -Win Zkek it Xi(t) ) } 3 e Tiemc { 1 [l ([ xi]) ) }

= Mt { Tk Mosnegei) €XP{ -Win ie(tnXi(t) ) } 3 e Tiemc { 1 [l xi([ei]) ) }

= Miek { Tt Tosnegei) €XP{ -Win 1(tnXi(t) ) b Thiemc { i [e] xil[i]) ) } }

= Tkek Lmk

Therefore the mortality part of the likelihood function can be multiplicatively separated into
independent, functionally similar cause-specific likelihood functions.

Thelikelihood function part related to mortality usng subject-intervals
The likelihood function mortality part can be reformulated using the concept of subject-
intervals. We assume that all times of death are observed and we distinguish no separate death

risks here. The results can easily be generalised to the cases of right-censoring and
distinguishing causes of death.

Lm o< et { Hosnggrip XP{ -Win* u(tnXi(tn) ) } ([l Xi([<i]) ) } = Mier- exp{ - Wi i } Diem= Wi



