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Abstract. This paper describes a method of validating a complex model of the food system in a diswrict of Zimbabwe. The
mode} will simulate patterns of malsutrition in all househo%ds within the district, using an artificiat population created from
census information and a sample survey. Model validation should require use of an independent data set not used in model
construction. In many cases, such data are based on nen-standard spatial units and may alse be prone 1o bias. For the study
district, the only nutritional data available are anthropometric measurements of children artending health centres, rather than
district-wide household surveys. To use such data for validation, an aitendance model has been developed that assesses the
likelihood of children taking part in this health centre measurement programme. The probability of a given child being measured
at a given facility is estimated based on the type of health facility, the characteristics of the child’s household, the distance
between the two, and the proximity of other eguivalent types of facility. This relationship is sstimated using logistic regression on
field survey data and then applied to ail of the households in the artificial population. The number of children attending each
health facility can therefore be estimated, giving figures directly comparable to the aggregated health centre statisiics.
incorporation of a module to simulate healthcare uptake means that aggregated model results can be validated for the youngest
population cohort, Conditions in past years can be replicated within the model and output compared to historical records for
different health centres across the district. This approach could alse be applied to data collected at other types of fixed service
point in rural areas, such as livestock diptanks, grain depots, or food aid distribution points. This work illustrates how secondary
data, based on non-standard spatial units, can still be used for model validation.

1. INTRODUCTION This approach to model validation is considered here in the
light of an analysis of patterns of healthcare uptake in
This paper addresses tiwo problems commonly encountered Zim‘babwe. A simulatipn model is developed of
in developing modeis of social behaviour. The first problem participation by young children in a growth meonitoring
is the way in which the scale of observation influences the programme in the Buhera District in Manicaland Province.
functional form of a given model. Perceived causes of Factors affecting participation in the growth monitoring
phenomena at household level do not always coincide with programme are identified on the basis of a household
those apparent in aggregate data for different social groups survey. This household-level model of attendance is then
or regions. Several studies, for example, have iltustrated u;edn to estimate the number of children weighed in the
how the apparent causes of disease clusters change with district’s health centres. Smlnulaﬂon results are then
increasing levels of data aggregation [Waller and Tumnbull, compared to government statistics on the number of
1993: Schneider et al. 1993]. Such difficulties may also children attendmg each health centre, thereby validating the
occur when analysing geographical patterns of under- model using an ‘unseen’ data set,
nutrition.
The second problem concerns the issue of model validation 1.1 The Growth Monitoring Frogramme in Zimbabwe
that has been well documented in the past. Dent and ) ) _
Blackie [1979, pp. 100-102] have suggested four types of Since 1987, Zimbabwe has been operating a National
data that can be used for validating 2 model: histerical data Health Information Systems (NHIS) which collates
used in model construction; historical data not used in information coliected at health centres throughout the
model construction; historicat data collected since the model country [Tagwireyi and Greiner, 1994}, Part of the
was constructad; and data expiicitly cotlected for model information colfected through this system concemns the
validation. They suggest that the laiter two types of data are nuiritional stams of pre-school children, who have their age
more appropriate for validation, but admit that data and .weliohl. recorded at health centres as part of a growth
collection solelv for model validation is expensive. These monitoring programme. The numbers of children who are
two problems are addressed here by developing a modet of weighed and the proportion who are underweight for their
health centre attendance based on detailed. household-level age are computerised under the NHIS, but details about the
data, Agzregated data for each health centre - collected ata environment which the children come from are not
different scale - are then used to validate the model. recorded.  This lack of information abowt the children's

background makes 1t difficult to identify the causes of high
levels of malnutrition at a particular ¢linic, without recourse
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W community-based numritional surveyvs of individuals.
However, the NHIS growth monitoring data can stil} be
used to validate 3 model derived from a communiry-based
survey, provided that the NHIS data are adjusted to take
account of different levels of participation in the weighing
programme.

1.2 A Survey of Growth Monitoring Participation and
Matrition

A community-based field survey investigaling patterns of
healthcare use was undertaken in Buhera Disirict in
Manicaland province. Such a survey can be used both to
identify the causes of under-nutrition and to assess the
factors that influence participatien in the growth monitoring
programme described above. Buhera distriet consists of
medium to low potential agricultural land, with annuai
rainfall varying from around 830 mm in the north 1o 550
mm in the south. Large rivers, the Save and the Nyazvidzi
bound the district on two sides, and these barriers reduce the
degree of interaction with neighbouring  districts.
Subsistence agricuitural production is generally insufTicient
to meet requirements, so many adults work outside of the
district in cities, mines or commercial farms, migrating on a
seasonal basis and remitting funds back to the housshold.
In terms of health facilities, the district is served by two
fully equipped hospitals - Murambinda Mission hospital
located in the north of the district, and Birchenough Bridge
hospital in the scuth, Both hospitals he close to tarmac
roads, but there are only dirt roads in the remote, central
part of the district. As well as the two main hospitals, the
district contains nineteen smaller rural hospitals and clinics
with more [imited facilities. Schools and settiements in
remoter parts of the district are also visited by mobile
medical teams once a month, who perform immunisations,
growth monitoring, and disseminate health information.
Information about the socio-economic characteristics of
households in the district is available from the 1992
Zimbabwean national census, broken down into 36 wards
[Government of Zimbabwe, 1994].

354 households in 60 different villages within this district
were selected to participate in the survey, based on a
random sampling plan, stratified to capture variation in
access to healtheare [Wright et al, 1996}, This represented a
1% sample of the towal district poputation. The locations of
participating villages and local health centres were recorded
using a Global Positioning Systems {GPS) receiver and
entered onto the GIS system.

2. A HOUSEHOLD MODEL OF GROWTH
MONITORING UPTAKE

2.1 Methodsology

In October 1993, adult carers of 284 children were asked to
identify which clinics or hospitals (if any} their children had
visited for growth monitoring. At the same tme, the
weights and heights of all housshold members participating
in the survey were recorded. [Initial investigation of the
respense o this question suggested that attendance at the
two main hospitals followed a very different pattern from
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attendance at the other types of health centre. Two separate

models of growth monitoring attendance were developed for

these two types of facility, in which attendance at a

particular health centre was expressed as a function of:

®  the characteristics of the child and the child's family;

® the characteristics of the health centre; :

#  the distance from the child's home to the health centre

= and the extent to which other neighbouring facilities
were able to offer similar facilities.

More formally, this relationship was expressed as 2 logistic

regression equation, such that:

P=1/1+eZ)
(1}

{where P is the probability of a given child visiting a given
health cenire and ¢ is the base of natural logarithms).

In this expression, Z is given by the equation:

Z*ﬁ{}‘?"ﬁl Xl .....+Bﬂ}(n+~a
ey

(where X;..X,, are terms representing the characteristics of

the health centre, household and child, the distance from the
child's home to the health centre, and competition from
other health facilities; and g is a residual error term).

This approach is derived from Rosenberg and Hanlons
{19961 study of healthcare uptake in Ontario, Canada. This
study used logistic regression to model general uptake of
health services based on demographic, income, and the
health service environment, though attendance at specific
facilities was not considered. The characteristics of the
child and its household included in the analysis were
restricted to those that could be obtained from the 1992
census for all the wards in Buhera District.  Although this
meant that some potentially useful predictors of formal
healthcare participation were not considered, it meant that
the results of the analysis could be applied to the whole
district population by using the census information.
Household characteristics considered in the analysis
included the type of water source used, type of sanitation,
and type of housing (a proxy measure for wealth).

Distances between surveyed viliages and health centres
were calculated in such a way that the effect of roads, rivers,
and terrain on movement was explicitly incorporated. This
was achieved through the use of a 'pushbroom’ algorithm,
which calculates distances from a 'difficulty of movement'
map, rather than taking simple Euclidean distanice [Eastman,
1989]. Slopes were calculated from a Digital Terrain Model
of the district and converted to difficulty of movement
based on human energy expenditure figures for different
types of terrain [James and Schofield, 199¢]. This was then
combined with maps of difficuliy of movemenit along roads
and across rivers, derived from a series of interviews with
local government staff from within the district (see Wright
et al [1996] for a more comprehensive discussion of this
procedure).

The extent to which other neighbouring health facilities
influenced attendance at a given health centre was
represented through a 'competition' variable. Competition
was represented by subtracting the distance to the nearest



heaith facility capabie of providing the same level of
healthcare from the distance w the particular health facility
being considered. The value of this competition variable
was therefore zero for the nearest facility 1o a given village.
and increased for facilities that were further away. Since
the number of possible combinations of independent
variables was large, a stepwise regression technique was
used to identify the combination of variables that best
explained the observed panern of clinic artendance.

2.2 Household-Levei Model Results

Table | shows the results of the siepwise logistic regression
analysis for hospitals and rural hospitals/clinics. In the case
of hospitals, growth monitoring participation was related to
the type of water source used by households and to the
distance between the survey village and the hospital. The
probability of visiting a hospital declined with distance,
whilst households using unsafe water sources (such as rivers
or dams) were less likely to take their children for growth
monitoring. For the smaller rural hospitals and clinics, the
probability of grawth monitoring attendance was related
solely to the 'competition' variable discussed earlier. The
fact that the 'competition' variable proved important for
clinics and rurai hospitals but not for the main hospitals may
be related to the much lower density of main hospitals.
Because the main hospitals are so far apart, it may be that
they never effectively compete for patients - unlike the
clinics and tural hospitals.

Variable Type of | Sign: Significance
facility
Distance Hospital | Negative | **

Water Access | Hospital *

Constant Hospital | Positive | *
‘Competition’ | Clinic Negative | **
Constant Clinic Positive | **

Table 1: Results of Logistic Regression Analysis for
Hospitals and Clinics (** = significant at the 99% level; ¥ =
significant at the 95% jevel. The hospital model Chi-square
was 128.0 which was significant at the 99.9% level, and the

clinic model Chi-square was 163.9, also significant at the
99.9% level®).

3. SIMULATION OF HEALTH CENTRE
ATTENDANCE

in order to validate this relationship, these housebold-level
findings wers used as the basis for a simulation that
estimated attendance at health centres throughout Buherz,
Spatial relationships were important in the model, being
represented by the distance and competition ierms discussed
in Section 2. However, information about the distribution
of population was limited. The total number of children
under 5 years living in each of the district’s 36 wards was
available from the August 1992 census [Government of
Zimbabwe, 1994]. In addition, the jocations of threg types
of major settlemenis were available from the local

' The model Chi- “SGUATE is equivaent to the F test for
ordinary linear regression.
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government authorities within the district; growth poinis
{towns with electricity and telephone services), business
centres (large villages), and rural service centres {smaller
villages). Older, more detailed settlement maps dating from
the period of the Rhodesian Unilateral Declaration of
Independence were found to be out of date, confirming the
dynamic nature of human setilements in the district noted
eisewhere [Campbell et al, 1989]. The under-5 population
of a number of rural service centres and business centres
was estimated based on a rapid reral appraisal during 1995,
In order to create & population density map, the mean
number of children estimated as resident was assigned to
sach rural service centre and business centre in the district.
The residual under-5 ward population not accounted for by
these major settlements was distributed amongst villages
randomly located within the ward,

" The model described in Section 2 was then applied to every

child in the district. The probability of attendance for each
individual was calculated based on type of water source and
distance for hospitals, and on the competition variable for
clinics. ‘The mean number of children attending each health
facility was then calculared by multipiving these
probabilities by the number of children at each point in the
district.

The questionnaire survey had asked whether or not chiidren
under 5 vears oid had attended health centres, without
considering the frequency of visits or the period of time
during which the visits took place. Consequently, two
adjustments were made so that monthly attendance at health
centres couid be estimated using the method described
above. The questionnaire asked about attendance during a
chitd’s lifetime, rather than over a specified period. To
compensate for this, the estimated number of visits from the
simulation was divided by the average age in momths of
children in the under-3 age cohort {29 months) to convert fo
a monthly figure. In addition, the questionnaire considered
which health centre a given ¢hild had attended, but not the
frequency of visits to that health centre. Government of
Zimbabwe [1988] note from an extensive national survey of
growth monitoring attendance that children on average
make four visits in their first year of life, two in their
second, and one in their third. The mean number of visits
declined further in the fourth and fifth years, as fewer visits
to health centres were needed for immunisation. To
incorporate the frequency of visits, the number of simulated
visits was then multipiied by the mean frequency of visits
by children under 5 (6.4 visits). This gave an estimated
mean monthly attendance figure that could be directly
compared to the data from the NHIS.

To validate these resulis, the number of children attending
growth monitoring at each heajth centre per month,
averaged over the period January 1990 to September 1995
was then calculated from the NHIS data. Simulation output
was then regressed on these actual attendance figures,
Following the approach adopted by Kleijnen and Van
Groenendaal {19921, an intercept term significantly different
from zero was laken as evidence for rejeczing the model.
Similarlv, a slope coefficient significantly different from
one would also be taken as evidence for rejecting the model.
These two assumptions can be tested simultaneously
through the use of an F-statistic {Harrison, 1996}, as given
by the formula:



(n-20{nb 2 +20b by - 1)+ Tx (- D2

2
2ns=

where » is the sample size, 57 is the residual variance, b, is
the regression intercept coefficient, b; is the regression
slope coefficient, and x; is the rth observation of the real

Sysiem output.

4. RESULTS AND DISCUSSION

Table 2 shows the results of regressing the real-world data
on the simuiated numbers of visits. The household-ievel
model passed the validation rtest, both when all health
centres were inciuded and when healh centres likely to be
visited by children from outside the district were excluded.

The regression, which was based on 21 heaith centres, had
an adjusted R of 0.528. When T-tests were applied to the
results in Table 2, the constant term was found to be
significantly different at the 95% level from zero and the
siope co-efficient was found to be significantly different
from one at the 99% level (although it was significantly
different from zero). The model also failed a simultaneous
F-test of goodness of fit when this was applied to the
regression statistics.

Term Coefficients  Standard Error  Significance

Intercept 112.7056 22.87887 99.5%
Slope 0.332552 0.068831 99.5%

Tahie 2: Results of regressing real world data on model
output.

&

Actual monthiy alisndance

8

o e 400 s
Slmuizted monthly aiteswiancs

Figure 1; Scatterpiot of actual mean number of children under 5 attending growth menitoring per month for 21 heaith centres
and the simulated number attending (the fitted regression line is also shown).

Figure 1 shows the relationship between actuai monthly
clinic visits and the clinic visits simulated by the model.
Although the simulation model successfully predicts a
major difference between the number of atiendees at the
principal district hospital, Murambinda, and the other healih
centres, it is less successful ar discriminating differences
between attendance at other clinics,

Several sources of variation that reduce the goodness of fit

between the model output and actual attendance figures can

be identified:

= Variation associated with the estimation of attendance
behaviour from the household survey data;

= Variation associated with the creation of the population
density map for the district;
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e Variation associated with the rescaling of the

simulation results to take account of the frequency of
visits by children;

s The confounding influence of visits by chiidren from

outside the district, although this is reduced for much of
the area by the raturai barriers of the Save and
Nyazvidzi rivers;

s Transcription, data entry, clerical, and other errors
associated with the collation of the NHIS actual
attendance figures.

Given these five different sources of variation, the fact that

the simulation exercise failed the simuitaneous F-test is

unsurprising. However, the fact that the simulation modet
tended 1o over-estimate attendance suggests that the
rescaling adjustment to account for the frequency of health
centre use is one of the major sources of error in the model.
A revised questionnaire design, asking about frequency of



arendance over a specified period. would resolve this
difficulty.

In  addition, several authors have argued that the
simultaneous F-test is too rigorous for agricultural and
socio-economic model development. Some have questioned
is use with large validation data sets [ Thomnton and Hansen,
1994], whilst Harrison [1990: p. 183} has suggested that
instead: ‘descriptive statistics and subjective tests be used to
build up confidence in a mode! as it proceeds through a
number of prototypes’. The scatterplot presented in Figure
i, and the significant, positive slope coefficient identified in
the regression exercise both suggest that output from this
early prototype of a clinic attendance type is well correlated
with actual attendance figures.

5 COMNCLUSION

Health centre-level data were used to validate a household-
level model The household-level model failed =z
regression-based validation test, but was able to distinguish
between poorly attended clinics and well-attended hospitals.
The atiractiveness of hospitals to patients is thus borne out
both by the household survey and by heaith statistics
collected by government.  Although the model failed 2
simultaneous F-test. more descriptive investigation of its
oulput suggested that this was correlated with actual
attendance data.

Further refinement of this anendance medel will now be
made, so that it can eventually be combined with a mode! of
the causes of poor nutrition.  The household survey
described here will be used o develop a model of under-
nutrition prevalence in children under 3 years, which uses a
rule-base to determine the nutritional status of all members
of the household [Gundry et al, 1997]. Using the attendancs
simulation described here, such a model can then be tested
against data for children measured at health cenwes. In
addition, the same technique applied here can be used to
identify areas where the probability of healthcare uptake is
low so that suitable locations can be identified for potential
new facilities.
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