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This chapter describes a model-based standardization procedure. The model on which the
procedure is based is a statistically well grounded alternative to the classical indirect
standardization with inbuilt standard population. While estimation of the model-parameters
involves iterative methods, it is demonstrated how procedures readily available in standard
softwares like SAS and SPSS may be used to estimate the parameters. The issues addressed
are illustrated by empirical analysis of mortality rates during the first year after birth among
Ghanian and Kenyan children, based on data from their 2003 Demographic and Health
Surveys.
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1. Introduction3

1.1. Standardization

Standardization is a technique used to adjust crude rates in order to eliminate the effect of

differences in age-sex structure, or any other extraneous factors, so as to facilitate

comparison of rates for different populations or sub-populations. Traditionally, two forms

of the technique have been mostly used, direct standardization and indirect

standardization. In the direct form an arbitrary age structure is combined with the

observed age-specific rates for each population to estimate comparable overall rates. In the

indirect, the actual age structure of each population is combined with an arbitrary set of

age-specific rates to estimate an “expected” number of events, which is compared with the

observed number to provide a standard index for each population.

1.2. Direct Standardization

Basically direct standardization assumes a particular population as standard and recomputes

the overall rates in the populations by replacing their compositions by the compositional

schedule of the standard population.
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In adjusting for age, for instance, a “standard” population is selected and its age

structure is applied to the age-specific rates for each study population. The number

of events (deaths, births, etc.) that would result from this hypothetical combination

of population and vital rates is then calculated and a standardized rate arrived at

by dividing this hypothetical number of events by the total size of the standard

population. The resultant rate represents what the crude rate would be if the

population from which the age-specific rates are taken had the same age structure as

the standard. In essence the method is analogous to taking a weighted average of

each set of age-specific rates, with the same weights (the standard age structure)

applied to each case.

The formula for direct standardization is:

ldirect ¼
i

X
mi

PðSÞ
i

P ðSÞ
ð1Þ

where ldirect is the directly standardized rate, mi ¼ di=pi age-specific death rate at age-

group i in the study population (di and pi refer to say, deaths, and mid-year populations,

respectively); PðSÞ
i represents the standard population at age group i; and P ðSÞ ¼

i

P
PðSÞ
i

represents the total standard population. Thus, each age-specific rate in the actual

population is multiplied, in effect, by the proportion of the standard population in each

age group.

In standardizing a death rate for, say, age and sex jointly, each age-sex-specific

death rate is multiplied by the proportion of the total standard population in that

age-sex group.

This methodology permits any number of comparisons to be made between

different populations. However, the choice of a standard population is purely arbitrary,

and the standardized rates are of value only within the context of a particular

comparison and have no intrinsic meaning. One of the real populations for which

standardization is to be undertaken may be used as the standard, or one may choose

some population (unrelated to the comparison in question) as a standard population.

The choice of standard may play a noticeable role in the ultimate values of the

standardized rates. In the words of Reitsma et al. (2000), “there is lack of standards in

direct standardization.”

1.3. Indirect Standardization

Indirect standardization relates the observed number of events to the number which would

be expected if the population under study experienced a “standard” set of rates specific to

each age, duration or other category.

If the goal is to standardize mortality rates with respect to age, then for each age

group in the population studied an appropriate mortality rate is taken from a standard

schedule. Multiplying the number of persons in the age group by the standard rate

yields the number of deaths to be expected if this age group experienced the standard

rate. Summing these products for all ages provides an expected total number of

deaths. Division of the observed number of deaths by this hypothetical expected
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number gives a ratio expressing the difference between the mortality of the

population studied and the standard. This ratio may be interpreted directly, or

multiplied by the crude death rate of the standard population to generate a measure

analogous to the crude rate but with the effects of population composition (age

structure) greatly reduced.

The formula for indirect standardization is:

lindirect ¼
d

i

X
MðSÞ

i pi

0
BB@

1
CCAM ðSÞ ð2Þ

where, for the standard population, MðSÞ
i represents the age-specific death rate and M (S)

represents the crude death rate; and, for the population under study, d represents the

total number of deaths and pi represents the population at age group i.

This formula calls for adjusting the crude death rate of the standard population by a

factor representing the ratio of the recorded number of deaths to the number expected on

the basis of the age-specific death rates of the “standard” population and the population by

age in the area under study.

The principal advantage of indirect standardization over the direct variety is that it

requires only information on the total number of events occurring in a population

rather than needing age-specific rates. This makes it possible to use it in many cases where

direct standardization is impossible (no age-specific data) or inadvisable (e.g., small

populations with highly volatile age-specific rates).

A certain caution is necessary in interpretation. The measures calculated by indirect

standardization are comparative. They enable a comparison of any given population with a

“standard,” but any arbitrary set of rates can form that standard, and the particular set

chosen may have a significant effect on the resulting indices.

1.4. Drawbacks of the Traditional Approach

Although very widely used, both direct and indirect standardization remain simple and

essentially arbitrary procedures. Their currency in demographic analysis is an

inheritance from the era before the development of high-speed computers and

sophisticated multivariate techniques. In this light, their value in comparison with

more theoretically sound methodologies, such as regression, is debatable. They are

computationally simple, and certainly better than a comparison of crude rates.

However, they have many potential drawbacks. The choice of a standard can have

a significant impact on the resulting indices, and the standardized rates are purely

comparative and have no intrinsic meaning. Some analysts noting these points

have questioned the use of standardization in any circumstances. As Elandt-Johnson

and Johnson (1980) have put it “[traditional]” standardizations are not often very

helpful and are very often misleading. Thus, although direct and indirect

standardization are still widely used, these methods will gradually lose popularity

among practitioners.
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1.5. The Present Paper

In this paper we describe a model-based alternative to classical standardization. The model

is an improved form of indirect standardization with in-built standard population.

The statistical model on which this procedure is based, the multiplicative hazard model, is

introduced in the next section. Parameter estimation, testing, and interpretation in relation

to standardization are outlined. Further, it is demonstrated how the parameters may be

estimated using simple procedures – like the SPSS General Loglinear Analysis Procedure

or the SAS Genmod Procedure – procedures originally developed for other purposes such

as the analysis of contingency tables. The concepts are presented in terms of a simple

two-factor model with no interaction, but can be extended to more factors and modified to

include factor interactions. Section 3 is devoted to empirical illustration of the model. The

model is fitted to data from the 2003 Demographic and Health Surveys in Ghana and

Kenya, with a view of exploring differentials in infant mortality across age-groups and

countries. The final section summarizes the contents of the paper and outlines potential

extensions. Matlab-, R-, SAS-, and SPSS-codes used in the empirical illustration are

provided as supplementary material.

2. A Multiplicative Hazard Model

2.1. Introduction

Consider a (categorical) covariate with J levels and indexed by j ( j ¼ 1, : : : ,J). Further,

let Dij be the number of occurrences, say deaths, in age group i (i ¼ 1, : : : , I) and at level j

of the covariate for Tij time units (say, months) of observed time (exposure).

Define

Diþ ¼
XJ
j¼1

Dij; Dþj ¼
XI

i¼1

Dij ð3Þ

and

Dþþ ¼
XI

i

XJ
j

Dij ¼
XI

i¼1

Diþ ¼
XJ
j¼1

Dþj ð4Þ

and let Tiþ, Tþj, and Tþþ represent similar quantities for the exposure variable T.

We interpret each occurrence/exposure rate l̂ij ¼ Dij=Tij as an estimator of the

corresponding hazard function lij which is assumed to be piece-wise constant. In other

words, the time to event (death) is assumed to follow a piece-wise exponential distribution.

In the context of our notation, the density function of the time to death in age group i for

a person at level j of the covariate is given by

f ðtijÞ ¼ lij expð2lijtijÞ ð5Þ

It is assumed that the populations defined by the J levels of the covariate have been

observed over a fixed time period, and that censoring is possible so long as it is

noninformative in the sense of Lagakos (1979).
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A simple mathematical model for the rate structure, lij, is expressed in the equation

lij ¼ uiaj ð6Þ

whereby the age-specific hazard rates are obtained from multiplicative contributions of the

i th age group (ui) and j th level of the covariate (aj).

A model of this form has been suggested for many situations (Breslow and Day 1975;

Andersen 1977; Hoem 1987). In most applications, it is convenient to select some level

(say level J) of the covariate as a standard (baseline) of comparison. In such a case

aJ ¼ 1 and ajð j , JÞ measures the relative super-/subintensity (hazard) of level j

while liJ ¼ uiaJ ¼ uið1Þ ¼ ui is the hazard at age group i in the standard (baseline) level

of the covariate.

2.2. Estimation and Testing

To find the simultaneous density function for a sample of individuals, we must make an

assumption about the relationship between single individuals. For the purposes of this

paper, where we contrast standardization based on implicit models with an explicit

model-based method, we assume independence between observations of individuals.

However, one of several advantages of the model-based method over classical

standardization is its flexibility. For example, it can be expanded to accommodate intra-

cluster correlations, which is not possible with the classical direct and indirect

standardization.

To find estimates of the parameters ui and aj (for j , J) when (6) holds, we first define

wijr as an indicator of whether the r th sample member having the j th level of the covariate

dies (wijr ¼ 1) or is alive (wijr ¼ 0) in the i th age group. Combining (5) and (6), the

contribution, to the likelihood, of the subsample of individuals in the i th age group and

having the j th level of the covariate can then be obtained as

Lij ¼
r

Y
ðlijÞ

wijrexpð2lijtijÞ
� �

ð7Þ

¼
r

Y
ðuiaiÞ

wijrexpð2uiaijtijrÞ
� �

¼ ðuiajÞ
Dijexpð2uiajTijÞ ð8Þ

where Dij and Tij are as defined before.

The likelihood for the entire sample will then be the product of the Lij over all levels

of i and j:

L ¼
i

Y
j

Y
Lij ¼

i

Y
j

Y
ðuiajÞ

Dijexpð2uiajTijÞ
� �

ð9Þ

so that

lnL ¼
i

X
j

X
{Dij ln ðuiajÞ2 uiajTij} ð10Þ
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¼
i

X
j

X
Dij ln ui þ

i

X
j

X
Dij lnaj 2

i

X
j

X
uiajTij ð11Þ

¼
i

X�
j

X
Dij

�
ln ui þ

j

X�
i

X
Dij

�
lnaj 2

i

X
j

X
uiajTij ð12Þ

¼
i

X
Diþ ln ui þ

j

X
Dþj lnaj 2

i

X
j

X
uiajTij ð13Þ

wherer Diþ and Dþj are as defined in (3).

If we differentiate In L with respect to ui and, separately, with respect to aj and proceed

in the normal manner to maximize In L, we get the normal equations

u
*

j ¼
Diþ

j

X
a

*

j Tij

; i ¼ 1; 2; : : : ; I ð14Þ

and

a
*

j ¼
Dþj

i

X
u

*

j Tij

; j ¼ 1; : : : ; J 2 1 ð15Þ

This is a system of I þ J 2 1 equations that does not have an explicit solution in

general. It defines the maximum likelihood estimators u*
i and a*

j implicitly, but one

cannot write a simple formula for them. When the occurrences (Dij) and exposures

(Tij) are given, numerical values of the estimators can easily be found from an

iteration process like Iterative Proportional Fitting (Ireland and Kullback 1968).

Define initial values að0Þ
i ¼ 1 for all j ¼ 1, : : : , J and enter them into the right-hand side

of (14) to get corresponding initial values for the u*
i , as follows:

u
ð1Þ
i ¼

Diþ

j

X
a
ð0Þ
j Tij

¼
Diþ

Tiþ

; i ¼ 1; 2; : : : ; I ð16Þ

Then, uð1Þi is a straightforward occurrence/exposure rate at the i th age-group when we

take no account of the covariate indexed by j. In other words, it is the unstandardized

age-specifc rate.

Now compute a next approximation to a*
i by plugging u

ð1Þ
i into (15), i.e., let

a
ð1Þ
j ¼

Dþj

i

X
u
ð1Þ
i Tij

; j ¼ 1; : : : ; J ð17Þ

If we relate (17) to the expression within the parentheses of Equation (2), we note that

the denominator
�

i

P
u
ð1Þ
i Tij

�
gives the expected number of deaths in the j th level of the

covariate – if the exposures, Tij, were subjected to mortality experience of the whole

observed population in each age group (uð1Þi ). Thus, a
ð1Þ
j – which is the ratio of

the observed to the expected number of deaths in the j th level of the covariate – is

Official Statistics in Honour of Daniel Thorburn184



the effect of the j th level of the covariate, indirectly standardized with respect to the

age variable, using the whole observed subpopulation as a standard. In other words,

(17) is an improved version of the indirect standardization defined in (2) with in-built

standard population.

Next, plug a
ð1Þ
j back into (14) to get a second approximation u

ð2Þ
i to u

ð*Þ

i :

u
ð2Þ
i ¼

Diþ

j

X
a
ð1Þ
j Tij

ð18Þ

Again, relating (18) to (2), we note that the denominator

�
j

P
a
ð1Þ
j Tij

�
gives the expected

number of deaths in the i th age group if the exposures, Tij, were subjected to the overall

relative risk at the j th level of the covariate (að1Þ
j ). Thus, uð2Þi – which is the ratio of the

observed to the expected number of deaths in the i th age group – is the effect of the i th age

group, indirectly standardized with respect to the country-variable, using the whole

observed subpopulation as a standard.

The iteration is continued by plugging u
ð2Þ
i into (15) to get a new approximation to u*

i

and a
ð*Þ
j and so on, until the process converges. Let uð1Þ

i and a
ð1Þ
i be the values that it

converges to. Since we have not normalized the parameters during the iteration process,

there is no guarantee that að1Þ
i equals 1, though in practice it turns out to be numerically

very close to 1 in most cases. Therefore, we define our final maximum likelihood

estimates as

a
ð*Þ
j ¼

a
ð1Þ
j

a
ð1Þ
1

; j ¼ 1; 2; : : :; J ð19Þ

and

u
ð*Þ
i ¼ u

ð1Þ
i a

ð1Þ
1 ; i ¼ 1; 2; : : : ; I ð20Þ

The above technique can be extended to include further factors. With a third factor,

for instance, an extended form of the model in (6) may be written as lijk ¼ uiajgk.

Further, interaction between two covariates or between a covariate and the time variable

may be included in the model. Thus, with four factors where the last two factors

interact, the hazard function may be written as lijkm ¼ uiajfkm, while if the interaction

is between the time variable and the second factor the model may be written as

lijkm ¼ uijgkdm.

At each step, the overall fit of the model and the improvement in fit resulting from

adding a set of covariates to the model can be tested by a likelihood ratio test. Let L1

denote the likelihood for a model that includes a set of K covariates and let L0 be the

likelihood resulting from a model that excludes these covariates. The joint significance of

the K covariates is then tested through the likelihood ratio

L* ¼
MaxðL0Þ

MaxðL1Þ
ð21Þ

Ghilagaber and Hedlin: Model-based Indirect Standardization 185



For a sufficiently large sample size, 22 In L* follows a x2-distribution with K degrees

of freedom under the null hypothesis that the K covariates are jointly insignificant.

Significance of interaction terms can be tested in a similar way.

2.3. Practical Estimation using SPSS/SAS/R

Consider the situation with two factors with no interaction. In the multiplicative model (6),

the hazard rate is decomposed into the product, lij ¼ uiaj with one of the aj’s say aJ, fixed

to be equal to 1 (baseline level of the covariate).

Now let Ai ¼ lnui and Bj – ln aj so that

lnlij ¼ ln ui þ lnaj ¼ Ai þ Bj ð22Þ

Further, let A
–
¼

PI
i¼1 Ai=I and B

–
¼

PJ
j¼1 Bj=J be the means of the Ai’s and the Bj’s,

respectively. Computer procedures such as the General Log-Linear Procedure in SPSS or

the GENMOD Procedure in SAS yield estimates of the grand mean effect,

D ¼ A
–
þ B

–
ð23Þ

the age-specific effects

ai ¼ Ai 2 A
–

ð24Þ

and the effect of the j th level of the covariate,

bj ¼ Bj 2 B
–

ð25Þ

such that

aI ¼ bJ ¼ 0 ð26Þ

where aI and bJ correspond to the last (highest) levels of the two factors. Further, the

procedures provide estimates of standard errors of the estimates, the corresponding test

statistic, and asymptotic confidence intervals for the estimates ai and bj.

Using the above results, we have

lnlij ¼ lnui þ lnaj ¼ Ai þ Bj

¼ ðai þ A
–
Þ þ ðbj þ B

–
Þ ¼ ðA

–
þ B

–
Þ þ ai þ bj

¼ Dþ ai þ bj

ð27Þ

The corresponding hazard rates and the relative risks (multiplicative factors) may be

estimated as follows:

From (27) we have

lij ¼ expðDþ ai þ bjÞ ð28Þ

Thus, Equation (28) is a log-linear (log-affine) parametrization of Equation (6). In other

words, the two equations represent two different parametetrizations of the hazard rate lij.
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By design

liJ ¼ uiaJ ¼ uið1Þ ¼ ui ð29Þ

Using (28) in (29) we have

ui ¼ uið1Þ ¼ uiaJ ¼ liJ ¼ expðDþ ai þ 0Þ ¼ expðDþ aiÞ ð30Þ

Lastly,

aj ¼
lij

ui
¼

expðDþ ai þ bjÞ

expðDþ aiÞ
¼ expðbjÞ ð31Þ

Equations (30) and (31) give the final estimates of baseline hazards and relative

hazards, respectively. Estimates of confidence intervals for these relative risks may be

obtained by exponentiating the corresponding estimates of the confidence intervals for

the estimates of log-hazards. Again, the procedure outlined above can be easily

extended to the case of more than two factors and to models with interactions.

3. Illustration: Infant Mortality in Ghana and Kenya

We shall fit the log-linear (log-affine) model (28) of the preceding section to the

numerical data set shown in Table 1. The table contains number of deaths (Dij) and

exposure months (Tij) at age group i for country j (i ¼ 1,2,3,4; j ¼ 1,2). The age groups

are subdivisions of the first year after birth for some new born children in two

independent surveys from 2003 and refer to the period with 0–4 years before the

survey (1999–2003). For details on the surveys, see Ghana Statistical Service (GSS),

Noguchi Memorial Institute for Medical Research (NMIMR), and ORC Macro (2004),

and Central Bureau of Statistics (CBS) [Kenya], Ministry of Health (MOH) [Kenya],

and ORC Macro (2004).

Table 2 contains results from the GENMOD Procedure in SAS.4 Note that the

estimates corresponding to the highest levels of each factor (a4 and b2) are, by default,

the reference categories. As a result the parameters of these levels are set to zero, and

no estimate is provided.

We shall take Kenya as a reference country. Then, from the results displayed in

Table 2, we can compute estimates of the parameters of the multiplicative model (the

baseline hazards and the relative risk), as was already shown in Equations (30) and

(31), respectively. The baseline hazards at age group i, ui will refer to Kenya, while the

relative risk aj is the multiplicative factor (intensity of death in Ghana relative to that

in Kenya). From Equation (30), the estimated baseline hazards under the multiplicative

model are (all expressed per 1,000 exposure months)

ui ¼ expðDþ ai þ bJÞ ¼ ðDþ ai þ b2Þ ¼ ðDþ aiÞ

4 See Supplementary material for Matlab codes used to estimate the parameters in Equation (6) and R/SAS/SPSS
codes used to estimate the parameters in Equation (28).
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Thus,

u1 ¼ expðDþ a1Þ ¼ expð24:0423 þ 0:8071Þ ¼ 39 per 1; 000

u2 ¼ expðDþ a2Þ ¼ expð24:0423 2 0:7768Þ ¼ 8 per 1; 000

u3 ¼ expðDþ a3Þ ¼ expð24:0423 2 0:2342Þ ¼ 14 per 1; 000

u4 ¼ expðDþ a4Þ ¼ expð24:0423Þ ¼ 18 per 1; 000

To estimate the relative risk a1 we make use of Equation (31):

a1 ¼ expðb1Þ ¼ expð20:1772Þ ¼ 0:84

indicating that, under the multiplicative model, mortality rates in Ghana were about

84% of those in Kenya. The entire set of estimated rates under the multiplicative model

would be:

l̂11 ¼ u1a1 ¼ 39ð0:84Þ ¼ 33 l̂12 ¼ u1a2 ¼ 39ð1Þ ¼ 39

l̂21 ¼ u2a1 ¼ 8ð0:84Þ ¼ 7 l̂22 ¼ u2a2 ¼ 8ð1Þ ¼ 8

l̂31 ¼ u3a1 ¼ 14ð0:84Þ ¼ 12 l̂32 ¼ u3a2 ¼ 14ð1Þ ¼ 14

l̂41 ¼ u4a1 ¼ 18ð0:84Þ ¼ 15 l̂42 ¼ u4a2 ¼ 18ð1Þ ¼ 18

Table 2. Parameter estimates in a two-factor model

95% CI

Parameter Estimate SE Z – value Lower Upper

D 24.0423 0.0275 2147.258 24.0961 23.9885
a1 0.8071 0.0309 26.081 0.7464 0.8677
a2 20.7768 0.0457 217.003 20.8664 20.6872
a3 20.2342 0.0389 26.023 20.3105 20.1580
a4 0.0000 – – – –
b1 20.1772 0.0254 26.990 20.2269 20.1275
b2 0.0000 – – – –

Table 1. Deaths (Dij) and Exposure months (Tij) in Ghana and Kenya

Country ( j )

Ghana Kenya

Age (i ) Di1 Ti1 l̂ i1 Di2 Ti2 l̂ i2 l̂ i1=l̂ i2

,1 month 1,571 36,456 43.093 2,033 61,048 33.302 1.294
1–2 months 168 34,902 4.814 542 58,701 9.233 0.521
3–5 months 270 34,640 7.795 932 57,515 16.204 0.481
6–11 months 328 33,744 9.720 1,142 55,460 20.591 0.472

Total 2,337 139,742 16.724 4,649 232,724 19.976 0.837
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4. Summary and Potential Extentions

In the present paper we have described a model-based alternative to solve the problem of

standardization. The model on which the procedure is based, the multiplicative model, has

several clear advantages over the traditional approaches:

. it is mathematically convenient and theoretically appropriate,

. it is a statistically well grounded extension of the classical indirect standardization

with in-built standard population,

. it is a grouped-data version of the well-known proportional hazards model (with

piece-wise constant baseline hazards),

. its parameter estimates are Maximum-likelihood estimates and, thus, possess optimal

properties.

. the overall fit of the model can be tested with appropriate goodness-of-fit tests.

. it enables the investigator to test for the importance (significance) of one or more

covariates in explaining the behavior under study (in the process of standardiztion).

. its log-linear (log-affine) parametrization enables investigators to estimate its

parameters using procedures that are readily available in common software like SAS

and SPSS.

There are other areas of statistics where practitioners have largely abandoned the type of

calculations that are only implicitly based on models. Instead these practitioners favor

explicit modelling. One such area is commonly referred to as small area estimation. There

is a demand for estimates for local geographical areas or other small domains. In the past it

was common to make simple prorata calculations where, for example, estimates for small

regions were assumed to be proportional to known population numbers for the same small

regions (Rao 2003, Ch. 4). The underlying assumption is that Yk=Y ¼ Xk=X where

subscript k indicates small region k and Y and X are the study variable total and the

population total known from a census, respectively. Rao (2003) refers to this type of

models as “implicit models,” as opposed to explicit models which feature domain-specific

components that account for between-domain variation and explicit stochastic residual

variation. Advantages with explicit modeling include a) it is more convenient to give

estimates of precision of point-estimates b) the models are flexible c) they allow for model

diagnostics (Rao 2003, p. 75). These points are in accordance with the other advantages

listed above.

Observations in surveys are often correlated and this is true in our illustrative example.

This correlation structure in surveys arises from the hierarchical data structure that is

common in many surveys. Observations are made of individuals in the same family and

the families live in the same village, and so on. The sampling design often retains these

correlation structures rather than attenuating them, which would be the case if a simple

random sample had been taken. The appropriate class of models for clustered survey data

is multilevel models. See Goldstein (1995, Ch. 9) for event-history multilevel models. The

likelihood in (10) can conveniently be extended into a multilevel model.

The issue of whether one should use design-based or model-based estimates in surveys

has been discussed for several decades. Särndal (2010) gives an account of the fascinating

history of these fundamental issues of survey sampling in another chapter of this book.
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Zhang (2010) also provides a model-based approach to variance-estimation for price

indexes. The model-based indirect standardization presented here, which is an ML

estimator, can be recast into a design-based estimator using a modification of the

likelihood function (10). Skinner (1989) has coined the term pseudo-maximum likelihood

for the sum of weighted scores of a sample drawn with varying inclusion probabilities. The

weights are the reciprocals of inclusion probabilities (Skinner 1989; 2003). For instance,

instead of finding the root of
i;j

P
›=›uilnLij, as we did to get the normal Equation (14)

that generated the the MLE of ui the design-based approach entails finding the root of

the design-weighted sample sum of score-functions. The resulting estimate is referred to

as a pseudo-MLE. The method gives design-consistent estimation of the corresponding

finite population parameters. Binder (1992) makes use of pseudo-maximum likelihood

to derive design-based estimators for proportional hazards models. Since (10) is derived

from a discrete-time proportional hazards model (with piece-wise constant rates), it can

be readily extended to yield pseudo-MLEs, and it is our ambition to pursue this in the

near future.
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