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Foreword

A vital need to build 
epidemic warning systems 

in Africa South of the Sahara

Current situation
In Africa, the population living in areas prone to malaria epidemics and non-immune to the malaria
parasite is estimated to be around 110 million in 23 countries. Unacceptably acute high mortality and
morbidity rates are occurring during epidemics when they are not immediately detected and
controlled through effective interventions. This has recently been the case in Southern, Eastern and
some Western African countries in their Sahelian areas, making malaria a top political concern. 

Although malaria transmission does not occur in most highland areas, or in arid and desert fringe
zones, inhabitants of these areas will also be at risk of developing severe malaria with high case fatality
rates when epidemics occur or when they travel to malaria-endemic zones.

Even in regions and countries where successful malaria control interventions have been set up and
transmission (and therefore immunity) has been reduced over time, the environment may still be
favourable for malaria transmission. This is especially true when control measures are not maintained
and results not consolidated. Because immunity levels against the disease have decre a s e d
significantly, populations in these areas are highly susceptible to the threat of malaria epidemics.

Factors contributing to malaria epidemics
Factors which may cause an “unexpected” increase in transmission are numerous. They can be
classified into two main groups—man-made and natural. Both groups operate by modifying the
environment, thereby increasing the capacity of vectors to transmit the malaria parasite from one
person to another. Factors linked to human activities can result in changes or modifications to the
environment, in turn leading to predictable increases in malaria transmission. In contrast, climatic
va ri a t i o n s, natural disasters, and other disturbances can lead to unexpected enviro n m e n t a l
modifications. Sometimes these are accompanied by large-scale population movements and in such
situations, there may be a resurgence of malaria epidemics. For example, this often happens during a
civil war when curative health services degrade, surveillance within the control services becomes
deficient and control measures are lacking.

In countries that have not developed and/or do not yet maintain good surveillance systems (or
appropriate control measures) epidemics are not detected quickly. Control measures when taken, are
implemented too late and with minimal coordination and expertise, usually under political pressure.

Rationale for building a comprehensive monitoring/warning system 
This framework document deals with concepts and indicators of warning systems which will facilitate
the early identification of potential epidemic situations.

Timely detection of cases of illness in a community or region, above the normally expected level, is
vital to ensure that health authorities and policy-makers are aware of the serious and immediate threat
before them and to help them make decisions on effective control measures. Usually, an early
detection system is based on malaria data recorded on a monthly or weekly basis within the health
c a re facilities which are supposed to diagnose malaria and deliver effective treatment. If the
s u rveillance system, labora t o ry pro c e d u re s, data analysis, re p o rting and notification, are we l l
established, control measures can be taken as soon as possible although inevitably there will be some
delay after the onset of the epidemic.

T h rough experiences gained from previous malaria epidemics it is obvious that
meteorological/weather data, when routinely collected in specific locations and analysed, can provide
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a warning signal in predicting malaria epidemics. Unusual climatic events such as heavy rainfall after
an unusually dry period or unexpected higher temperature and/or humidity for a given altitude
appear to be a prominent cause of many epidemics. Such warning systems, which depend on good
collaboration between the meteorological services and vector-borne diseases control programmes
located within the Ministry of Health, can predict an epidemic several weeks in advance allowing
health district staff to be better prepared to prevent the epidemic or control the epidemic at its earliest
stage.

Long-range weather forecasting data are expected to provide decision-makers/national authorities
with warnings at national or sub-regional levels well in advance (from two to six months). Such
forecasts predict at best the seasons’ overall climate rather than individual weather changes. These
may be the most useful in certain geographic areas and during certain years — e.g. El Niño/La Niña.
While these forecasts are not very reliable, they may be used to heighten awareness of possible
problems in the coming year.

Each component of this methodological guideline, particularly early warning indicators described
in the framework, is eventually targeted at reinforcing the capacity of national and district health
officers to pre p a re for and respond to potential malaria epidemics. This includes the timely
preparation of drugs, supplies and other equipment needed for control, as well as to recognize at an
early stage the occurrence of a malaria epidemic. The framework aims to allow local authorities and
communities to make better and more timely use of cost-effective preventive and control options.

RBM’s Technical Resource Network for prevention and control of malaria epidemics 
The Roll Back Malaria (RBM) project, which was initiated by WHO in 1998 mainly focuses on the
reduction of poverty by decreasing the malaria burden in Africa where more than 90% of malaria
mortality occurs. In order to respond to the many challenges in malaria control, the RBM project
initiated Technical Support Networks with the goal of providing countries with cost-effective and
comprehensive control options or tools to fight malaria as part of the health sector strategic
interventions in collaboration with other government sectors and national or external partners. To
help countries to cope more effectively with malaria epidemics, a Technical Resource Network for
prevention and control of malaria epidemics was established in November 1998 within the RBM
project.

From the various meetings organized by the technical network, it has become obvious that more
comprehensive operational research is needed as part of national and district malaria control
programmes. It is proposed that field research activities should involve a team of experts from various
b a c k g rounds within the National Ma l a ria Co n t rol Pro g ra m m e, epidemiological serv i c e s,
emergency/disaster departments, meteorological services, agricultural departments, and others.

Based on the results from field studies, the framework presented in this document gives a range of
indicators which may constitute the basis for the development and implementation of appropriate
early warning systems to respond to the major malaria epidemiological situations in Africa. Since
many partners outside the health sector are expected to contribute to building and maintaining the
system, this document also provides an ove rview of selected international agencies, re s e a rc h
institutions, foundations, regional or sub-regional institutions, and international networks of experts
which are currently interested in the following areas: environmental research, weather forecasting,
drought and food security monitoring, public health and communicable diseases prevention and
control, information and systems management. 

It is recognized that this present framework falls short of presenting a clear, detailed practical
decision-tree algorithm which is ready for use by national or district public health officers to reliably
predict potential malaria epidemics and to plan responses. However, I believe that this document does
accurately depict the “State of the Art” which is a necessary pre-requisite for the further development
and testing of such algorithms, which hopefully will rapidly lead to implementable recommendations.

End-users of this methodological fra m e w o rk are experts at country level who deal with
emergencies and epidemics. It is hoped that the framework will help them to implement practical
tools which predict, prevent and detect malaria epidemics. I am convinced that this publication will
be of practical interest to all those working, both in the field and in supporting agencies, when
confronted with epidemic situations.
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1. INTRODUCTION

MALARIA is a life-threatening disease in individuals with low or impaired immunity. Populations
not normally exposed to high rates of malaria transmission may suffer explosive epidemics with
high case fatality rates affecting all age groups.

Malaria is a preventable and curable disease. However, in order to be able to prevent or cure the
disease in the context of malaria epidemics in Africa, decision-makers need to be aware of the risk
of epidemics occurring:

■ in space (which areas under their jurisdiction are most likely to suffer a malaria epidemic)

■ in time (in which months/years are malaria epidemics most likely to occur)

The early detection, containment and prevention of malaria epidemics are one of the four
technical elements of the Global Malaria Control Strategy (WHO, 1993) on which the Roll Back
Malaria (RBM) initiative is building (WHO, 1998). There is a growing recognition of the need to
implement programmes to predict and prevent malaria epidemics. A few countries have already
started to develop epidemic risk monitoring using simple transmission risk indicators (such as
excess rainfall). However, experience shows that the routine use of such information within African
malaria control programmes is quite limited, largely due to poor inter-sectoral collaboration
between health and other sectors such as meteorology and agriculture (Anon, 2000b). Nevertheless
there is now a growing realization, e.g. through the RBM global initiative, that malaria epidemics
should not concern the health sector alone since their consequences are often keenly felt by other
sectors, especially agriculture.

Over the last two decades, considerable effort has gone into the development of early warning
systems for agricultural problems in Africa. New tools, including geographical information systems
and satellite data, provide a framework for early warning systems in this sector. For example, data
from weather monitoring satellites have been used operationally, for many years, by the United
Nations Food and Agriculture Organization (FAO) for monitoring and assessment of environmental
conditions related to food security (e.g. the Global Information and Early Warning System: GIEWS).
Furthermore, assistance in the use of such data continues to be provided to many national and
regional organizations, including drought monitoring and food security systems applied in regions
covered by SADC1 and IGAD2, desert locust control organizations, and the Nile Forecast Centre.
Most significantly these systems have been implemented at the regional, national and district level.
In the latter environmental data can be integrated with local socio-economic information providing
new capacity for decision-making at the local level. 

Many of the basic principles which underlie these systems apply to the development of Malaria
Early Warning Systems (MEWS) for Africa.

1.1 A Malaria Early Warning System
Malaria Early Warning Systems (MEWS) use three main groups of indictors to predict the timing and
severity of a malaria epidemic. These indicators consist of:

■ Vulnerability indicators (such as low immunity, malnutrition, HIV, population movement, drug
resistance etc.) which may be monitored continuously and are likely to predict the severity of
impact, rather than the timing of, an increase in malaria transmission

■ Transmission risk indicators (such as unusual increases in rainfall) that may predict the timing of
an increase in malaria transmission 2-4 months before a malaria epidemic occurs. In some
situations a higher than average seasonal rainfall may be predicted from seasonal climate
f o recasts 1-6 months in advance—giving a maximum warning of an epidemic situation
developing with 10 months early warning. 

1 Southern African Development Community
2 Intergovernmental Agency for Drought and Development

11
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■ Early detection indicators from health facility malaria morbidity data (using epidemic
thresholds) that may be used to confirm the onset of an epidemic situation and predict the
magnitude of the epidemic 3-4 weeks in advance.

There is a trade off between the accuracy and the timing of these indicators – for instance
seasonal forecasts are available early in the planning cycle but their ability to predict the future
climate is limited. On the other hand surveillance systems, which pick out higher than normal
malaria morbidity in particular areas, may be a good indicator of a malaria epidemic in process but
offer little lead time for effective prevention and control. A three flag approach in which all
indicators are used is illustrated in Figure 1. The use of early warning indicators in the malaria
control planning cycle. (See inside front cover)

MEWS may be developed at a range of scales, from the district level to the sub-regional level
involving co-operative partnership between groups of countries sharing common problems. As the
indicators suggested above require information from the health, meteorological, and agricultural
communities the first task is to develop a common understanding between these sectors in order
for partnerships to develop effectively.

1.2 The role of a Malaria Early Warning System.
The role of a Malaria Early Warning System (MEWS) in the control and mitigation of malaria
epidemics is manifold and includes the determination of:

■ which districts are prone to epidemics;

■ the population at-risk—where, when and whom—and therefore the size of the response required;

■ the timing at which decisions and actions must be made to control or mitigate malaria epidemics; 

■ surveillance thresholds that may be used to verify the onset of an emerging epidemic;

■ where and how active disease surveillance needs to be strengthened—and where temporary or
permanent sentinel sites need to be established;

■ the level of financing that should be invested to maintain an effective early warning system; 

■ the logistics required for the control intervention(s);

■ the technical and political relationships with stakeholders (Box 1) and decision makers.

The information and reports generated through the Malaria Early Warning System will be useful to
several groups of people across different sectors of society

1.3 The aims of this document
This document aims to provide: 

(a) a conceptual framework for the development of a MEWS for use in African countries; 

(b) a selection of transmission risk and vulnerability indicators for malaria epidemics which may be
used and tested in epidemic prone areas; 

(c) a selection of methods for the development of early detection indicators (using epidemic
thresholds);

(d) a preliminary reference of partners (national, regional and international) currently contributing
to forecasting/early warning systems in Africa within and outside the health sector.

2. MALARIA EPIDEMICS IN AFRICA
There is no universal definition but for the purpose of this document the term malaria epidemic
applies to “a sharp increase of the incidence of malaria among a population in which the disease
was unknown. Conversely it may refer to a seasonal or other increase of clinical malaria in an area
with moderately endemic malaria” (Gillies, 1993).

Malaria epidemics can generally be considered as a disturbance of a previously existing
epidemiological equilibrium. They arise in a variety of situations and while there may be several
causative processes at work, it is often possible to classify them according to a main precipitating
factor. For instance, epidemics may arise following the development of dams or irrigation schemes,
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which change the local environment and, consequently, the previous ecological equilibrium.
Epidemics may also occur where mass migration of partial or non-immune populations into
regions of higher endemicity follows political and economic instability. Occasionally epidemics
occur through importation, or invasion, of an exotic vector species into an area, thereby changing
the vectorial capacity of local transmission. The commonest causative factor in malaria epidemics
i s, howe ve r, abnormal meteorological conditions, which tempora rily change the ecological
equilibrium between host(s), vector(s) and parasite(s). The situations described above have been
termed as “true epidemics” (Najera, 1998). In contrast, “resurgent outbreaks” result from control
failure where declining health infrastructure, combined with increasing drug and insecticide
resistance, enable malaria to re-emerge in areas where it had previously been controlled. 

2.1 The consequences
A malaria epidemic may have disastrous consequences at the individual, household, community,
regional and national level where it can:

■ cause considerable malaria morbidity and mortality in the affected community;

■ make vulnerable groups more susceptible to diseases other than malaria; 

■ seriously disrupt health care services with consequent increases in all-cause morbidity and
mortality;

■ have long term consequences for the health of unborn children (with lower birth-weight and
higher neo/peri-natal mortality); 

■ add significantly to costs at the household, community and MoH level of both curative and
preventative health care provision;

■ cause declines in agricultural output resulting in economic losses (or food entitlement) at both
the household and commercial level;

■ result in significant school and work absenteeism;

Box 1.  Stakeholders (may include the following)

■ Policy-makers and their advisors in government (national level) who can direct funds and services
to districts at risk of malaria epidemics and to vulnerable groups within those districts.

■ Government officials and technical staff at national and sub-national levels (provinces and
d i s t ricts) who are directly invo l ved in malaria/health re s e a rch, planning, interventions or
monitoring.

■ Local government authorities who are responsible for the day-to-day management of malaria
interventions.

■ Civil society, specifically those members (non-governmental and community-based organizations)
who are engaged in tackling health problems within their communities, and other actors in the
private sector that provide health care.

■ The donor community, including United Nations agencies, bilateral donors and international
NGOs that are involved in issues surrounding the prevention and mitigation of malaria epidemics
at national and international levels.

■ Researchers, including academics at local and international universities and research institutes,
statisticians at the national statistics office, and others interested in malaria and health issues.

■ Training institutions, particularly those involved in providing cross-disciplinary training in the
management of malaria epidemics and vulnerability information systems for persons already
specialized in disciplines such as statistics, epidemiology, meteorology, geography, cartography,
health economics, sociology and nutrition.

■ Disaster preparedness committee or equivalent organization(s).

Box 1.  Stakeholders 



Malaria Early Warning Systems—A Framework for Field Research in Africa

■ disrupt the social, political and economic activity in a community, district/province or country,
often with severe political consequences.

Malaria is a preventable and curable disease. The most important factors that determine the
survival of patients with Plasmodium falciparum malaria are (a) the patients personal vulnerability
(in terms of immunity, malnutrition, other diseases etc.) and (b) early diagnosis and prompt
treatment with effective anti-malarial drugs (although even with effective treatment cerebral
malaria still has a mortality of around 20%). Hospital studies show that on average symptoms are
only evident for two days before patients present and that most deaths occur within 24 hours of
admission (Jaffer et al., 1997). 

Of critical significance to the development of a MEWS is the knowledge that for many parts of
Africa over 80% of all malaria cases and malaria deaths occur in the community and are not
recorded at all. Early warning systems may allow preventative and curative measures to be
instigated at the community level.

A MEWS should link directly to the response actions that need to be initiated at a specified level
to control and/or mitigate the effects of a malaria epidemic. The successful implementation of
these actions is directly related to the effectiveness of the response, which is a function of the
capacity, capability and jurisdiction of the control organizations.

3. THE RESPONSE
To develop an effective MEWS it must be centred around the main objectives of response, i.e. to: 

3.1 Reduce case fatality rates 
Reducing care seeking constraints of the affected population by:

■ increasing public awareness of malaria symptoms to encourage early reporting at health
facilities and support for malaria control activities (using radio, press, community meetings,
religious leaders, local languages, etc.) 

■ reducing physical constraints of access to health services (mobile clinics, field hospitals, drugs to
village health workers, mobilization of transport for the sick: e.g. vehicles, donkey carts, possibly
boats during floods, etc.) 

■ reducing economic constraints to access to health services (changes in charging policy, provision
of low-cost/free transport for patient referred from baseline facilities.)

Reducing care delivery constraints within the health services by:

■ improving overall health service effectiveness by improving both human and infrastructural
resources.

■ improving specific malaria epidemic related health care support by providing timely financial
and practical support for health services to ensure adequate staffing levels and an adequate
supply of appropriate anti-malaria drugs, IV drips, blood-bank, transfusion facilities, beds,
laboratory diagnostic facilities, (including HIV screening), etc.

3.2 Reduce the epidemic potential 
Improving disease prevention and case management by:

■ increasing public awareness of malaria control activities at the community level to encourage
practical and financial involvement and support for control activities; 

■ improving case management facilities;

■ providing chemoprophylaxis to vulnerable groups where compliance can be assured – such as:

a) short term travellers;

b) pregnant women;

c) c h i l d ren under five in refugee camps where non-immune population is settled in a malarious are a ;

d) (ra rely) the entire non-immune population where a non-immune population is settled
temporarily in a malarious area. 
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Reducing malaria transmission potential (during or just prior to an expected epidemic) by:

■ reducing the number of gametocyte carriers in the human population by the timely use of
gametocidal anti-malarial drugs.

Reducing the number of sporozoite infective mosquitoes by:

■ reducing the capacity for mosquitoes to survive through indoor residual spraying, and other
vector control measures;

■ in specific settings, reducing mosquito density through focussed environmental management
and larviciding. 

Reducing human exposure to infective mosquitoes by:

■ moving population away from areas of high transmission (e.g. the careful siting of camps for
refugees/displaced people);

■ increasing personal use of mosquito nets; insecticide impregnated mosquito nets or other
material (e.g. clothes; cloth, blankets, curtains etc.)

And by using any new knowledge gained to improve malaria early warning for future epidemic
situations.

3.3 Magnitude of response
If vulnerability and transmission risk indicators predict a future epidemic, a graded control
response allows control organizations some capacity to further monitor and assess the situation
before committing extensive resources. In particular, health managers need to be aware of any
factor which may result in erroneous epidemics being predicted (e.g. heavy rains do not result in an
epidemic since the affected population has a high level of malaria immunity) increases in cases
reflect health seeking behaviour rather than a real increase in cases (e.g. staff and drug shortages in
health facilities may result in a low attendance but an increase in cases in a neighbouring facility
which has resources). 

However, because of logistical constraints there may only be a single opportunity to deliver extra
resources to a health facility. Under these circumstances, a graded response may not be possible. In
order to achieve an effective response the MEWS must be an integral part of the national and
district-based malaria epidemic preparedness plan. Transmission risk and vulnerability indicators
need to be continuously re-assessed and validated against laboratory diagnosed malaria case
numbers.

4. RISK ANALYSIS
In order to develop a MEWS (which can indicate the likelihood of a malaria epidemic occurring and
the risk to the population in terms of its effects in space and time) we must first establish what is
meant by the terms we use.

In this document we recognize four stages in the epidemic malaria risk assessment and
management process: 

■ Vu l n e rability Assessment3— w h e re vulnerability expresses the degree of susceptibility of
populations to malaria transmission potential either as a result of varying exposure to infection (e.g.
t h rough use of anti-vector measures) or because of va riations in the ability of
individuals/populations to cope with malaria infection (e.g. as a result of immunity, nutritional
status, genetics, access to effective health care and health seeking behaviour etc.).

3 The development of a common language is a pre-requisite to multi-sectoral activities. Risk and vulnerability
(see appendix 5) are terms widely used in the assessment of environmental risk and food security literature
and it is in this context that these terms are used in this document.  

4In the period during and immediately following the malaria eradication era considerable attention was
given to the different patterns of “vigilance” required in order to maintain the newly malaria ‘free’ areas. The
choice of one or other of these patterns of vigilance was made on the basis of a) receptivity, b) the
effectiveness of the rural health services and c) vulnerability. Definitions for these terms can be found in
Appendix 5.

5 Vectorial capacity is defined as the average number of infective bites on one host by all vectors of a given
population on a single day. The concept of vectorial capacity is convenient way of describing malaria
transmission risk or the receptivity of a defined area to malaria (Gillies, 1993).
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■ Malaria Transmission Potential4—as determined by vectorial capacity5 and the availability of
gametocytes to vector species.

■ Risk Assessment—the process by which the expected outcome of the malaria transmission
potential is assessed in relationship to the degree of vulnerability of the affected population.

■ Decision Making—in which risk assessment is used to formulate policy, mobilize resources and
drive action as part of a comprehensive plan of action for malaria prevention and control. 

4.1 Vulnerability and epidemic risk
A variety of methods have been used to describe the varying endemicities of malaria in Africa.
Because of the complex nature of malaria transmission each method is, in some way, unsatisfactory.
We can however see that most areas lie somewhere between the extremes of stable/unstable
malaria and we can therefore approximately assess the vulnerability of different groups according
to different classes of endemicity (Table 1). 

An essential pre-requisite for the occurrence of an epidemic is the existence of a large enough
number of vulnerable (susceptible) persons who are likely to become clinically ill when suddenly
exposed to infection. 

There is therefore an inverse relationship between endemicity and epidemicity. By definition
malaria epidemics cannot therefore affect non-vulnerable (non-susceptible) populations in highly

Mortality/Sever
e morbidity
including
anaemia and
cerebral malaria

L ow birt h we i g h t

Non-severe
morbidity

Asymptomatic
infection

Primigravidae 6

Children below
5 years

Non-immune
immigrants 

Neonates of
primigravidae

Everybody.

All age/status
groups 

Table 1. Vulnerable groups within differing endemicity classes 
Vulnerable Malaria transmission potential
groups High/Stable Low/Unstable

Malaria control interventions
Routine from MEWS

Risk Holoendemic* Hyperendemic* Mesoendemic* Hypoendemic*
All gravidaes
All neonates

All age/status
groups – with
the exception of
immune 
immigrants

All neonates

Everybody but
more severe in
categories above

Non-morbid
infection
uncommon

*Endemicity, malaria – a measure of the level of malaria prevalence in an area. (Bruce-Chwatt, 1991). Often defined as follows:

Holoendemic – parasite rate in 2-9 year olds constantly above 75%, low in adults

Hyperendemic – parasite rate in 2-9 year olds constantly above 50% 

Mesoendemic – parasite rate in 2-9 year olds between 11% and 50%

Hypoendemic – parasite rate in 2-9 year olds not exceeding 10%

6 All gravidaes are vulnerable if HIV positive



endemic areas who develop high levels of immunity early in life. In these populations the
vulnerable group (children under-5 and primigravidae) are unlikely to make up more than 20% of
the population. Thus in the absence of the inward migration of non-immunes the risk of an
epidemic is low in areas of high transmission because there is little inter-annual variation in the
proportion of the population which are vulnerable.

This inverse relationship is illustrated in Figure 2 in which the proportion of the population
which is vulnerable to severe disease if infected, along with the average proportion of population
infected with malaria parasites each year is plotted against a range of theoretical entomological
inoculation rates. In areas of low transmission the probability of individuals passing through a year
without becoming infected is high. As the proportion of non-immunes in the population increases
so does the vulnerability of the population to severe disease (should transmission occur or
increase). 

Determining the epidemic malaria risk of a population requires that risk assessment be
conducted for each district to assess whether or not it is prone to epidemics (e.g. from environ-
mental and epidemiological/entomological stratification and epidemic history). For distri c t s
identified as epidemic prone (or vulnerable), transmission risk indicators can be used to predict
where and when an epidemic may occur.

Urban dwellers must be singled out for special attention since urbanization generally reduces
the level of malaria transmission in a community. Urban dwellers that visit rural areas may have low
immunity and be vulnerable to severe disease/mortality. Where urban populations are driven out
of the major towns and cities as refugee populations they may be particularly vulnerable to malaria
epidemics.

4.2 Decision-making process
Information on malaria transmission potential, vulnerability, and risk assessment is used by
individuals, groups and organizations for making decisions about the likely risk of a malaria
epidemic occurring. This information may range from intuitive and qualitative efforts to formal
statistical and biological models for estimating risk. The process of decision making for malaria
emerges from the developing partnership of a number of stakeholders including the Ministry of
Health (MoH), international organizations (such as the UN, World Bank), international and local
non-governmental organizations (NGOs), major economic sectors such as agriculture and industry,
and the general public.
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Figure 2: The percentage of the population vulnerable to severe disease if infected with malaria and the
proportion of the vulnerable group infected in an average year for different theoretical values of entomological
inoculation rate.
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5. TRANSMISSION AND VULNERABILITY INDICATORS
In this section, we address the identification of risk indicators of malaria epidemics that have the
potential to be monitored routinely. Ideally these risk indicators should be derived from a
systematic (evidence-based selection of indicators), ongoing (continuous data collection, including
repeated surveys) and population-based (whole population, or representative samples of the
population) analysis. However, given the extremely limited epidemiological data available for
malaria epidemic early warning it is inevitable that some indicators will initially be hypothesis
driven rather than evidence-based.

5.1 Selection of indicators
Several techniques may be used to select risk indicators, including literature searches, Delphi
s u rveys amongst experts (Su d re et al., 1990) and expert s’ consensus workshops or the
commissioning of new research. These techniques will involve development of a priori selection
criteria such as:

■ Data which have a proven predictive validity (either through statistical validation or expert
opinion) for other similar environments.

■ Data available at appropriate spatial scale (village, health facility, district, province, country, and
region).

■ Data available at the appropriate temporal scale (by day, week, dekad (10-day period), month.

■ Data available to end-user in usable format (paper and electronic bulletins, time series data,
gridded images).

■ Data available when and where required (e.g. District Health team/National Control Manager
within 1 week of occurrence).

■ Risk indicator available in time to provide early warning/early detection (at least one month
before peak in cases but up to a year in advance for an effective early warning system).

5.2 Transmission and vulnerability indicators in different ecological settings 
Some of the potential benefits and the potential problems associated with the use of environmental
risk indicators in different ecological settings in Africa are presented in Tables 2a and 2b. Only some
of the risk indicators described can be measured routinely. Most commonly these are seasonal
climate forecasts, weather and malaria morbidity/mortality. Other risk indicators need to be
assessed when and where data is available (e.g.vector density, nutritional status of human host,
drug resistance etc.). Some can be inferred from other proxies, which give a good indication of the
relative value of the indicator in question. For instance there is no routine measure for immune
status but low or high immune status in a resident population may be inferred from: 

a) age related prevalence levels; 

b) age-related case data; and 

c) long term and recent weather/environmental data.

Approximately 30% of Africans now live in cities which may be found in all of the ecological
settings described. Cities invariably have a lower malaria transmission rate than would be expected
for their ecological setting – this is usually because of the loss of suitable breeding sites for malaria
vectors – either through improved drainage or because local open water sources are polluted and
therefore not suitable for the anopheles spp. Also improvements in socio-economic status, in
particular better housing, may result in a reduction in malaria transmission. Unusual flooding may
result in malaria epidemics in city environments – as happened in Khartoum, Sudan in 1988. The
high level of administrative organization found within cities mean that vector control (using
residual spraying, larviciding and insecticide treated materials) is recommended wheneve r
possible.

5.3 The role of indicators in malaria epidemic warning
There is no perfect malaria epidemic indicator. Indicators monitored just prior to the potential
epidemic period (e.g. surveillance of malaria morbidity/mortality) may provide the most accurate
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predictions but the time lag between indicator and epidemic will be very short and give health
services little time to mount an effective response. Conversely seasonal climate forecasts offer the
possibility of forecasting malaria epidemics many months in advance (a clear advantage for malaria
control planners). However, the accuracy of such forecasts for malaria is dependent on how well
seasonal climate forecasts predict the climate of forthcoming seasons and to what extent seasonal
climates (e.g. total seasonal rainfall and/or seasonal ave rage tempera t u re) themselves can
effectively predict a malaria epidemic.

The role that individual indicators may play in predicting the distribution, timing and seve rity of
m a l a ria transmission is presented in Fi g u re 3: (See inside back cover) The role of individual indicators
in predicting  the distribution, timing and seve rity of malaria transmission. The stru c t u re of this model
indicates the sequence of events that determine the actual outcome of a malaria epidemic fore c a s t
s t a rting at the earliest point in the cycle—a seasonal climate forecast. It may be that only some of these
indicators can be monitored routinely – but the complete pro g ression from seasonal climate fore c a s t s
to malaria deaths is presented in order to clarify the strengths and weakness of indicators used at each
stage (details of the indicators described are given in Tables 3a-3l). 

Seasonal climate forecasts (Table 3a) predict the average weather throughout a 3-6 month period 

■ Weather (Table 3b) in combination with local environmental conditions (Table 3c) predict the
vector factors (species, population dynamics, gonotrophic cycle and survivorship).

■ Vector factors (Table 3d) in combination with the number of gametocyte carriers in the
population (Table 3e) indicates vectorial capacity and an upper estimate of the entomological
inoculation rate (EIR). 

■ EIR (Table 3f) in combination with exposure of individuals to infective bites (Table 3g) predicts the
likelihood of individuals having a malaria infection (and also increases gametocyte carriers).

■ Malaria infection (Table 3h) in combination with vulnerability factors such as immune status
(Table 3i) predicts the likelihood of individuals becoming clinically ill with malaria. 

■ Clinical malaria (Table 3j) in combination with further vulnerability indicators (Table 3k) such as
immune status, nutritional status, health seeking behaviour and access to effective health care
predicts the likelihood of a clinical case becoming a malaria death (Table 3l).

Thus the predictive probability of each stage in relation to subsequent stages must be taken into
account when using risk indicators to predict an epidemic of malaria cases.

5.4 Indicators for use in the planning cycle
The planning of malaria control activities happens over an annual cycle. Transmission and
vulnerability indicators fit into this planning cycle in the following manner:

Pre-rainy season annual malaria control meeting

■ Updating of national malaria risk map – using combination of stratification map (using long term
climate “n o rm a l s”), historical incidence rates and vulnerability indicators such as previous 2-3
years drought (to indicate areas where immunity may have decreased due to low recent malari a
t ransmission) population movement, recent control failure, areas of increasing drug resistance etc. 

■ Seasonal climate forecast.

Rainy season routine monitoring

■ Seasonal climate forecast update.

■ Weather monitoring. 

■ Local environmental monitoring.

■ International and within country population movement monitoring. 

Malaria season routine monitoring

■ Seasonal climate forecast update.

■ Weather monitoring.
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■ Local environmental monitoring.

■ International and within country population movement monitoring.

■ Malaria morbidity/mortality surveillance .

5.5 Development of qualitative indicators of malaria epidemic risk
This process can be initiated at a workshop attended by representatives of all relevant sectors, in
which risk indicators (relating to both vulnerability and vectorial capacity) are identified by
national/provincial/district health managers for their country/area (See Tables 3a – 3j). A table
listing a wide range of potential indicators and their individual importance may be created. Where
the importance of indicators is uncertain then a best “expert” guess is used or a question mark left.
The workshop then attempts to rank various combinations of indicators – seeing which are
perceived as the most important, which indicators are based on evidence etc. and this table is then
used to help direct the research agenda. Experience from other sectors (such as drought monitoring
and food security) should be sought on how to develop qualitative indicators.

Qualitative risk assessments will be most appropriate for malaria epidemic warning unless
detailed epidemiological data is available. The risks can be described as “high”, “medium”, “low”, or
by a simple scoring system, e.g. 1-3 for the level of vulnerability and risk indicators and 1-3 for the
likely consequences. The two processes – malaria transmission potential and vulnerability are
clearly distinct. The significance of vulnerability and risk indicators should be assessed at the
national level and a standardized method for weighting different risk indicators, with regard to the
likelihood of an epidemic and its probable severity, established. 

For example: 

A malnourished non-immune population in a situation of social upheaval could be given a
vulnerability index of “high” or 3. However, if they are threatened by low or negligible transmission
then their malaria epidemic risk is low or negligible (level or risk 1).

...if this same population were exposed to an increase in malaria transmission (e.g. of high)
either because the population moves or because the vectorial capacity of the environment
increases as a result of environmental change or anomalous weather conditions the population
would be considered to be at extreme risk of a malaria epidemic.

. . . c o n versely a population might live in an area of high transmission (with a malari a
transmission potential of high or extreme) but because they have high levels of immunity, they have
a low or negligible epidemic risk.

The development of a standardized method for using qualitative information is a pre-requisite
for its use in risk assessment and should be a primary area of research/discussion within a MEWS.

6. SETTING UP A MALARIA EARLY WARNING SYSTEM

6.1 Principles behind the development of a MEWS
■ Recognize that needs differ between countries—National malaria control programmes operate in

different biophysical, socio-economic, political and organizational environments with differing
priorities, strengths and weaknesses. No single approach or set of best practices can be applied
throughout all Africa. Instead, best practices need to be screened, selectively applied and adapted
to specific country situations through an interactive research and practice approach. 

■ Re c o g n i ze that needs differ within countri e s — Di s t rict malaria control services operate in
different biophysical, social, economic and political environments. The first priority will be to
establish whether or not the distri c t / p rov i n c e / c o u n t ry is epidemic prone so that MEW S
development can be targeted for specific districts.

■ Identify and respond to user information needs—To ensure sustainability a MEWS must be
d e m a n d - d ri ven. The indicators chosen, methods of analysis and dissemination stru c t u re s
identified must correspond to the priorities of the health services. Determining the priority needs
of the District Health Management Team and the Provincial/National Health Management Team
through extensive dialogue is the starting point for developing an operational research agenda for
the MEWS.
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■ Build on existing information systems and avoid/reduce duplication—Many countries have
invested in the establishment of information systems that already produce data which could be
of relevance to malaria early warning. The development of a MEWS requires recognition,
consolidation, strengthening and integration of these on-going fragmented efforts. Examples of
information systems that may be relevant are listed in Appendix 5.

■ In c remental implementation—Im p rovements can often be most effectively introduced in
sequence, depending upon national priorities and current/expected resources, and building on
lessons learned as the process continues. This requires drafting of a national 3-5 year plan
supported by both a strong national and international commitment.

■ Promote institutional sustainability—St rengthening of national malaria control services is
critical for success. External financial and technical assistance should concentrate on local and
national capacity building and moves tow a rds self-reliance planned into the pro c e s s.
Consolidating long-term political commitment is crucial to ensure necessary resources are
available and that cross-sectoral integration occurs.

■ Promote cost effectiveness—Priority must be given to making existing information systems more
efficient, identifying and promoting synergy, and avoiding duplication in routine operational
services and activities.

6.2 Steps to take while setting up a regional/national MEWS
A number of practical and political steps need to be taken to set up and sustain an effective MEWS.
These steps will vary according to local conditions but broadly include:

6.2.1 Building awareness 
This involves sensitising policy makers to the health, economic and political consequences of
malaria epidemics and the role a MEWS may play in reducing these.

This may be achieved through carefully briefing key individuals or through running workshops
involving key representatives of concerned ministries. The latter will be particularly useful for the
formulation of national policy and for reaching agreement on the need and mechanisms for close
cross-sectoral and inter-ministerial cooperation, and the sharing of key data and information. 

6.2.2 Dialogue with stakeholders
This invo l ves developing purposeful dialogue between risk analysts (epidemiologists,
climatologists, meteorologists, agriculturalists, economists, etc.) and stakeholders in order to share
information and opinions.

It is important that the way risk is assessed and managed is transparent, and fully discussed with
stakeholders, so that the that risk management costs are a perceived as a worthwhile insurance (for
example that early intervention is most effective, a bednet is a worthwhile personal expense,
funding of residual spraying by civil authorities can be a good use of public funds if undertaken in
time). To ensure ownership of decisions, risk analysts and decision-makers should consult with
stakeholders throughout the process of risk assessment thus ensuring that risk management
strategies address their concerns, and that decisions are clearly understood and broadly supported.

6.2.3 Identifying a National Focal Person
This involves designating a national focal person (individual, unit or government department),
which can play a catalytic and/or co-ordinating role in initiating the implementation of MEWS
activities. Once the system has developed, the focal point will need to arrange for the management
of any shared MEWS database networks that may be established, for the production of consolidated
MEWS reports and for the maintenance of relationships with relevant international, national and
local organizations and databases.

Whilst in many situations the most appropriate focal point may lie within the malaria control
programme of the Ministry of Health this may not always be the case. An alternative may be to place
the focal point in a unit or department with crosscutting, inter-ministerial responsibilities, such as
the Office of the President or Prime Minister, the Ministry of Finance and Planning or the Central
Statistics Office.
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6.2.4 Establishing a collaborative network of partners
This involves the development of a collaborative network of partners involving all those providing
information to the MEWS system and including operational research units supporting the analysis
of MEWS data – in particular the development of risk indicators.

Many of these partners are likely to be operating outside of the health sector and therefore
considerable effort is required in order to develop effective, long-term collaboration. The purpose
of the network will be to facilitate the exchange of information, planning and cooperation on an on-
going basis. Although it may not be necessary to establish a new institutional structure, at a
minimum the network needs to establish rules of procedure for decision-making and reporting,
and participants should have the authority to speak on behalf of their respective institutions on
malaria epidemic issues. Lists of potential partners at the international/national level are provided
in Appendices 3/4.

6.2.5 Conducting a user needs assessment
An early responsibility of the focal person may be to undertake an assessment of user information
needs and how they can be served with data available through the network. The purpose of the
assessment will be to identify and prioritize the major types of information required by different
stakeholders and their preferred periodicity and format. The assessment can be made through
g roup meetings, individual interviews or questionnaire s. It is important to ensure that all
stakeholders at national and sub-national level are given an adequate opportunity to articulate
their needs. Periodic feedback from users (perhaps at the annual malaria control planning meeting)
is essential in order to monitor the progress being made and to identify areas where further
improvements can be introduced. 

6.2.6 Making an inventory/evaluation of national data/information systems 
Once the information needs of key users have been identified (e.g. using the list of risk indicators
described in previous sections) the network should conduct an inventory of the available data and
information, and evaluate the extent to which current information systems meet those needs. The
evaluation could consider the range of data and information types, their coverage, periodicity,
quality, data management procedures, analytical methods and dissemination approaches.

6.2.7 Research activities supporting a MEWS
Research on the skill and reliability of malaria epidemic risk indicators in different environments is
central to the development of a MEWS. 

The national MEWS re s e a rch agenda needs to be set in conjunction with stakeholders – most
p a rticularly the district, provincial and national decision makers—who must ultimately decide a)
whether or not an epidemic is underway and b) what re s o u rces are re q u i red to pre vent or mitigate it.

It is often the District Health Management Teams who know the particular constraints leading to
poor management of epidemics. Particular attention must be paid to operational research that can
be carried out at the district/provincial level to help identify and overcome such constraints. Risk
indicators recommended from the national level should be tested by end-users at the local level,
and modifications to improve their performance adopted and disseminated at annual national
malaria meetings with partners. It is emphasized that ideas and results sharing between districts,
provinces, and neighbouring countries is extremely valuable particularly where complimentary
research or operational activities can be undertaken.

6.2.8 Piloting information products and communication routes 
Information by itself is of no value unless it reaches those who need it, can be easily understood and
is actually used. National information systems must develop dissemination plans and approaches
that ensure these conditions are met. The participation of decision-makers in the preliminary
stages of planning for various types of survey will also be useful to provide input and to confer a
sense of ownership in the final results. Reports should then be prepared keeping in mind the
specific needs, interests and perspectives of well-targeted users. For most users, long reports
containing a large amount of data and information and covering a range of topics are less effective
than shorter theme-specific reports that address the specific interests of a particular type of user.

How information is presented is also critically important. Data analyses should be fully
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transparent and easily understood. Results should be attractively presented in ways that facilitate
the drawing of conclusions. To this end, maximum use should be made of well-prepared and
attractive graphs and maps that communicate patterns and complex relationships in ways that can
be quickly grasped by policy-makers. Depending on technological capacity within the country,
media other than printed documents, such as radio, posters, town meetings, and computer
networks, may be used to communicate information and reports generated by national MEWS.
Workshops to present and discuss results with subsets of users can be an extremely effective means
to help decision-makers interpret and internalize results and their implications for policy.

6.2.9 Communicating through maps
Recently this has involved using geographical information systems (GIS) for entering, storing,
analyzing, modeling and displaying geo-referenced data, which can be used interactively for
decision making.

In c reasingly health data is being mapped as a practical support to planning contro l
p ro g ra m m e s. Ad vances in computer technology have re vo l u t i o n i zed the use of mapping
techniques to analyze and present complex risk and vulnerability information in ways that greatly
facilitate understanding and decision-making. Maps generated using GIS and geo-referenced data
can provide easily understood visual information about the location of epidemic prone areas and
vulnerable population groups. Once these locations have been mapped, a wide variety of other data
relevant to understanding and monitoring of malaria can be over-laid on the base maps. These
techniques can communicate a large amount of information in a simple format, and can also be
used as an analytical tool. A range of user-friendly GIS tools is now available for use on affordable
PCs. Investment in appropriate hardware and software, and training of national technicians in their
use, will be essential components of modern and effective MEWS.

On a more cautionary note however, GIS can be resource demanding and careful consideration
should be given as to how GIS is already used in the country, and by whom, and what level of GIS
development would be needed to meet necessary requirements.

HealthMap is a joint WHO/UNICEF Programme within the Communicable Diseases Cluster of
WHO. The Programme began in 1993 to establish GIS support to management and monitoring of
the Guinea Worm Eradication Programme. In response to the increasing demand for mapping and
GIS in national health surveillance systems the HealthMap team have developed a customized
mapping tool—the “Healthmapper” which greatly simplifies the tasks required for the development
of maps for surveillance (Nuttall et al., 1998). 

The Healthmapper is specifically designed to allow ready integration of information at different
scales—from local to district, provincial, national, regional and global. This system is currently
being implemented in West Africa in support of guinea worm, onchocerciasis and health and
nutrition monitoring. It is also being evaluated for malaria surveillance in Africa and Asia – for
example the Tanzanian Ministry of Health and its Essential Health Interventions Project is currently
testing Healthmapper in the hands of the District Health Management Teams as the basic database
for entering, displaying and communicating district health management information systems data
to the district, region and national level. 

Grid-based meteorological information and “risk maps” such as those derived simply from
estimated rainfall difference images (from satellite data) indicating potential areas of rain-related
epidemics can be readily incorporated into the Healthmapper (Thomson et al., 2000b). Experience
indicates that customising and integrating common software packages can reduce the burden that
these technologies place on the time and resources of health service personnel. 

6.2.10 Preparing a national MEWS strategy and workplan 
Results of the user needs assessment, the analysis of risk indicators and the inventory and
evaluation of the current information systems will serve as building blocks for developing a
strategy to improve the national information systems belonging to the MEWS network. The
strategy should define a priority set of information required by national decision-makers and a set
of verifiable objectives. Based on the objectives, a national workplan would then set out a
scheduled programme of initiatives and activities to meet those objectives. Actions might
includeinstitutional changes toachieve greater information integration within and across sectors
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and ministries, use of new technology and methodologies, human capacity building, and
investments in new equipment and software. Initiatives in the areas of data collection, data
management, analysis, and dissemination should all be considered, based on the results of the
evaluation. The plan should be designed in modules or increments such that the higher priority
actions could be taken in a logical sequence as resources permit. Domestic resource requirements
to implement the plan and priority areas in need of external assistance should be identified.

6 . 2 . 1 1 Capacity building
The development of an effective MEWS will clearly place increased demand on the human
resources available to MoH and to National Malaria Control Programmes. An effective MEWS will
bring its own valuable benefits in reducing suffering and death from epidemic malaria—but this
initial requirement for increased input is unavoidable. The issues surrounding capacity building
requirements for the development of effective and sustainable malaria control services has been
recognized and are worth considering here. The following section is adapted from a WHO/World
Bank document on Operational Issues in Malaria Control (Anon, 1995) 

“...strong malaria control programmes have, in many countries, lost their key distinguishing
features: their unity of purpose, dedicated staff, commitment to getting results in the field, and
adaptiveness to changing epidemiological conditions on the ground. To be effective, action plans
for malaria control have to be implemented through suitably org a n i zed and managed
programmes. This is easier said than done. Even in single-disease vertical programmes, it has not
been easy to balance the requirements of the national, intermediate (e.g. provincial, regional, or
municipal), and field levels (i.e., peripheral health services, the community and household levels
at the periphery). When the programme is to be integrated within the framework of a primary
health care (PHC) approach, the difficulties are further compounded. Furthermore, when these
i n t e g rated pro g rammes are decentra l i zed, both as a pragmatic response to national and
international trends toward decentralization and as an inherent programmatic requirement, the
result has often been a noticeable weakening of already fragile systems for service delivery.

“The resulting lack of capacity for meeting programmatic or technical requirements of disease
control is now evident in many developing countries, at all levels of the administrative structure.
Many malaria control programmes now lack sufficient technical expertise at the national level to
guide a country-wide programme, and are severely handicapped by inadequate resources of
earmarked-funds, full-time staff, analytic capacity to identify emerging epidemics, and the
technical and logistical capacity to provide adequate and timely treatment. Unless these
deficiencies are overcome, it will be difficult to reverse the rapid escalation of morbidity and
mortality due to uncontrolled malaria.”

From the above it is clear that MEWS needs to be developed as a component part of an overall
commitment to improving malaria control within national health systems in epidemic prone
countries/districts. This requires recognition by those responsible that additional support for
partnerships, institutions, additional human resources, staff development and training, etc. will
be re q u i red in order to achieve improvements in malaria control in sub-Sa h a ran Afri c a n
countries. To detect, contain and prevent epidemics is one of the fundamental elements of both
the GMCS and the RBM Initiative. Through such initiatives support must be identified from
appropriate partners to provide the levels of resources, which are crucial to making a difference
to epidemic malaria control in sub-Saharan Africa.

6.2.12Developing of “Epi-Meteorology” 
Agricultural meteorology is a discreet discipline known and respected worldwide for its important
economic role in improving food production and agricultural exports. One of the main reasons
that meteorological data is so rarely used by health services is that the scientific discipline which
links weather to disease is in its infancy and that few health professionals, agriculturalists and
meteorologists are able to share the same technical language and communicate effectively. If we
are serious about developing environmental information systems for epidemic diseases such as
malaria this training vacuum must be addressed. 
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7 RECENT MALARIA EPIDEMICS IN AFRICA

7.1 The background to developing a malaria early warning system
Over the past two decades, epidemics of Plasmodium falciparum malaria, often with high case
fatality rates, have been common in areas of unstable transmission in Africa. These unstable areas
include those where transmission is limited by temperature (e.g. the East African highlands), by
rainfall (e.g. the Sahel) or by both (e.g. the Southern African highland plateau). 

The large number of epidemics reported in highland areas in East and Southern Africa during
the period 1985-1995 prompted a TDR/WHO/IDRC funded Task Force meeting on highland malaria
in Africa held in Addis Ababa (Ethiopia) in May 1996. This workshop stimulated a number of
activities including a review of malaria in the African highlands (Lindsay and Martens, 1998) and
the establishment of the Highland Malaria Project (HIMAL)—Phase I of which (The Spatial
Prediction of Highland Malaria) has recently been completed (Cox et al., 1999).

Post-drought epidemics (when high rainfall follows years of drought) appear to be common to
many African countries (Connor et al., 1999). In particular, the devastating epidemics of malaria in
Zimbabwe, Botswana, Mozambique, Swaziland and South Africa in 1996, which followed years of
drought (Najera, 1998), prompted a concerted effort by malaria control services to explore and
develop predictive methodologies for the early warning of epidemics. In the Sahel, decades of
prolonged drought have resulted in significant reductions in malaria prevalence rates (in some
areas from 50% to <10%) and consequent reductions in herd immunity to malaria (Mouchet, 1998).
Thus areas which were previously endemic for malaria are now vulnerable to malaria epidemics
(Julvez et al., 1997). For example, malaria epidemics were reported in non-immune populations of
semi-arid areas in Mali following the unusually heavy rains of 1999 (Bagayoko et al., 1999). 

The expanding research interest in the health consequences of climate change (Haines et al.,
2000) has resulted in a number of papers citing this process as a significant contributor to increased
malaria transmission in areas where it has hitherto been constrained by low temperatures (Martens
et al., 1995; Martin and Lefebvre, 1995) For example, increasing temperatures (as a consequence of
climate change) have been argued as the best explanatory variable associated with malaria cases in
highland Rwanda (Loevinsohn, 1994). However, doubts over the importance of climate change as a
trigger factor for recent highland epidemics have been put forward by others—who challenge the
assumptions behind the malaria transmission models used and highlight the importance of
declining health services and drug resistance as well as local environmental changes in the
observed increases in highland malaria (Mouchet et al., 1998; Malakooti et al., 1998). 

In particular, environmental modification has been thought to be responsible for the dramatic
increases in malaria in highland areas in Kenya (Knight and Nelville, 1991; Some, 1994) and Burundi
(Marimbu et al., 1993) and Rwanda (Vinkce and Jadin, 1946). In a careful study of land-use change
and malaria transmission, Lindblade and colleagues have shown that the conversion of papyrus
swamps to cultivated swamps in Uganda is associated with significantly higher local temperatures:
a phenomena which these authors suggest may be responsible for the higher malaria prevalence
rates found in villages neighbouring cultivated swamps (Lindblade et al., 2000a). It has been
suggested that the low anopheline densities in papyrus swamps is a result of plant secretions toxic
to the mosquitoes (McCrae, 1983). A similar example of the effects of local environmental change
on malaria transmission has been noted in Tigray, Northern Ethiopia, where the building of micro-
dams is thought to have changed the local microclimate and resulted in an increase in malaria
transmission (Ghebreyesus et al., 1999a).

In some areas the abandonment or breakdown of traditional spraying programmes has resulted
in the resurgence of malaria (e.g. Madagascar, (Lepers et al., 1990) and Sao Tome, (Baptista, 1996).
Movement of non-immune populations from non-malarious areas into endemic areas has been
another important factor in epidemic development (Kloos, 1990; Woube, 1997) as is the movement
of persons carrying gametocytes from an area of higher endemicity to an area of lower endemicity,
as occurred after the return of freedom fighters from Angola at the end of the Namibian war of
independence (Meek, unpublished report). 

A wave of rain-related malaria epidemics swept over East Africa after the torrential rains which
followed the 1997/1998 El Niño event (Brown et al., 1998; Garay, 1998; Lindblade et al., 1999; Kilian
et al., 1999). These events stimulated national and international research efforts into the design of



Malaria Early Warning Systems—A Framework for Field Research in Africa

p re d i c t i ve tools that can be used operationally by health services to improve epidemic contro l
c a p a b i l i t i e s. T h ree areas have re c e i ved particular attention – mapping areas of potential epidemic ri s k ,
based on climatic/environmental va ri a b l e s, seasonal climate forecasting and weather monitoring. 

7.2. Mapping areas of epidemic risk 
In the 1950s malaria endemicity was mapped in a number of African countries using both
epidemiological and environmental data, for example Tanzania and Kenya (Anon, 1956; Anon, 1959).
In the last few ye a r s, attention has, once more, been drawn to the desirability of creating detailed maps
of malaria transmission intensity in Africa (Sn ow et al., 1996; Thomson et al., 1997). The availability of
g e o g raphical information system technology and continent-wide data sets of climate “n o rm a l s” ( l o n g
t e rm mean monthly rainfall and tempera t u re surfaces) in digital format have prompted the mapping
of malaria endemicity throughout the entire African continent using age-related pre valence ra t e s. T h e
MARA/ARMA (Mapping Ma l a ria Risk in Afri c a / Atlas du Risk de Ma l a ria) initiative is using both
epidemiological and entomological data from a wide va riety of sources in an attempt to determine the
d i f f e ring epidemiological situations occurring throughout Africa, and their re s p e c t i ve malaria risk (Le
Sueur et al., 1997). Since this information is absent for much of the continent, the project has
d e veloped a model of stable malaria risk based on the effect of environmental para m e t e r s, (ra i n f a l l
and tempera t u re) on the biology of malaria transmission parameters (Craig et al., 1999). Sn ow and
colleagues extended the early mapping work to quantify malaria morbidity and mortality burd e n s
a c ross Su b - Sa h a ran Africa (Sn ow et al., 1999a). Whilst such models provide a crude ove rview of
m a l a ria endemicity, it is precisely in the areas where they are weakest (marginal areas) that
i n f o rmation is re q u i red to alert health services to changes in malaria risk (Connor et al., 1999). Tw o
limitations of this approach have been observed. Fi r s t l y, the climate models take no account of
h yd rological processes which may provide active vector breeding sites even when rainfall is low (Ha y
et al., 1998b). Se c o n d l y, levels of disease endemicity can change over extensive regions in re l a t i ve l y
s h o rt periods of time. For instance a profound change in endemicity occurred in Senegal between the
early 1960’s and the early 1990’s as a consequence of declining rainfall levels and intermittent peri o d s
of seve re drought (Mouchet, 1998) and areas of Ni g e r, once mesoendemic for malaria are now
hypoendemic with a consequent increased risk of malaria epidemics (Ju l vez et al., 1997). Thus the
climate “n o rm a l s” used in creating the MARA risk map (using data from 1920-1980) are likely to
ove restimate rainfall levels in the Sahel region experienced over the last two decades. 

Another approach for routine malaria stratification has been proposed using the seasonality of
vegetation growth, as observed with satellite data, in combination with information on the tempera t u re
c o n s t raints of malaria transmission. For example stratification of malaria endemicity in Namibia for
1995/1996 has been undertaken using principle component analysis followed by non-hiera rc h i c a l
c l u s t e ring of satellite deri ved vegetation indices (the No rm a l i zed Di f f e rence Vegetation Index: NDV I )
using software developed by USAID/FAO (Co n n o r, 1999). In this analysis tempera t u re constraints on
t ransmission we re estimated from altitude. Su p p o rt for the use of seasonal vegetation “g re e n n e s s”
comes from a geo-spatial analysis of NDVI and under- f i ves pre valence rates in The Gambia (T h o m s o n
et al., 1999a). Such maps can be routinely updated from data made available through enviro n m e n t a l
m o n i t o ring org a n i z a t i o n s. They may be particularly useful in marginal areas where inter- a n n u a l
va riation in climate/hyd rological processes may result in epidemic situations developing. 

In order to identify when and where epidemics are likely to occur in highland areas of Africa
(often characterized by high population densities) the HIMAL project has developed an extensive
database on malaria occurrence in highland areas in Cameroon, Kenya, Uganda, Ethiopia and
Tanzania, Rwanda, Burundi Zimbabwe and Madagascar (Cox et al., 1999). An analysis of age related
malaria prevalence rates and altitude show that while in some areas strong correlations exist this is
not true for everywhere and information on altitude alone cannot therefore be used as a reliable
guide to endemicity. Further observations from this study include:

■ While temperature and rainfall are important determinants of areas at risk of epidemics at the
national/regional scale they can be confounded significantly by local non-climatic factors –
especially those impacting on environment (e.g. man-made) that determine the local
presence/absence of vectors 

■ The effect of these localized risk factors mean that general models of malaria risk based on
climate are unlikely to predict rates of transmission reliably at the level of the individual locality.
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■ W h e re epidemics do occur the re p o rt suggests that the most significant and widespre a d
epidemics have occurred during and/or after abnormal weather events.

■ There is little evidence that recent epidemics have been associated with longer term shifts in
climate conditions.

A number of recent reviews concerning the use of geographical information systems and remote
sensing in mapping vector-borne diseases – including malaria in Africa, have been published (Hay,
2000; Thomson and Connor, 2000). Environmental stratification has played an important role in
delineating areas which may be prone to malaria epidemics. However, predicting the occurrence of
an epidemic in the near future is dependant on monitoring changes in identified risk indicators.

7.3 Monitoring areas of epidemic risk
In 1980, a two-stage malaria epidemic forecasting system, based on the monitoring of
m e t e o rological va riables and changes in the entomological inoculation rate (EIR), was pro p o s e d
( On o ri and Gra b, 1980). Implicit in On o ri and Gra b’s writing is that their system is suited to the
f o recasting of re s u rgent outbreaks where compre h e n s i ve surveillance systems have already been
d e veloped and operated for some time, as part of the routine malaria control serv i c e s. Un f o rt u n a t e l y
the capacity to monitor EIR as a routine component in an epidemic forecasting system is at pre s e n t
b e yond the scope of most African countri e s. The experience of malaria epidemic forecasting in the
Indian subcontinent and its re l e vance to the African situation was outlined by Connor and
colleagues (Connor et al., 1999) who proposed that monitoring population vulnerability to incre a s e d
m a l a ria transmission in conjunction with forecasting and monitoring the weather was essential to
the development of a MEWS for Africa. They suggested that environmental information systems
(EIS) currently in use by food securi t y / d rought monitoring organizations are ideally suited to the
d e velopment of MEWS and that much is to be gained from an inter- s e c t o ral, multi-disease appro a c h
(Thomson et al., 2000b). The So u t h e rn Africa Ma l a ria Co n t rol Unit of W H O, who is planning a joint
i n i t i a t i ve with the So u t h e rn African De velopment Co m m u n i t y, has adopted this view – an
o rganization which has a long used EIS to help predict drought and risk of associated food short a g e s. 

Malaria control staff of Ministries of Health in Tanzania, Uganda and Kenya, in conjunction with
HIMAL has proposed the development of a three-tiered approach for malaria epidemic forecasting,
early warning and early detection in the highlands of East Africa (Anon, 1999) with each tier being
associated with specific indicators and responses.

In the simplified example presented in Figure 4, a first warning flag (Flag 1) is raised at the

Figure 4. Forecasting, Early Warning and Early Detection model resulting from the Salt Rock Meeting, South
Africa,1999 (Anon,1999).
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regional level after sea-surface tempera t u res suggest an impending El Niño/La Nina eve n t .
Subsequent rainfall is monitored directly as part of an early warning system and if in excess Flag 2
is raised. Malaria cases are monitored at the individual facility level and if a defined threshold is
exceeded (Flag 3) an epidemic is declared. 

Thus, a consensus is emerging that, in Africa, risk indicators which may be used routinely by
health services in order to assess the likelihood of an epidemic occurring in the near future (i.e. the
following transmission season) include seasonal climate forecasts, weather and environmental
monitoring, vulnerability assessment and morbidity surveillance. The following sections give a brief
description of these indicators along with a brief review of their use in the development of MEWS
in Africa.

7.4 Seasonal climate forecasting
During the past decade significant advances have been made in regional climate modelling and
seasonal forecasting (Carson, 1998). Evidence is emerging that cyclical climatic variation associated
with El Nîno Southern Oscillation (ENSO) is linked to increases in malaria cases in a number of
regions in the world (Bouma and Dye, 1997; Bouma and Van der Kaay, 1994) offering the hope that
unusual increases in transmission may be predicted from climate forecasts months in advance.
Broadly speaking there are two main types of climate prediction model, statistical and dynamical. 

7.4.1 Statistical models
The benefit of statistical approaches is that they do not require supercomputers, or detailed
parameterization of the atmosphere, to operate. They rely on empirical statistical relationships
between historical sets of observations such as rainfall and sea surface temperature (SST) patterns.
Currently, many skilful seasonal predictions are produced operationally for tropical regions using
statistical models trained on historical data (Palmer and Anderson, 1994). The main drawbacks for
statistical models however are the lack of accurate time series of meteorological data for training
models. Where these do exist changes in recording methods and the local meteorological station
environment may have significantly changed the recorded meteorological values overtime). Where
consistent time series data does exist the forecasts are likely to be constrained by the range of their
own climatological inputs. These problems can be overcome by the use of dynamical models.

7.4.2 Dynamical models 
Seasonal climate forecasting (up to six months ahead) using global circulation models has
developed rapidly during the last decade with a number of atmospheric climate modelling groups
showing evidence of skill and reliability in their systems. Recent developments have lead to
a t m o s p h e ric-ocean coupled models, which allow real-time prediction of the sea surf a c e
temperatures around the globe. These models successfully predicted the onset and demise of the
1997/1998 El Niño Southern Oscillation (ENSO) event and its impact on weather in Africa
(Stockdale et al., 1998). The excess rainfall correctly predicted from these models in East Africa in
1997/8 was associated with devastating malaria epidemics. With this, and with the knowledge that
malaria case increases have been shown to be associated with ENSO in other parts of the world
(Bouma and Dye, 1997; Bouma et al., 1997; Bouma and Van der Kaay, 1996) the health community
has shown an increasing interest in the use of seasonal forecasts for predicting epidemics of climate
related diseases

Of critical importance to end-users of seasonal climate forecasts is an appreciation of the
reliability and skill of the forecasts and in particular an understanding of their probabilistic as
opposed to deterministic nature (Blench, 1999). As yet only limited validation of dynamical
climate models has been undertaken. What little work has been done suggests that re l i a b l e
p robabilistic forecasts are limited to certain geographic areas and va ry in skill between ye a r s
depending on whether or not they are associated with an ENSO event (Palmer et al., in press). In
the best case scenario it is thought that seasonal climate forecasting using multi-model systems
can, predict climate “e ve n t s” c o r rectly in 6-7 out of 10 years (i.e. they are likely to be wrong at
least 3-4 years out of 10). 

Investigations are currently underway to assess where and when such forecasts can be used
effectively in malaria early warning (Thomson et al., 2000d). Clearly a MEWS cannot be over-
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dependent on seasonal climate forecasts and other risk indicators, such as the actual weather and
the vulnerability status of the population must also be routinely monitored. 

While the possible risks and benefits of using seasonal climate forecasts in malaria epidemic
control are not yet known, the climate forecasting community has stimulated further operational
research into the relationship between climate and disease in Africa. Climate forecast meetings
h a ve been instrumental in bringing together key individuals from health, agri c u l t u re and
meteorology at regional forums in Africa and have played an important role in stimulating research
activity in this area. For example the Southern Africa Climate Outlook Forum, (SARCOF) meeting in
Maputo, Mozambique, September 1999 centred around a post-season assessment for last season
and a pre-season assessment for the coming season with consideration of the implications for
various sectors (including health). Other “Climate Outlook Fora” have occurred in East and West
Africa but these regional meetings have yet to develop a strong health agenda. The Niger-based
pan-African organization—African Centre for Meteorology and Development (ACMAD) which
supports these outlook fora, has a remit for disseminating climate and weather forecasts in Africa
and training individuals from different sectors in meteorology and seasonal forecasting. 

7.4.3 The current use of seasonal climate forecasts in Africa
Seasonal climate forecasts are already being used in decisions on resource distribution for malaria
control in Africa despite their considerable limitations. For example seasonal climate predictions
from the SARCOF meeting in 1998 were used by the Southern African Malaria Control Unit of WHO-
AFRO; SAMC) to warn malaria control programmes within Southern Africa of a wetter than normal
rainy season 1998/1999 and therefore an increase in epidemic potential. A number of countries
increased their level of preparedness as a direct result of these forecasts.

Elsewhere collaborative links between national meteorological services and malaria control
services have been shown to be productive. Seasonal climate forecasts received by the malaria
control unit in Swaziland in July 1997 indicated a high probability that the country would receive
above average rainfall during the first season (September to December) and below average rainfall
during the second season (December to April). The first part of the forecast proved to be correct and
the earlier than usual preparations of the malaria control services paid off with spray activities
initiated a month earlier than usual and all health facilities being well stocked with anti-malarials
by November (Kunene, 1998). Warnings of the impending El Niño event (and likely excess rainfall)
in east Africa were made available to the malaria control services in East Africa prior to the short
rains of 1997 and increases in drug supply were made in some areas. However, whilst forecast
warning resulted in some increased preparedness activities in key epidemic areas in the highlands
– the semi-arid areas of nort h - e a s t e rn Kenya suffered a catastrophic epidemic of malari a
exacerbated by a nurses strike (Allan et al., 1998). An overburdened vector control unit was also
having to respond to fears of other vector borne epidemics, such as Rift Valley Fever. Work to
properly validate the usefulness of seasonal climate forecasts is essential if they are to be used
routinely in malaria control. 

7.5 Weather monitoring 
The ability to monitor changes in weather patterns in epidemic prone areas is necessary to provide
control services with the capacity to predict malaria epidemics prior to traditional epidemiological
thresholds being reached. Weather data available from meteorological stations across Africa varies
in terms of information provided. Most commonly, stations report daily/weekly/monthly sums of
rainfall followed by maximum and minimum temperatures and possibly also potential evapo-
transpiration (PET) vapour pressure and saturation deficit. From these variables the following can
be readily derived: average temperature, absolute humidity, relative humidity, specific humidity
and saturation vapour pressure. Access to meteorological station data by health services in country
is often limited by:

■ not knowing what data to request; 

■ not knowing who to request data from;

■ charges associated with data access;

■ limited data availability in terms of poor coverage of stations; 
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■ poor quality data with many missing values; 

■ difficulties in interpolating data between meteorological stations; and 

■ difficulties in interpreting the data with relevance to malaria transmission and epidemics

However, when available from a facility nearby, meteorological station data provides the most
accurate records of current and historical weather at a particular location and is an invaluable
source of information. In order to overcome some of the limitations with this data source described
above, weather data made available from meteorological satellites has been explored for use by
malaria control services (Connor et al., 1999; Connor et al., 1997; Connor et al., 1998; Hay, 1997; Hay
et al., 1998a; Thomson et al., 1996; Thomson et al., 1997; Thomson et al., 1999a). Data from satellite
data archives can be readily extracted and distributed to researchers at the district level or, where
appropriate, training can be given in the use and interpretation of historic and near real time
satellite data as is currently undertaken at district level by drought monitoring organizations.

Whilst there is an extensive literature on the use of malaria early warning systems in pre-
independent India and Pakistan (Connor et al., 1999) there is little documentary evidence of their
use on the African continent. A rare exception is that of an early warning system used in Kenya in
the 1930’s and 1940’s. It was based on heavy rainfall after drought (and its associated malnutrition)
and was used to predict widespread outbreaks of malaria (see Box 4.1 page 22, Cox et al ., 1999). 

Specific early warning methodologies using weather variables have been proposed for a number
of situations. One proposition is that September average temperatures in Zimbabwe are indicative
of above average malaria in the following season (Freeman and Bradley, 1996). These authors noted
that monthly rainfall was not correlated with the number of malaria cases observed from a number
of disparate reporting systems, with the exception that drought years had significantly fewer
malaria cases. To date no follow up has been made of its use in Zimbabwe.

In contrast, it has been noted that in Namibia, rainfall – (quantity and distribution) is a good
indicator of malaria morbidity with a particularly close relationship between cases and number of
rainy days (r=0.8, 95% CI = 0.38-0.90) and rainfall quantity and wetness ratio also gave significant
results (Scrimgeour, 1991). This analysis, which suggests that in Namibia rainfall data could provide
an early warning system for malaria epidemics, was further supported by the WHO consultant of
the time who proposed the rapid development of an early warning system based on satellite derived
rainfall data (Green, 1992). A subsequent analysis of malaria cases and rainfall estimates provided
from Meteosat data (Connor et al., 1998) gave further credence to this proposal (Figure 5).

The unprecedented rainfall which fell in East Africa associated with the 1997/98 El Niño

Figure 5. Number of inpatient malaria cases (CASES) from 9 hospitals in Ovamboland district , Namibia
(Green,1992) compared with cold cloud duration (CCD_QU),a satellite derived proxy for rainfall (Connor et
al., 1998).
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Southern Oscillation (ENSO) not only resulted in malaria epidemics in Kenya but also in Somalia,
Ethiopia, Uganda and Tanzania. However, excess rainfall associated with the 1997/98 ENSO event
did not necessarily result in malaria epidemics in areas of unstable malaria transmission in East
Africa. The event occurred during a study of malaria transmission in the Usambara mountains of
Tanzania (Lindsay et al., 2000) and a prevalence survey, conducted prior to the ENSO event (August
1997) was followed up with a second survey in September 1998 to investigate the effects of the 2-4
times above normal rainfall on malaria transmission. Contrary to expectation, significantly lower
malaria prevalence rates were found in the second survey. This led the authors to suppose that the
extremely heavy rainfall had destroyed many of the malaria vector breeding sites and consequently
reduced transmission. Thus, whilst high rainfall clearly increases the likelihood of a malaria
epidemic this relationship is by no means a certain one and that rainfall alone may not be a
sufficient risk indicator in certain areas.

Meteorological data are available to health services in many countries through their national
weather centres who measure and record rainfall, temperatures and sometimes humidity from a
number of weather stations within their jurisdiction. However, in many areas there are considerable
sampling inadequacies in the existing station network, which result in problems of interpolation
over large areas and complex terrains. In a number of countries, e.g. Angola and Sudan, access to
meteorological data for some areas has become rare or non-existent as a result of conflict and civil
unrest. In some countries cost recovery or the partial commercialization of the meteorological
services has meant that charges for meteorological station data are now common. Meteorological
satellites including Meteosat and NOAA provide data on the weather and environment routinely to
many African meteorological services and natural resource planners. Data can readily be obtained
from the internet15. Widely used products from these satellite sensors are estimates of rainfall and
proxies of vegetation status, or greenness.

7.5.1 Cold cloud duration and rainfall estimates
Throughout much of tropical Africa, rain is largely produced from deep convective storms and the
clouds with the coldest top surface produce the heaviest rainfall. It is possible to derive estimates of
rainfall by measuring the cloud top temperatures using half hourly infrared images obtained from
Meteosat’s channel 2 (at a spatial resolution of 5km). At a certain threshold temperature (-40 to -
70oC depending on latitude and season) clouds will precipitate out into rainfall. By measuring the
length of time a cloud is at this critical threshold temperature, known as the cold cloud duration
(CCD) it is possible to estimate actual amount of rainfall using simple regression techniques
(Milford and Dugdale, 1990). 

Rainfall estimates (RFE) for the African continent, calculated from both CCD and weather
models, have, since 1995, been distributed every 10 days16 over the internet (USAID Africa Data
Dissemination Service; ADDS). This information (spatial resolution 5km) can be readily analysed in
conjunction with other digital data (such as topography, soils and vegetation indices) using
software distributed freely by the USAID/FAO famine early warning systems. RFE proved to be a
good indicator of areas of excess rainfall during the 1997/1998 short rains in East Afri c a ,
corresponded well with meteorological station data in the semi-arid areas of North-Eastern Kenya
and provided a three month warning of the Wajir malaria epidemic (Connor et al., 1999). 

7.5.2 Vegetation status (NDVI)
It has been shown that primary vegetation production is closely related to rainfall in tropical
savannas, which receive between 200-1000mm rainfall per annum. Because of this relationship
proxy ecological variables from satellite data, which provide information on vegetation state, can be
used to infer both the timing and quantity of rainfall. The advanced very high resolution radiometer
( AVHRR) sensor on-board the NOAA platforms has proved an extremely powe rful tool in
environmental monitoring because of its use in assessing the state of vegetation using vegetation
indices. The NDVI (Normalized Difference Vegetation Index: Rouse et al., 1974) is the most widely
used vegetation index and archived data exist going back to the early 1980’s.

Temporal changes in the vegetation index NDVI have been shown to be a good indictor of the

15 (http://edcintl.cr.usgs.gov/adds/adds.html) 
16 Dekad is often used to describe a 10 day period
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malaria season in The Gambia, Niger (Thomson et al., 1997) and Kenya (Hay et al., 1998b). However,
because of the short lag between NDVI and cases (at best one month) and the fact that NDVI values
can become saturated after peak rainfall periods in some areas (e.g. the highlands of East Africa),
both RFE and NDVI should be used in combination in a malaria early warning system. 

NDVI data made available from the relatively new SPOT (Satellite Pour l’Observation de la Terre)
Vegetation sensor offers a considerably improved product in terms of improved data quality at 1km
spatial resolution. SPOT vegetation data is currently being explored by FAO for improving its Global
Information and Early Warning System (Snijders, 2000). However, data from this commercial
satellite may soon be superseded by data of equivalent quality made available freely to
meteorological services by the next generation of Meteosat satellites.

In semi-arid zones, rainfall and vegetation proxies from satellite data appear to be the simplest
data to use in a MEWS operated from a central level as an entire country or region can be rapidly
analysed (Hay et al., 2000b; Thomson et al., 2000b). Since drought monitoring and food security
organizations also use this information at provincial and district level it would seem that malaria
control staff can greatly benefit from multi-sectoral initiatives which bring about a common
language, common tools and increased access to capacity building activities (Thomson et al.,
2000a).

7.6 Hydrology
Rainfall alone may not be a good indicator of malaria transmission risk in warm semi-arid areas
w h e re its impact on the local ecology is gove rned by hyd rological process associated with
topography and soil type. In such a situation an early warning system based on the water levels in
rivers or dams may be more valuable – as has been proposed for the Senegalese river basin (Faye et
al., 1998). 

Support for the use of hydrological monitoring comes also from Sudan where river flooding is a
key trigger for local increases in malaria cases (El Sayed et al., 2000). The flooding of rivers will
depend on the rainfall distribution and timing in the entire river catchment basement rather than
on local rainfall. It has been noted that the extent to which flooding is associated with malaria case
increases is dependent on the timing of the floods in relation to other factors such as rainfall and
humidity (Najera, 1999). 

Hydrological modelling as a means to predicting Anopheles gambiae biting rates has been
explored in Kenya (Patz et al., 1998). A recent study in South Africa has indicated that a combination
of hydro-climatic variables (including ground based observations, remotely sensed imagery and
outputs from a hydrological model) may have potential in predicting the number of cases of malaria
at the district level (Grass et al., 2000). 

7.7 Statistical versus biological models of vector-borne disease
As with seasonal climate forecasting there are two basic approaches to developing predictive
models for malaria epidemics. The first uses time series statistical techniques to develop predictive
models from historical data in which the relationship of predictor variables to malariometric
indices (e.g. case numbers) is described mathematically. Co r relating temporal changes in
climatic/environmental factors with malariometric indices (e.g. malaria cases, EIR etc) is made
difficult in areas where temperature is a limiting factor because the predictor variables are cross-
correlated and interact. For instance, rainfall may be a good predictor of malaria in highland areas
as long as it occurs at a time when temperatures are suitable for transmission. Furthermore, lags
between rainfall and humidity variables and malaria cases may change depending on how rate
processes are affected by temperature. This makes statistical correlation particularly difficult.

The second approach is the development of biological models in which cases are predicted from
the model outputs and the results compared with historical data. A decision support tool, which
uses climate driven vectorial capacity and EIR models, allows some of this complexity to be
explored (Worrall et al., 2000).

7.8 Vulnerability
A more dynamic mapping approach has been suggested in which vulnerability indicators are
combined with risk indicators for malaria transmission within a geographical information system
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to indicate areas where populations are most at risk of epidemics. As both these vulnerability and
risk indicators change over time a dynamic mapping approach is proposed in which satellite data
may contribute a substantial proportion of the information used. For example, areas where 2-3
years of drought may have reduced the normal level of immunity in a population may also suffer
food security problems. Both increases in transmission and vulnerability may be initially assessed
from satellite data. 

Semi-arid areas are characterized here as areas of low-moderate rainfall with high inter-annual
variability. Epidemics of malaria have recently occurred in a number of such situations in Southern,
Eastern and West Africa: (e.g. Northern Botswana, 1996, Western Zimbabwe 1996, North-eastern
Kenya 1998, and Northern Central Mali 1999). Each of these situations concerns districts which
have had a history of malaria epidemics and a largely non-immune population. 

A common characteristic of many affected areas prior to the epidemics is that they had suffered
a recent period of drought and were recognized as having serious food security problems.
Epidemics following drought periods appear to catch health services unawares and the result is
often high fatality rates.

Zimbabwe and Botswana also had malaria epidemics in 1997 following the 1996 epidemic year.
(with higher numbers of cases than 1996 but with a much lower case fatality rate. The lower case
fatality rate may be attributed to increased malaria immunity as a result of the 1996 epidemic, good
nutrition after a good 1996 harvest and increased preparedness on behalf of the MoH. 

Further support for the link between food security issues and epidemic malaria comes from the
study of a devastating epidemic recorded in the upland Muleba District of Tanzania (above 1200m),
which normally experiences seasonal malaria transmission (Garay, 1998). The risk of mortality from
malaria during the Muleba epidemic was observed to be 7 times higher in malnourished than well
nourished children giving support to the view that the consequences of epidemic malaria are most
keenly felt in communities where food entitlement is constrained. 

The monitoring of risk factors associated with post-drought epidemic situations should be
relatively straightforward and offer a very useful phase for control services to organize and prepare
an appro p riate control re s p o n s e. For example “near real time” weather and enviro n m e n t a l
monitoring – when used in combination with archived data, may pick out areas where excess
rainfall has fallen in an area of low or reduced immunity and thereby alert the authorities to the
potential of a malaria epidemic (Connor and Thomson, 1999; Thomson et al., 2000b). 

7.8.1 Comparisons of FEWS and MEWS
The malaria epidemic cycle has been described as consisting of four distinct components: pre-
epidemic, epidemic wave, post epidemic and inter-epidemic (On o ri and Gra b, 1980). T h e
similarities between the malaria epidemic cycle, its associated risk indicators and those identified
in famine early warning systems can be clearly seen (Table 4). 

The potential for utilising knowledge and resources from FEWS in the development of a MEWS
is great. Most epidemic prone countries will belong to a regional FEWS network and many will have
specialized national systems that focus on particular districts at risk. As with malaria epidemic
forecasting – famine early warning was practised in pre-independence India. In Africa, interest in
famine early warning was spurred on by the experiences of the drought and associated famine
across the Sahel during the late 1960s and early 1970s, and again in the highly publicized events of
the early 1980s, which occurred throughout much of the Sahel and the Horn of Africa.

At the Bonn Summit of 1985, donor countries agreed to renew their collective efforts to detect
and avert future famine, especially in Africa. This led to the development of the UNFAO’s ARTEMIS
(Africa real time environmental monitoring information system) and the USAID FEWS. The
experience of FEWS has had mixed success and valuable lessons have been learned concerning over
reliance on physical indicators (rainfall, seasonal crop development) alone. For instance it has been
clearly illustrated that famine often occurs not because of absolute lack of food but lack of
entitlement to food among the most vulnerable groups (Sen, 1981). In view of this the accuracy of
forecasts have been able to be much improved by combining physical indicators along with
relevant socio-economic indicators of vulnerability (Hutchinson, 1998; Seaman, 1997). A summary
body of research also exists on the problems associated with the essential response to famine alerts
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(Buchanan-Smith and Davies, 1995). A useful overview of the status of FEWS development and
associated issues can be found in a special issue of the Internet Journal of African Studies “Using
science against famine: food security, famine early warning and El Niño17. The volume covers the
key discussion areas of linkages between food security and famine, the ability of FEWS to prevent
famine, the role of ENSO in FEWS and a number of case studies of the use of forecasting systems. In
particular, the paper concerning the 1991-2 drought in Southern Africa, which had all the hallmarks
of an international disaster, reveals how the FEWS system of the SADC region played a pivotal role
in preventing famine by providing the necessary information in sufficient time to enable decision-
makers to implement food importation programs (Rook, 1997). 

7.9 EWS for diseases other than malaria 
While applications of early warning systems to malaria are historically limited in Africa there has in
recent years been considerable interest in the use of geographical information systems and remote
sensing techniques to the delineation of areas at risk of epidemics of other vector- and non-vector
borne diseases.

Defining areas of potential epidemic risk is easiest for diseases that are constrained by an
ecological factor which changes little over time. Soil type has been shown to be an important
determinant of the distribution of the vector responsible for epidemic kala azar in Sudan and, in
combination with climatic factors, has been used to predict areas of potential risk (Thomson et al.,
1999b). Vegetation type may also be a key ecological determinant of vector distribution although
d e f o restation and land-use change may significantly change its distribution over time. T h e
Chrysops vector of the filarial worm, loa loa, lives in the forest canopies of central/west Africa – the
distribution of which has been mapped using satellite data (Thomson et al., 2000c). Environmental
factors associated with human sleeping sickness epidemics in Africa have been explored using
satellite data (Rogers, 1991). This work stems from a much greater body of work in which NOAA-
AVHRR data has been used to delineate the habitat of different trypanosomiasis vectors (Rogers et
al., 1996, Robinson et al., 1997).

The seasonality of meningococcal meningitis in the Sahel region of Africa has been assumed to
be the result of climatic processes and there is good evidence to support this (Molesworth et al. ,
2000). However, although it has long been known that, in this environment, weather is an important
determinant of the end of the meningitis season, it has not been established whether or not weather
variables can be used to predict the onset of an epidemic. If such a relationship could be established
then it may provide the basis for an early warning system which could help mitigate the disastrous
effects of these epidemics.

An early warning system for Rift Valley Fever (RVF) epidemics in Kenya based on meteorological
satellite data was first proposed in 1990 (Linthicum et al., 1990). Subsequent studies noted that all
known RVF virus outbreaks in East Africa from 1950 to May 1998, and probably earlier, followed
periods of abnormally high rainfall. Analysis of this record and Pacific and Indian Ocean sea surface
temperature anomalies, coupled with NDVI data, show that prediction of RVF outbreaks may be
made up to 5 months in advance in East Africa. In mid-December 1997 reports of an outbreak of
haemorraghic fever with high case fatality rates was received by the Kenya Ministry of Health from
the North-East of the country – an area greatly affected by the flooding as a result of the exceptional
rains in October/November 1997. RVF was identified as a significant contributor (30-40%) but not
the main cause of the epidemic. RVF epidemics in West Africa have also been associated with
unusually heavy rainfall suggesting that weather monitoring may also be able to predict sudden
increases in cases in animals and humans in this region (Thonnon et al., 1999).

Early warning systems for other animal parasitic diseases are also being explored in Africa.
Preliminary research suggests that temperature proxies from the thermal infra red band of Meteosat
may provide useful information to farmers in Namibia to predict seasonal epidemics of the sheep
bot fly Oestris ovis (Flasse et al., 1998). A GIS-based risk assessment system for the seasonal
occurrence of liver flukes Fasciola hepatica and F. gigantica in East Africa has been field tested in
Ethiopia (Malone et al. , 1998). Results indicate that monthly forecast parameters, developed in a
GIS with digital agro-ecologic zone databases and monthly climate databases, can be used to define

17 http://www.brad.ac.uk/research/ijas/
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the distribution range of the two Fasciola species, regional variations in intensity and seasonal
transmission patterns at different sites.

In response to both health sector and animal husbandry needs a multi-sectoral approach
involving health workers, veterinarians, researchers, FAO, WHO and national institutes involved in
GIS, remote sensing and disease surveillance has been proposed for the development of risk maps
for schistosomiasis and fascioliasis (Bergquist et al., 2000).

The best developed early warning systems in Africa are those concerning major plague insects
such as locusts and African armyworm. Remote sensing technologies, GIS and decision support

FEWS MEWS

Drought Cycle: Entering drought 1 Epidemic Cycle: Pre-epidemic phase 1

(after Chelagatt, 1997) Suffering drought 2 (after Onori Epidemic phase 2

Recovering from drought 3 and Grab, 1980) Post epidemic phase 3

Between droughts 4 Inter-epidemic phase 4

Mapping/ Drought history/ Mapping Epidemic history/

Vulnerability climate variability climate variability/  

Assessment Malnutrition

Land-use/ Land-use/

ecological zones ecological zones

Farming system High risk 

occupations/activities

Medium-range Medium-range 

seasonal forecasts seasonal forecasts

Monitoring Rainfall distribution Monitoring Rainfall /

and Surveillance and Surveillance Temperature distribution

Vegetation condition Vegetation condition

Recent production Recent epidemiological 

history history

Status of agricultural Status of routine control 

extension activities

Market prices cereals/ Costs of healthcare

livestock

Livestock/People ratio Livestock/People ratio

Malnutrition Malaria 

FAD19 /FED20 Health care

availability/entitlement

Displacement Displacement/Migrations

Intervention options Maintain cereal Intervention Reduce malaria 

availability options transmission potential 

(e.g. by residual spraying, 

insecticide treated nets)

Veterinary awareness Health awareness 

campaigns campaign

Subsidized livestock Subsidized bednets/

purchase insecticide impregnation

Emergency health Mass drug administration

and nutrition mobile clinics

Relief feeding Case management

Table 4. Summary of cross-linkages between Famine Early Warning Systems18 and
Malaria Early Warning Systems

18 Drought monitoring, food security systems
19 Food availability decline (after Sen, 1981)
20 Food entitlement decline (after Sen, 1981)
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tools are used to identify areas in which populations of these pests may build up, and to monitor
their spread over extensive regions of Africa (Hielkema and Snijders, 1994; Burt et al., 1995; Tappen
et al., 1991). 

7.10 Conclusion
While many of the activities described above have evolved independently over time it is clear that
the common tools used (geographical information systems and remote sensing, mathematical
modelling, spatial and time series analysis, integration of remote and local data, use of quantitative
and qualitative indicators) indicate significant potential benefits to be gained from a multi-
disciplinary, multi-disease approach. In order to capitalize on this, partners from the different
sectors must learn new ways to work together, share data, resources and ideas in order to improve
the cost-effectiveness of their individual programmes.

8 MALARIA EARLY DETECTION IN AFRICA

8.1 Surveillance data
Surveillance is usually understood as the continuous systematic collection and analysis of a series
of quantitative measurements. The detection and interpretation of changes in the pattern of the
constructed time series are central to the timely prediction of an epidemic. A range of temporal,
analytical techniques are used by public health services around the world. Those reported here
centre on procedures currently available for the timely detection of the onset of a potential malaria
epidemic in the African context where surveillance systems are often not well deve l o p e d .
Surveillance data may be used for the early detection of a potential malaria epidemic only if:

■ data collection and notification are timely (i.e. weekly);

■ data collection is representative;

■ data interpretation is timely (i.e. weekly);

■ data interpretation provides an accurate indication of an epidemic occurring. 

Staff at individual health facilities may detect local malaria epidemics but a co-ordinated system
for monitoring surveillance data at a provincial or national level requires a more developed system.
The sources of data that may be used for public health surveillance will vary from country to
country depending on the stage of development and sophistication of public health services, the
quality and extent of labora t o ry facilities, the available human re s o u rces and skills, the
c h a ra c t e ristics of local malaria transmission and the availability of computers and ra p i d
communication systems (computer networks, email, internet, radio). 

Health Information Systems (HIS), in which data is collected centrally from peripheral health
facilities for a fixed number of diseases/symptoms, are (when they occur at all) in a fledgling state
in many African countries. Comprehensive computerized systems have developed over the last 10
years in a few countries, such as Niger (Mock et al. , 1993), which now offer new opportunities in
using health surveillance data for resource planning. In particular the focus on rapid reporting of
epidemic diseases has resulted in the development of alert systems based on epidemiological
thresholds. Unfortunately, since malaria is not normally a notifiable disease, it may only be reported
routinely to the HIS on a three monthly basis.

8.2 Use of sentinel sites
Because of the normal delay in reporting time from the routine HIS (from months to years in some
African countries) certain health facilities with diagnostic facilities for malaria parasites may be
chosen as sentinel surveillance sites in districts prone to epidemics. The data from these health
facilities may be provided to the district, provincial or national authorities on a weekly basis in order
to alert malaria control services to potential malaria epidemics developing. This weekly notification
system from sentinel sites is becoming routine in some countries (such as Zimbabwe) and offers the
potential to detect malaria epidemics early in the epidemic wave. The choice of sentinel site to be
used is of critical importance. First of all it must be chosen on the basis that dramatic changes in
cases will signify a local malaria epidemic occurring. This can be assessed on the basis of
environmental stratification and the history of epidemics in the district, the size of the population
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served by the health facility, population movement in the area and, significantly, the quality of
health delivery, diagnostic services and data recording. 

8.3 Use of laboratory-diagnosed malaria data
Health services throughout many of the malarious areas of Africa use clinical symptoms of malaria
“febrile illness” as the main diagnostic tool for decisions on treatment. It has long been known that
in the absence of confirmation by examination of the blood for malaria parasites, the use of clinical
symptoms alone may result in extensive misdiagnosis since many non-malaria febrile illnesses will
be diagnosed as being malaria. Such over-diagnosis is particularly common in the dry season when
misdiagnosis may exceed 90% (Julvez et al., 1992). Misdiagnosis not only inflates the malaria figures
but also means that the real cause of the disease may not be being treated. It is a major cause of
polypharmacy as one ineffective treatment is followed by another.

Thus, for the effective use of surveillance data in a malaria early warning system (MEWS),
considerable attention must be paid to the development and improvement of laboratory diagnostic
services and the integration of laboratory data with outpatient and inpatient records.

8.4 Temporal analytical techniques

8.4.1 Quality control charts
Industrial quality control has developed a series of methods for monitoring time series data. Among
them, three major methods have appeared in the public health surveillance literature — the
Shewhart test, the simple cumulative sum test, and V-mask. These methods are based on a
c o m p a rison of incoming values from the time series with constant va l u e s, usually defined
empirically from historical data. The advantages of these methods are that the results are readily
graphed can be easily incorporated into an information system and can clearly understood by
decision-makers (Nobre and Carvalho, 1994). 

The Shewhart test uses only the last observation, comparing it with a predefined target or
expected value. An abnormal case occurrence is declared whenever the absolute difference
b e t ween the observed and the expected values exceeds a specified threshold. The simple
cumulative sum test uses the accumulated deviations between expected and observed values. Here,
identification of abnormal events occurs when the absolute cumulative sum exceeds a fixed
limiting value.

Finally, the V-mask, which is also known as CUSUM method, is based on the construction of a
graphic of the cumulated sums of the deviations between observed and expected value. For this
method, a V-shaped mask moved over the resulting cumulative time series permits detection when
an earlier observation crosses one leg of the mask. 

An evaluation of the three methods suggests that in addition to the choice of constant values
used as an epidemic threshold, other parameters, such as the timing of the threshold being reached,
are important considerations for their effective use in predicting epidemics (Frisen, 1992). An
example of a case count threshold used routinely in malaria surveillance is given below.

Method 1: Constant case count thresholds

In Botswana three alert thresholds based on both unconfirmed and confirmed malaria, cases are
used for malaria epidemic prediction at the district level. In this system, 400 absolute cases/week in
one district indicates an alert which should be acted upon at the district level, 800 cases/week
indicates the national authorities should be informed and 1200 cases/week indicates a national
emergency. The simplicity of this method is reinforced by a data entry system in which the values of
case numbers above the threshold are automatically highlighted in red drawing the information to
the attention of those reviewing the data. Botswana is unusual with respect to much of Africa
because laboratory diagnosis is made of all suspected cases. This system seems appropriate to the
district structure in Botswana, which is largely determined by population size (~100,000 persons). 

8.4.2 Statistical monitoring
Setting epidemic thresholds in Africa is more commonly achieved by comparing the normal
mean/medium cases of previous years (at least the previous five) with the current case numbers
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over a set time (e.g. week or month). Initially this may be from suspected malaria cases only but
subsequent confirmation using a thick blood film will confirm or deny the suspected change in
malaria case numbers.

Method 2: Mean + 2SD

This involves the calculation of the long-term mean of monthly malaria cases (derived from a
minimum 5-year data set from which abnormal years have been excluded) and an epidemic
threshold set at two times the standard deviation of the mean. This method has been promoted in
Africa as a result of the promising results of a study in northern Thailand in the early 1980’s (Cullen
et al., 1984). 

Experience from Madagascar, where this threshold method has been tested, indicates that it has
high sensitivity, but low specificity and predictive value. Out of 69 epidemic alerts signalled by this
system only 17 of these were reported within 30 days and only 5/69 were found, on further
investigation, to represent a real increase in malaria cases. The main causes of alerts being given
were poor reporting and closure of neighbouring health facilities (Raveloson et al., 1998; Albonico
et al., 1999). 

Method 3: Medium + upper 3rd quartile

For some time WHO has used the expression “normal epidemic channel” to describe the normal
seasonal pattern of malaria in an area (Najera, 1998). The recommended method for obtaining the
normal channel is to compute the monthly median value and the upper 3rd quartile from a time
series of monthly data. Months in which cases exceed the 3rd quartile will be declared routinely as
epidemic months. This method has the advantage over Method 2 in that results are less influenced
by abnormal years and the values are easier to calculate without computing facilities. Again a
minimum of five years data is required. However, if the historical data does not include any
epidemic years any values marginally exceeding those that have occurred could result in an
epidemic being declared– even though the case numbers may be well within the normal range. In
Uganda historical malaria morbidity data (3-5 years) from sentinel sites are used to define median
and quartile values for malaria incidence on a monthly basis. Health workers are trained to plot
malaria cases onto this graph on a weekly basis. When cases are in excess of the median a report is
sent to the District Medical Officer (DMO) to provide an initial alert. If cases rise above the 3rd
quartile then an epidemic is declared and the local DMO, MoH and DMOs in other epidemic prone
districts are notified immediately (Anon, 1999).

Method 4: Incidence thresholds

Incidence thresholds are used as early epidemic detection indicators for other epidemic diseases
in Africa such as meningococcal meningitis. As with malaria, in countries where meningococcal
disease is highly endemic, there is a need to distinguish an emerging epidemic of meningitis fro m
a simple seasonal rise in incidence, in order to implement emergency control measure s.
Meningococcal meningitis epidemics due to Ne i s s e ria meningitidis sero g roups A or C can be
c o n t rolled by mass vaccination with a polysaccharide va c c i n e. Early detection of these epidemics
is essential for an effective operational re s p o n s e. A threshold value of 15 cases/per we e k / p e r
100,000 was initially developed for Bu rkino Faso (Mo o re et al., 1992) but then adapted by other
c o u n t ries in the meningitis belt. Howe ve r, when an expert committee assessed this thre s h o l d
a c ross the sub-region seve re limitations we re found to exist as the sensitivity and specificity of
this threshold differs between climatic zones (Chippaux et al., 1998). The meeting re c o m m e n d e d
that each country carry out its own re s e a rch to determine the most appro p riate alert thre s h o l d
for each zo n e. An analysis of four different threshold methods for identifying epidemics of
meningococcal meningitis at the district level in Niger re vealed that 5/100,000/week over thre e
weeks had more sensitivity though less specificity than the 15/100,000/week over two we e k s.
Their results also suggest that where no census data is available a tripling of cases (compared to
the same week in the previous year) had higher sensitivity and specificity than a doubling of
c a s e s / week over three weeks (Chabalier et al., 2000). 

Further work on the use of epidemic thresholds for meningitis has revealed that sensitivity and
specificity are time dependant—i.e. an early crossing of the threshold should raise greater concern
than a late one. WHO have since recommended that two thresholds, developed using surveillance
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data, be used for meningitis (Anon, 2000a). The first, an alert threshold, should be used to (a) sound
an early warning and launch an investigation at the start of an epidemic; (b) check epidemic
preparedness; (c) start a vaccination campaign if there is an epidemic in a neighbouring area and
(d) prioritize areas for vaccination campaigns in the course of an epidemic. A subsequent threshold,
the epidemic threshold is used to confirm the emergence of an epidemic so as to step up control
measures, i.e. mass vaccination and appropriate case management. The epidemic threshold
depends on the context, and when the risk of an epidemic is high, a lower threshold, more effective
in this situation, is recommended. 

Developing two thresholds – an alert threshold for early warning and an epidemic threshold for
early detection may also prove valuable for the prevention and control of malaria epidemics. It
would also seem likely that thresholds will need to be developed for particular localities, as their
sensitivity and specificity are likely to vary according to local epidemiological factors. This is an
important area for operational research in epidemic prone areas.

8.5 Analysis of time series data
Time series analysis originally developed for economic forecasting and geophysical signal
processing has been shown relevant and valuable in the public health context (Diggle, 1990). These
tools can be can be used to: 

■ provide a concise description of an historic health data set (either through summary statistics of
by graphical representation); 

■ provide forecasts of expected numbers of cases;

■ accommodate serial dependence in the course of making inferences about structural parameters;

■ further scientific understanding of the underlying mechanisms which generate the data;

The basic concepts of time series analysis include trend, serial dependence and stationarity.

Trend represents a general systematic component that changes over time and does not repeat
within the time range captured by the data being investigated (e.g. drug resistance may result in a
year on year increase in cases when there is no change in the actual malaria transmission potential
in an area). A number of simple statistical tools are available to assess whether or not there is trend
in the data. 

Serial dependence (or serial auto-correlation) is the norm in time series data in which random
values are usually statistically dependant on at least some pairs of values in the sequence. Statistical
tools which can take account of serial dependence are essential to time series analysis.

Stationarity concerns the fact that the probabilistic structure of the random functions which
describe the time series are unaffected by a shift in the time of origin. 

A range of tools exist in time series analysis which may be useful in the development of a MEWS
– some examples are outlined below.

8.5.1 Spectral analysis
Spectral models rely on Fourier decomposition analysis to fit cyclic functions to time series data –
this type of model usually requires a very long data set and so are rarely used in epidemiological
studies.

One study used spectral density analysis to investigate the mechanisms underlying the inter-
epidemic period of a 33-year malaria data set in the Kenyan highlands. From this work, the authors
concluded that intrinsic population dynamics, rather than meteorological data was the best
explanation for the periodic increases in cases (Hay et al., 2000a). 

8.5.2 ARIMA (autoregressive integrated moving average)
Most attention has been focused on the use of the Box-Jenkins modelling strategy to construct
autoregressive integrated moving average (ARIMA) models for specific health variables. This
modelling strategy analyses a long series of values in a stationary mode. Since most health variables
of interest are not stationary, the analysts have to resort to preliminary transformations, such as
time series differencing or va riance stabilizing to achieve stationari t y. After choosing the
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transformation, the steps of model identification, parameter estimation, and diagnostic checking
are performed. Essential tools for modelling are the autocorrelation function and the partial
autocorrelation function. 

A recent article reviews the practical aspects of the use of ARIMA modelling of time series as
applied to the surveillance of reportable infectious diseases, with special reference to the widely
available SSS1 package, produced by the Centre for Disease Control and Prevention (Allard, 1998). 

8.6 Time-series cross correlation and linear regression.
Cross correlation describes the correlation between two quantitative time series. The observations
of one series (e.g. malaria cases) are correlated with the observations of another series (e.g. rainfall)
at various lags and leads. This procedure may help identify variables which are leading indicators of
other variables.

Linear regression techniques can be used to develop predictive models for a dependant variable
(e.g. malaria cases) from a range of quantitative variables. It is based on the assumption that for
each value of the independent variable, the distribution of the dependent variable must be normal.
The variance of the distribution of the dependent variable should be constant for all values of the
independent variable. The relationship between the dependent variable and each independent
variable should be linear, and all observations should be independent. 

The advantage of these methods is that the techniques are more widely used than for ARIMA
although they may be more difficult to fit properly and serial dependence in the data may be
ignored. 

For example cross-correlations between time series malaria, weather and mosquito data for one
year were computed from an area in highland Uganda where a malaria epidemic followed a period
of unusually heavy rainfall in 1997/1998 and higher than normal minimum tempera t u re s
(Lindblade et al., 1999). 

Although excess rainfall was thought to be the key factor which precipitated the epidemic
neither rainfall or temperature anomalies were found to be associated with malaria cases using
cross-correlation techniques on data from the epidemic year. However indoor resting densities
(IRD) of malaria vectors were significantly cross-correlated with a lag time of one month. This study
illustrates some of the problems of using a time series analysis approach in a situation where two
weather variables which interact are affecting transmission dynamics. For instance high rainfall
when temperatures are low will have a different impact on transmission than high rainfall when
temperatures are high. 

The positive result with IRD may be of interest if these results differ significantly from non-
epidemic years but results indicate that the true time lag between mosquito abundance and
malaria cases is short – less than one month. Since there is a lag of about two weeks from malaria
infection to malaria disease many of the cases will already have been infected before an epidemic
warning based on this approach is made.

Time series analysis was used to assess the contribution of climate to a malaria epidemic in
Rwanda (Loevinsohn, 1994). In late 1987 malaria incidence in the study area increased by 337% over
the three previous years. Changes in incidence in the catchment area were significantly associated
with temperature and rainfall. The best fitting model developed (using multiple linear regression)
from this study was:

Monthly incidence = 4.32+1.64*LN(monthly mean minimum temperature lagged by one month)
+ 0.83*LN(monthly mean minimum temperature lagged by two months) + 5.34*10-4 *(rainfall
lagged by three months) + 7.7*10-4 * (rainfall lagged by four months).

This autoregressive equation including lagged effects of these two variables explained 80% of the
variance in monthly malaria incidence. Since this study was undertaken other authors have
indicated that changes in landuse in the area may have had a significant impact on malaria
transmission (Mouchet et al., 1998). 

A retrospective analysis of national malaria mortality and morbidity in Venuzuela and seas
surface temperature of the Eastern Tropical Pacific was undertaken using cross correlation and time
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series regression techniques (Bouma and Dye, 1997). Malaria data was first transformed to remove
trend (cases in year n/cases in years n-1). Separate regression equations were made for all years and
El Nino years with positive results for changes in malaria in year n and SST anomalies in July
September in year n-1. The authors concluded that malaria increased on average 36.5% after an El
Niño year and that SST anomalies may be useful in predicting malaria epidemics in this part of
South America. 

However, as with any fitted model, model results are likely to predict the model inputs better
than a new, unrelated data set—it is therefore essential to test model results against new data to see
if the model is sufficiently robust to be able to predict future cases of malaria. 

9 CONCLUSION
T h e re is always a conflict between convenient simplicity and realistic complexity in the
development of predictive models of epidemics. Scientific work is inherently long term and requires
data collection and analysis over extensive time periods but applications involving public health
decision-making are usually short term. Any scientifically based approach must submit to the
principle of using the simplest models as first approximations. Great care is of course needed in
data collection and analysis. Not only are good statistical methods required to achieve the best
results but also special attention must be paid to the reliability of the data. 

In reality models must be relatively simple and understood at least in principle by decision-
makers otherwise they will not be used. In order to ensure that this will happen, malaria epidemic
modelling for MEWS development must involve decision-makers from the onset so that research
will be directed at practical issues from the onset. It also means that end-users have a joint
responsibility with other workers for the planning of operational inve s t i g a t i o n s, and
implementations of practical action regarding future predictions of malaria epidemics, choices of
interventions etc.
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APPENDIX 1.  INTERNATIONAL AGENCIES AND RESEARCH INSTITUTES OF RELEVANCE
TO DEVELOPING A MEWS 

The following list is far from exhaustive – but it may give a starting point for further
technical information and support in finding appropriate local institutes.

CHAART NASA Centre for Health Applications of Aerospace Related Technologies, Moffett
Field, California USA http://geo.arc.nasa.gov/sge/health/chaart.html

CTE Centre for Tropical Ecology, University of Durham, Durham UK
http://www.dur.ac.uk/~dbl0www/Staff/Lindsay/slindsay.htm

ECMWF European Centre for Medium Range Weather Forecasting, Reading UK
http://www.ecmwf.int/services/seasonal/forecast/index.jsp

FAO Food and Agriculture Organization, Emergency Prevention System for
Transboundary Animal and Plant Pests and Diseases, Rome Italy
h t t p : / / w w w. f a o. o rg / w a i c e n t / Fa o In f o / A g ri c u l t / AG A / AG A H / E M P R E S / E M P R E S . H T M

ILRI International Institute for Land Reclamation & Improvement, Wageningen
University, Wageningen, Netherlands http://www.ilri.nl/

INTREPID NASA Interactive Research Partnership for Infectious Diseases, Greenbelt,
Maryland USA http://eosdata-
f.gsfc.nasa.gov/CAMPAIGN_DOCS/IDP/models/warning.html

IRI International Research Institute for Climate Prediction, Applications Research
Group, Palisades, New York USA http://iri.ldeo.columbia.edu/iri/

MALSAT Research Group, Liverpool School of Tropical Medicine, Liverpool UK
www.liv.ac.uk/lstm/malsat.html

MARA/ARMA Mapping Malaria Risk in Africa and HIMAL Highland Malaria Project, Durban RSA
http://www.mara.org.za/

NOAA Office of Global Programs, Silver Spring, Maryland USA
http://www.ogp.noaa.gov/programs/index.htm

NRI Natural Resources Institute, University of Greenwich, Chatham UK
http://www.nri.org/ESD/enviro.htm

SAMC WHO Southern Africa Malaria Control Inter-country Team, Harare, Zimbabwe
http://www.safrimal.org/

TALA Trypanosomiasis and Land Use research Group, University of Oxford, Oxford UK
http://users.ox.ac.uk/~zool0120/02%20TALA%20members.html

WARDA West Africa Rice Development Association – Health Consortium, Bouake, Ivory
Coast http://www.cgiar.org/warda/research/health/index.htm

WMO World Meteorological Organization is a specialized agency of the United Nations
encompassing the field of meteorology, Geneva, Switzerland
http://www.wmo.ch/
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APPENDIX 2.  AGENCIES INVOLVED IN REGIONAL/NATIONAL CLIMATE FORECASTING,
WEATHER SERVICES, DROUGHT MONITORING AND FOOD SECURITY 

(These centres are supported by IRI, NOAA and ECMWF amongst others)

Africa Regional Centre

African Centre for Meteorological Applications in Development (ACMAD), 
Niamey,
Niger
www.acmad.ne/

Sub Regional Centres

East African Epidemiological Block

Kenya Drought Monitoring Centre
P.O. Box 30259
Nairobi
Tel: 254 2 567864  
Fax: 254 2 567888/9  
Telex: 22208  
dmcnrb@lion.meteo.go.ke 
http://www.meteo.go.ke/dmc/

Drought Preparedness Intervention and Recovery Programme
Buttsons Building
P.O. Box 954
Nanyuki
Kenya
Tel: 0176 31641/2
Fax: 0176 31640
DRIRP@Ken.healthnet.org

GHARCOF (Greater Horn of Africa Climate Outlook Forum)

Contributors to this regional consensus forecast includes representatives of meteorological services
from eight countries (Institut Géographique du Burundi; Météorologie Nationale de Djibouti;
National Meteorological Services Agency of Ethiopia; Kenya Meteorological Department; Rwanda
Meteorological Service; Sudan Meteorological Authority; Tanzania Meteorological Agency; Uganda
Meteorological Department) and climate scientists and other experts from national, regional and
i n t e rnational institutions and organizations (Drought Mo n i t o ring Ce n t re, Na i robi; Dro u g h t
Mo n i t o ring Ce n t re, Ha ra re; In t e rnational Re s e a rch Institute for Climate Prediction; Wo r l d
Meteorological Organization; United Nations Environmental Programme). Additional input was
supplied by Eu ropean Ce n t re for Me d i u m - Range Weather Fo re c a s t s, National Centers for
Environmental Prediction, North Carolina State University, and United Kingdom Meteorological
Office.

West African Epidemiological Block

See ACMAD above and also:

Centre Regional AGRHYMET 
BP 11 011
Niamey
Niger
http://www.agrhymet.ne
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PRESAO (Les Prévisions Saisonnières de l’Afrique du Ouest)

Participants in this Regional Forum include representatives of Meteorological Services from eleven
countries (Benin; Côte d’Ivoire; Burkina Faso; Chad; Ghana; Guinea-Bissau; Guinea-Conakry; Mali;
Niger; Nigeria; Senegal; Togo) and climate scientists and other experts from national, regional, and
international institutes (African Center of Meteorological Applications for Development; Climate
Information and Prediction Service, World Meteorological Organization; Cooperative Institute for
Mesoscale Meteorological Studies, University of Oklahoma; International Research Institute for
climate prediction; Laboratoire Météorologique Dynamique; Météo-France; North Carolina State
University; National Centers for Environmental Prediction, National Oceanic and Atmospheric
Administration; ORSTOM, Brest; United Kingdom Meteorological Office; University of Zululand).
Additional input was supplied by the European Centre for Medium-Range Weather Forecasts.

Southern African Epidemiological Block 

SSADC DMC-Harare
Box BE 150 
Belvedere
Harare
Zimbabwe
Tel: 263 4 774890 
Fax: 263 4 774890  
Telex: 40004 ZW
http://www.weather.utande.co.zw
dmc@weather.utande.co.zw

SADC RRSU
Merchant House
43 Robson Manyika Ave
P.O. Box 4046 
Harare
Zimbabwe
Tel: 263-4-736051/2 or 796847/8 
Fax: 263-4-795345 

http://www.zimbabwe.net/sadc-fanr/rrsu/rrsu.htm
rrsu@fanr-sadc.co.zw 

SARCOF (Southern Africa Climate Outlook Forum)

Scientific contributors include representatives from national meteorological services of thirteen
SADC countries: Angola, Botswana, Democratic Republic of Congo, Lesotho, Malawi, Mauritius,
Mozambique, Namibia, South Africa, Swaziland, Tanzania, Zambia and Zimbabwe. In addition,
there were contributions from climate scientists and other experts from national, regional and
international institutes, namely African Centre of Meteorological Applications for Development,
Drought Monitoring Centre—Harare, Drought Monitoring Centre—Nairobi, International Research
Institute for Climate Prediction, and the University of Zimbabwe. Additional input was supplied by
the United Kingdom Meteorological Office.

ADDS

Satellite data (NDV1 + RFE) available every 10 days over the internet at:
http://edcintl.cr.usgs.gov/adds/adds.html
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APPENDIX 3.  IDENTIFYING NATIONAL INFORMATION SYSTEMS THAT MAY BE LOCALLY
OPERATIONAL 

Agricultural Information Systems.

Often operated by the Ministry of Agriculture, or the national statistics office, these information
systems provide information on a range of topics, including, inter alia: agricultural production
patterns and performance, agricultural trade, agricultural inputs, farming systems, and rural
income levels.

Land, Water and Climatic Information Systems.

These systems provide geo-referenced information on topography, landform, characteristics of
soils, climate, agro-ecological zones, water availability and use, land use and land cover, arable land,
land suitability and productivity, land tenure, irrigation, water rights and infrastructure. Organized
into geographical information systems (GIS) databases, such information is valuable in examining
several of the major determinants of malaria transmission. 

Famine Early Warning Systems (or Drought Monitoring Systems).

Early warning systems that monitor agricultural production indicators during the cropping season
to produce timely domestic food supply and demand projections can vary widely in scope. In some
countries they address only information needs related to basic staple food availability, while in
others they encompass a wider set of variables including access to food. Outputs may include crop
production monitoring reports during the agricultural season, agricultural production forecasts,
estimates of stock levels, market prices, food requirements, imports and exports of staple foods and
information on household income.

Household Food Security and Nutrition Information Systems.

These systems focus on the collection and analysis of data at sub-national levels, usually at the
district, community and household levels. Data may include food production and stock levels, food
prices, sources of livelihood, and indicators of health and nutrition. Household food security and
nutrition information systems require extensive primary and secondary data collection networks,
and often function in close collaboration with other national and sub-national information
systems.

Vulnerability Assessment and Mapping Systems.

These systems produce reports that describe and analyse the risk factors to which vulnerable
population groups are exposed. They generally make extensive use of geographical information
systems to analyse and simplify the presentation of often complex sets of information and
relationships.

Health Information Systems.

Available in most countries to provide Ministry of Health with routine information. However, health
information is not only collected by the health services. For example in many instances, national
nutrition surveys may be conducted routinely either by a nutrition unit located either in the
Ministry of Health or in some countries, in the Ministry of Agriculture or within FEWS. 



61Concepts, indicators and partners

kkAPPENDIX 4.  LIST OF ACRONYMS USED

ACMAD African Centre for Meteorology and Development, Niamey, Niger

ADDAPIX A Zoning and Classification Software Package produced by FAO

ADDS Africa Data Dissemination Service 

ARIMA Autoregressive Integrated Moving Average 

AVHRR Advanced Very High Resolution Radiometer on NOAA Series

CCD Cold Cloud Duration

DfID UK Department for International Development

ECMWF European Centre for Medium-term Weather Forecasting

ELISA Enzyme-linked immunoabsorbant assay

EIS Environmental Information System

ENSO El Niño Southern Oscillation

FAO Food and Agriculture Organization of the United Nations

FAO-GIEWS FAO Global Information and Early Warning System

FEWS Famine Early Warning Systems

FSTAU Food Security Technical and Administrative Unit

GIS Geographical Information System

GMCS Global Malaria Control Strategy

HIMAL MARA Highland Malaria Project

HIS Health Information System

IDRC International Development Research Centre

IGAD Intergovernmental Agency for Drought and Development

IRICP International Research Institute for Climate Prediction

INTREPID NASA Early Warning System for Infectious Disease

LSHTM London School of Hygiene and Tropical Medicine

LST Land Surface Temperature

LSTM Liverpool School of Tropical Medicine

MALSAT Environmental Information Systems for Malaria Research Group

MARA Mapping Malaria Risk in Africa Initiative

METEOSAT European Weather Monitoring Satellite

MIM Multilateral Initiative on Malaria

MKP DfID Malaria Knowledge Programme (LSTM & LSHTM)

NASA National Aeronautic and Space Administration, USA

NDVI Normalized Difference Vegetation Index

NOAA National Oceanographic and Atmospheric Administration, USA

NRI Natural Resources Centre, Kent, UK

PHC Primary Health Care

PRESAO Les Prévisions Saisonnières de l’Afrique du Ouest

OGP NOAA’s Office of Global Programs
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RBM Roll Back Malaria

RFE Rainfall Estimate

RRSU FAO-SADC Regional Remote Sensing Unit, Harare

RS Remote Sensing

RVF Rift Valley Fever

SADC Southern African Development Co-operation

SADC-DMC Southern African Development Co-operation’s Drought Monitoring Centre

SAMC WHO Southern Africa Malaria Control 

SARCOF Southern Africa Climate Outlook Forum

SST Sea Surface Temperature

TALA Trypanosomiasis and Land Use in Africa (Research Group)

TDR UNDP/World Bank/WHO Special Programme for Research and Training in
Tropical Diseases

TIR Thermal Infra Red

TSN Technical Support Network

UKMO UK Meteorological Office

UNDP United Nations Development Programme

WHO World Health Organization of the United Nations

WHO-AFRO WHO African Regional Office

WHO-EMRO WHO Eastern Mediterranean Regional Office

WINDISP Windows Image Display and Analysis Software

WMO World Meteorological Organization of the United Nations
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APPENDIX 5.  GLOSSARY OF EPIDEMIOLOGICAL, METEOROLOGICAL AND ECONOMIC
TERMS

Absolute Humidity the quantity of water vapour expressed as grams per cubic metre of air.

Accuracy the degree to which a measurement, or an estimate based on
measurements, represents the true value of the attribute that is being
measured (see also Precision and Validity which are the two components of
Accuracy).

Age Specific Rate a rate, which applies to a specific age cohort of a population.

Analysis of Variance a statistical technique that isolates and assesses the contribution of
categorical independent variables to variation in the mean of a continuous
dependant variable.

Association the degree of statistical dependence between two or more events or
variables. Events are said to be associated when they occur more frequently
together than one would expect by chance. Association does not necessarily
imply a causal relationship. Statistical significance testing enables us to
determine how unlikely it would be to observe the sample relationship by
chance if in fact no relationship exists in the population that was sampled.

Case-Fatality Rate the proportion of people contracting a disease that die of that disease
during a specified period of time.

Categorical Data qualitative data that can be allocated to specific groups. May be nominal
(i.e. named e.g. soil type) or ordinal (i.e. ordered e.g. high medium or low
risk) or dichotomous (e.g. presence/absence).

Cause, Necessary a variable which must always precede an effect. This effect need not be a
sole result of one variable.

Climate the mean values and frequencies of the weather including its extremes (e.g.
air temperature, relative humidity, solar radiation and wind speed).

Climate Normals long-term climate averages, usually monthly, derived from a standard 30
year period. 

Cold Cloud Du ration (CC D period of time at which the top of a cloud is below a particular temperature
threshold as measured by Meteosat – often used in rainfall estimation
algorithms.

Community a social grouping with common characteristics, interests or identity – in this
document most commonly considered sharing geographical space (come
from same village, town, district etc). 

Conceptual Model a representation of a system or process, usually in diagrammatic form,
which shows important relationships among the different elements (see
also Mathematical Model).

Confidence Limits an interval whose end points can be calculated from observational data and
has a specified probability of containing the parameter of interest.

Confounding a situation in which the effects of two factors are not separated. The
distortion of the apparent effect of an exposure or risk factor brought about
by association with other factors that can influence the outcome.

Confounding Factor a confounding factor or variable is one which is distributed non-randomly
with respect to the independent (exposure) variable and is associated with
the dependent (outcome) variable being studied. The association with the
dependent variable is usually established from results of previous studies.

Continuous Data quantitative data with a potentially infinite number of possible values along
a continuum.
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Correlation Coefficient a measure of association that indicates the degree to which two or more sets
of observations fit a linear relationship. This coefficient, represented by the
letter “r”, can vary between +1 and -1. If “r” is +1, there is a perfect linear
relationship in which one variable varies directly with the other. If “r” = -1,
there is again a perfect linear association but one variable varies inversely
with the other.

Cost-Benefit Ratio the ratio of the net present values (usually monetary values) of measurable
benefits to costs. Used to determine the economic feasibility, or probability
of success, of a time-bound project or program.

Cross-Sectional Study a study carried out on a re p re s e n t a t i ve sample of a population that
examines the relationship between a disease, or other health-re l a t e d
characteristic, and other variables of interest, as they exist in a defined
population at one particular time.

Data records/facts of any kind. Data are plural, datum is singular.

Database a systemized collection of information, commonly on electronic media
about a specific subject such as disease.

Decision Analysis application of probability theory with the aim of calculating the optimal
strategy from a series of alternative decisions, which are often expressed
graphically in the form of a decision tree. Decision analysis is a tool to help
decision-makers choose which of several options is the optimal choice for
treatment or control of a disease.

Delphi survey is a group facilitation technique (widely used in the health and social
sciences), which is an iterative multistage process, designed to transform
opinion into group consensus.

Denominator the lower portion of a fraction used to calculate a rate or ratio (e.g. the
population at risk in the calculation of a rate or ratio (see also Numerator).

Dependent Variable a variable or factor, the value of which depends on or is hypothesized to
depend on the effect of other [causal] va riable(s) in the study
(outcome/response variable).

Determinant any factor, event or characteristic that when modified can bring about
change in a health condition or other defined characteristic. For example
disease determinant = any variable (factor) associated with a disease which
if removed or altered results in a change in the incidence of disease in a
population.

Deterministic Forecast forecast type, which predicts a specific outcome, e.g. 20mm of rainfall,
temperatures of 22oC (but gives no indication of reliability).

Deterministic Model a mathematical model in which all the relationships are fixed and the
concept of probability is not involved, so that a given input produces one
exact prediction as an output. c.f. stochastic model. 

Discriminant Analysis a statistical technique similar to re g ression analysis but where the
dependent variable is dichotomous. Alternatively—a statistical method
used to allocate an individual to one or more distinct groups.

Drought defined as a prolonged period of poor rainfall distribution resulting in
deterioration of natural resources.

El Niño the periodic appearance of warm sea surface water in the central and
eastern Pacific Ocean off the coast of Peru. Associated with increased
probability of drought in some regions of the world and excess rainfall in
others. El Niño represents the warm phase of ENSO the El Niño Southern
Oscillation (see also La Niña).

Endemic Disease the perennial or seasonal presence of a disease, or infectious agent, within a



65Concepts, indicators and partners

given geographic area, or population group. It also implies a prevalence that
is usual in the area or in the population. When applied to malaria—there is
a constant measurable incidence both of cases of the disease and of its
natural transmission in an area over a succession of years. Conventionally, if
the disease ceased to be transmitted over at least three years one may
presume that malaria is no longer endemic in the area, although the vectors
may remain. 

Endemicity, malaria a measure of the level of malaria prevalence in an area. (Bruce-Chwatt,
1991). Often defined as follows:

Holoendemic parasite rate in 2-9 year olds constantly above 75%, low in adults

Hyperendemic parasite rate in 2-9 year olds constantly above50% 

Mesoendemic parasite rate in 2-9 year olds between 11% and 50%

Hypoendemic parasite rate in 2-9 year olds not exceeding 10%

Entomological a measure of the level of malaria transmission occurring in an area –

Inoculation Rate normally calculated by multiplying the human biting rate (average bites per

(EIR) person per night by vector population) by the sporozoite rate (percentage of
female anopheles with sporozoites in their salivary glands).

Epidemic the occurrence in a population or region of cases of disease clearly in excess
of normal expectancy. When applied to malaria—a periodic or occasional
sharp increase of the incidence of malaria among a population in which the
disease was unknown. Conversely it may refer to an unusual seasonal rise or
other unusual increase of clinical malaria cases in an area with low or
moderately endemic malaria (based on an epidemic thresholds derived
from historic data). All age groups are affected to almost the same extent.

Epidemic Curve a histogram in which the X-axis represents the time of occurrence of disease
cases and the Y-axis represents the number of disease cases. It is a useful
tool to determine the epidemiology of disease occurrence in an outbreak
investigation.

Epidemic Threshold case number or incidence rate, which, if reached during a specified time
period, results in an epidemic being declared.

Epidemiology the study of the distribution and determinants of health related states and
events in populations.

Error, Sampling after testing a sample from a large population, the mean or any other
statistic calculated from the sample will have a different value from the true
value if the whole population was measured. The difference between the
value for the whole population and its estimate calculated from the sample
is called the sampling error.

Error, Systematic due to factors other than chance, such as faulty measuring instruments.

Evapo-transpiration rate of actual loss of water from soil through a combination of evaporation
and transpiration by plants over a given area with time.

Factor an event or characteristic that brings about a change in health condition—
a causal role is often implied.

False Negative when the result of an individual test is negative but the disease or condition
is present.

False Positive when the result of an individual test is positive but the disease or condition
is not present.

Famine prolonged and extensive food insecurity to such a level as to exhaust normal
food production/coping mechanisms.
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Frequency a count, or number of occurrences, of an event in a specified population
during a specific period of time.

Gametocyte carrier a person with gametocytes in the blood, who is, therefore, capable of
transmitting malaria infection to a suitable vector.

Gametocyte rate the proportion of subjects, within a defined age range, with detectable
gametocytes during a fixed period of time

Geo-reference record of data’s location in a known mapping co-ordinate system (such as
degrees Latitude and Longitude) or projection.

Geographical Information a computer-based database designed to store, manage, analyse and
System (GIS) visualize geo-referenced data in locational relation to each other.

Grid uniform matrix of discreet values – used in some GIS (grid-based) to
represent continuous data surfaces such as mean temperature or rainfall
estimates, or other attributes associated with mapped entities. Some GIS
use the term “raster” in place of grid (see also Vector-GIS).

Hypothesis a proposition that can be tested by facts, that is known, or can be obtained.
The assertion that an association between two, or more variables or a
difference between two or more groups, exists in the larger population of
interest.

Immunity the resistance of an individual to infection, or disease, due to a particular
agent. Immunity may be innate (natural), passive (e.g. maternal or through
a d m i n i s t ration of immune serum), or active (acquired from pre v i o u s
exposure or vaccination).

Incidence the number of new cases of disease or other condition, which occur in a
specified population during a given period. 

Independent Variable the characteristic being observed or measured that is hypothesized to
influence an event. An independent variable is not influenced by the event
or manifestation but may cause it or contribute to its variation.

Infectivity the ability of an agent to enter, survive and multiply in a susceptible host.
Ep i d e m i o l o g i c a l l y, it is measured as the pro p o rtion of the individuals
exposed to an agent who become infected 

Inference the process of passing from observation to generalization.

Interpolation process of determining intermediary values among a network, series or
range of known values.

La Niña the cold phase of the El Niño Southern Oscillation. Like its “brother” El Niño
it is associated with periodic variability in regional climatic processes (See
also El Niño). 

Lapse Rate the rate of change of temperature in the atmosphere with height. It has a
mean value of 6.5o per 1000m. 

Linear Regression statistical method used to study the relationship between independent and
dependent variables when the dependent variable consists of continuous
data.

Mathematical Model a representation of a system or process in mathematical form in which
equations are used to simulate the behaviour of the system or process under
study (see also Conceptual Model).

Maximum Temperature the highest (maximum) temperature recorded during a fixed time period
(e.g. 24-hour period for daily maximum temperature).

Mean-Arithmetic a measure of central tendency computed by adding all the individual values
together and dividing by the number in the group.

Mean-Geometric a measure of central tendency calculable only for positive values and
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computed by taking the logarithms of the va l u e s, calculating their
arithmetic mean and then converting back to the original units by taking the
antilogarithms.

Median the median is the middle value of a set of observations arranged in order of
magnitude.

Microclimate the mean values and frequencies of the weather including its extremes (e.g.
air temperature, relative humidity, solar radiation and wind speed) in a
small geographic area

Minimum Temperature the lowest (minimum) temperature recorded during a fixed time period (e.g.
24 hour period for daily minimum temperature).

Mode the mode is the most frequently occurring value in a set of observations. A
given set of observations can have more than one mode (see also Bimodal
Distribution).

Model a representation or simulation of an actual situation or process.

Monitoring observation aimed at measuring change e.g. in the distribution of weather
variables or the prevalence or incidence of disease. Often used to chart the
progress of a disease control program, or in assessing its effectiveness (see
also Surveillance).

Multigravidae women in their second or subsequent pregnancy.

Multiple Regression an analytical method to determine the relationship between a dependent
variable and two or more independent variables.

Multivariate Analysis a set of techniques used when the variation in several variables has to be
studied simultaneously. In statistics, any analytic method that allows the
simultaneous study of two or more dependent variables.

Normalized Difference a commonly used proxy for vegetation condition. NDVI is derived from a
Vegetation Index (NDVI) manipulation of data from two satellite wave bands presented as a ratio

[NDVI = (near infrared—red)/(near infrared + red)]. NDVI is often used in
routine monitoring of seasonal vegetation development in response to
regional rainfall distribution.

Nominal Data a type of data in which there are limited categories but no order, such as sex
and eye colour.

Normal within the usual range of variation in a given population or population
group; or frequently occurring in a given population or group.

Normal Distribution a continuous symmetrical frequency distribution where both tails extend to
infinity, the arithmetic mean, mode and median are identical. Graphically it
is a bell-shaped curve with its amplitude and shape completely determined
by the mean and variance.

Null Hypothesis the hypothesis that two variables have no association; or that two or more
population distributions do not differ from each other.

Numerator the upper portion of a fraction used to calculate a rate or ratio.

Numerical Weather The primary method of weather forecasting undertaken by solving a set of
Predictions (NWP) equations based on initial observed values.

Occurrence indicating the presence of disease without signifying the frequency. This
definition describes the use of the word in international disease reports.

Odds the ratio of the probability of occurrence of an event to that of non-
occurrence; or the ratio of probability that something is so to the probability
that it is not.

Odds Ratio the ratio of two odds. In a case-control study, the ratio of the odds of
exposure among the cases to the odds of exposure among the non-cases. In
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a cohort or cross-sectional study, the ratio of the odds of disease in the
exposed to the odds of disease in the unexposed. Mathematically, the odds
ratio is calculated identically for all types of study design.

Ordinal Data a type of data in which there are limited categories with an inherent ranking
from lowest to highest (such as severity of disease).

Oocyst rate the proportion of vector mosquitoes collected over a fixed period of time
with oocysts in their abdomen.

Outbreak occurrence of disease in a population, at a level greater than normally
expected where the epidemic is limited in terms of population and
geographic area affected. 

Outliers observations differing so widely from the rest of the data as to lead one to
suspect that a gross error in recording may have been committed, or
suggesting that these values came from a different population.

Parameter a summary descriptive characteristic of a population (cf statistic—which is
a sample-based measure of a variable).

Parasite Ratio the proportion of subjects, within a defined age range, with detectable
parasitaemia (parasite rate often used erroneously – rate suggests measure
per unit time).

Population Predictions ) A defined group whose individual members have the potential to interact
(NWP with one another and can be distinguished from other groups.

Population Immunity the resistance of a group of subjects to invasion and spread of an infectious
agent based on the resistance to infection of a high proportion (but not all)
members of the group. Also called “herd” or population immunity.

Potential evapo- may be used as a proxy measure for soil moisture budget. It describes the

transpiration (PET) amount of evapo-transpiration that could occur if a limitless supply of water
were available in the soil. It is based on weather conditions such as wind and
temperature and biological factors such as vegetation cover.

Power probability of finding a difference between two or more groups given that a
difference exists. Power = 1-Beta = 1-Probability of a type II error.

Precision the quality of being distinctly defined or stated. Refers to the ability of a test
or measuring device to give consistent results when applied repeatedly.
Sometimes called “repeatability” (see also Validity). A good test is both
precise and valid which are the two components of accuracy.

Predictive Value in screening or diagnostic tests, the predictive value of a positive test is the
proportion of test positive subjects who actually have the disease. The
predictive value of a negative test is the probability that a subject with a
negative test does not have the disease. The predictive value of a test is
d e t e rmined by the sensitivity and specificity of the test, and by the
prevalence of the condition at the time the test is used.

Prevalence the pro p o rtion of cases of a disease or other condition present in a
population without any distinction between old and new cases. When used
without qualification the term usually refers to the number of cases as a
proportion of the population at risk at a specified point in time (point
prevalence). 

Prevalence Study see cross-sectional study.

Primagravidae women in their first pregnancy.

Probabilistic Forecast m e a s u re of the degree of likelihood that a given event will occur. A
probabilistic forecast type includes an objective measure of certainty. This
type of prediction may be more reliable than a deterministic forecast that
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gives no indication of certainty.

Proportion a fraction where the numerator is a subset of the denominator.

Qualitative Data that which possess specific qualities such as ethnic group or gender (see
Nominal Data).

Rainfall The quantity of rainfall measured by a rain gauge during a fixed period of
time (e.g. 24-hour period for daily rainfall). The term “precipitation” may be
used which is inclusive of water as snow, sleet, hail, etc.

Rainfall estimates (RFE) estimates of rainfall derived from satellite data combined with ground
station data and model outputs.

Random governed by chance.

Random Sample a sample of a population assembled so that each member of the population
has an equal and non-zero opportunity to be selected.

Random Statistic a sampling procedure for selecting individuals from a population so that
each has an equal chance of being selected in the sample.

Rate an expression of the change in one quantity per unit time. It is a ratio whose
essential characteristic is that time is an element of the denominator and in
which there is a distinct relationship between numerator and denominator
(See also Ratio and Proportion).

Ratio the expression of the relationship between a numerator and denominator
where the two are separate and distinct quantities, i.e. the numerator not
included in the denominator.

Receptivity, malaria The concept of receptivity together with vulnerability, used to measure the
malariogenic potential of a given area, was derived for use in the eradication
era of malaria control (WHO, Expert Committee on Malaria: WHO TRS,
No324, 1966). Receptive areas were classified in three categories: based on
the ve c t o rial capacity during the season most favo u rable for malari a
transmission: (a) where transmission is possible—low receptivity; (b) where
transmission easily resumed—medium receptivity; (c) where transmission
likely to lead to explosive epidemics—high receptivity. In this context
vulnerability depends on the introduction of infected anophelines in an
area, or more importantly on the influx of infected individuals and/or
groups in a receptive area. Degrees of vulnerability were classified as (a) low:
f e w / e xceptional cases imported, (b) medium: regular (seasonal)
movements in receptive areas, (c) high: existence of regular and large
movements of population from malarious areas to receptive areas (see
Vulnerability).

Regression Analysis a statistical technique used to examine the relationship between two
continuous variables (see also Linear Regression).

Relative Humidity Relative humidity (%) is the amount of water vapour in a sample of air,
divided by the amount that the sample could hold if it were saturated,
multiplied by 100.

Relative Risk the ratio of the disease incidence in individuals exposed to a hypothesized
factor to the incidence in individuals not exposed; a measure of association
commonly used in cohort studies (see also Odds Ratio).

Reliability (for probabilistic forecast system). “If the system forecast is 30% above, 10%
normal and 60% below normal rainfall then in 100 years, 30 years should be
above normal, 10 years should be normal and 60 years should be below
normal in order to be thought of as being perfectly reliable”.

Remote Sensing observation of the earth’s surface and its physical, biological, hydrological
and atmospheric processes from a distance. Usually means data collected
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from airborne sensors on aircraft or satellites.

Retrospective Study a study that collects and utilizes historical data. A case-control study is
retrospective because it looks back from the point of known effects to
determine causative factors.

Risk the probability that an event will occur within a fixed time period (e.g. that
an individual will be come infected, become seriously ill or die within a set
period, or by certain age).

Risk Factor an attribute, or exposure, that increases the probability of occurrence of the
specific risk outcome.

Risk Indicator a risk factor that can be monitored routinely for use in an early warning
system

Sampling the attempt at selecting a number of representative subjects from all the
subjects in a particular group. Conclusions based on sample results may be
attributed only to the population sampled. See also random sample and
selection bias.

Satellite Proxies satellite-derived estimates of environmental variables.

Saturation Deficit the pressure exerted by water vapour that could exist in saturated air
(saturation vapour pressure) minus the actual vapour pressure (the actual
pressure exerted by the water vapour present).

Saturation Vapour The partial pressure exerted by water molecules in a parcel of air if saturated
Pressure (may be at a given temperature.
calculated from wet 
and dry bulb temperatures)

Sea Surface Temperature temperature of water at the ocean surface—often derived as a proxy from
thermal satellite channels.

Secular Trend a long-term trend in the occurrence of disease or other condition.

Sensitivity (synonym: The proportion of subjects with the disease (or infection) of interest who

True Positive Rate) tests positive. It is a measure of the probability that a diseased individual will
be correctly identified by the test. Sometimes called “population sensitivity”
to distinguish from “analytical sensitivity”.

Sentinel Site a location or facility that can be used to monitor and assess the level of
stability or changes in disease cases on a routine basis – usually selected as
best representation of a larger population than that actually sampled.

Skill forecast skill refers to the relative accuracy of a set of forecasts, with respect
to some set of standard control or reference forecasts.

Significance, level of also known as alpha (a) or type I error rate. The probability of saying a
difference exists when none does.

Spatial Distribution the relationship of disease events to location of individual subjects or
clusters of subjects.

Spatial Statistics tests of association which take account of location, distance and proximity
of observations in relation to each other and additional variables of interest.

Specificity (synonym: the proportion of subjects without the disease (or infection) of interest who

True Negative Rate) test negative. It is a measure of the probability that an individual without the
disease of interest will be correctly identified by the test. Sometimes called
“population specificity” to distinguish from “analytical specificity”.

Specific Humidity the quantity of water vapour expressed as grams per kilogram of air.

Specific Rate e x p resses the frequency of a chara c t e ristic per unit size of a specific
population.
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Sporadic a disease occurring irregularly and generally infrequently and without any
apparent underlying pattern.

Sporogonic cycle development period of Plasmodium spp. inside the mosquito vector 

Sporozoite rate the proportion of vector mosquitoes collected over a fixed period of time
with sporozoites in the salivary glands

Stable Malaria high level of transmission with no pronounced fluctuations in intensity
between years. Stable and unstable malaria should be seen as two extremes
of a range of endemicity (Macdonald 1951). Unstable malaria is a situation
where transmission varies from year to year. Metselaar and van Thiel (1959)
suggest that hypoendemic and mesoendemic “can be regarded as unstable,
but in hyperendemic malaria variations may occur, although without severe
epidemics. Holoendemic malaria is certainly stable.”

Standard Deviation a measure of dispersion or variation. Equal to the positive square root of the
variance. The mean indicates where the values for a group are centred. The
standard deviation is a measure of how widely values are dispersed around
the mean in the population.

Standard Error measure of variability of a sample statistic attempting to specifically relate
an observed mean to the true mean of the population. Summary value
calculated from a sample of observations usually to estimate a population
parameter.

Statistical Significance statistical methods allow an estimate to be made of the probability of the
o b s e rved degree of association between independent and dependent
variables being exceeded under a null hypothesis. From this estimate the
statistical “significance” of a result can be stated. Usually the level of
statistical significance is stated by the “P” value or probability value.

Statistics the science and art of dealing with variation in data through collection,
classification, and appropriate analysis.

Stochastic Model a mathematical model founded on the properties of probability so that a
given input produces a range of possible outcomes due to chance alone c.f.
deterministic model.

Stratified Sample involves dividing the population into distinct subgroups according to some
i m p o rtant chara c t e ristic, e.g. village/compound size, and selecting a
random sample out of each subgroup.

Surveillance observation of a susceptible (uninfected) population aimed at the early
detection of cases of a particular disease so that control action can be
quickly instituted (see also Monitoring). Surveillance is often subdivided
into two categories, passive and active:
passive surveillance is the secondary use of routinely collected data, which
was generated for some other purpose such a diagnostic service.
active surveillance is the routine collection of data whose primary purpose
is for surveillance.

Survey an investigation in which information is systematically collected.

Systematic Sample the procedure of selecting according to some simple systematic rule, such as
every 5th patient entering a health facility. A systematic sample may lead to
errors that invalidate generalizations.

Temporal Distribution the relationship of disease events to time.

Transmission of infection the carriage of an infectious agent from an infective to a susceptible
individual within an infected population or subdivision of a population.

Trend a long-time movement in an ordered series (e.g. a time series). An essential
feature is that the movement, whilst possibly irregular in the short term,
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shows movement consistently in the same direction over a long term.

Type I Error an error, which occurs when using data from a sample, that demonstrates a
statistically significant association when no such association is present in
the population. Equals the level of significance or alpha. Type II Error—an
error that occurs from failure to demonstrate a statistically significant
association when one exists in a population. 

Unstable malaria see Stable Malaria.

Validity the extent to which a study or test measures what it sets out to measure (see
also Precision). A good test is both precise and valid which are the two
components of accuracy.

Vapour Pressure the pressure exerted in a fixed parcel of air by the molecules of water vapour
contained within it.

Variable see Dependent Variable, Independent Variable.

Variance the variance of a set of observations is the sum of squares of the deviation of
each observation from the arithmetic mean of the observations, divided by
one less than the number of observations.

Vector a living organism (frequently an arthropod) that transports an infectious
agent from an infected subject or its wastes to a susceptible individual, its
food or immediate surro u n d i n g s. Vectors may be: 
mechanical through external contamination or passage of the agent
t h rough the gastrointestinal tract or biological where pro p a g a t i o n
(multiplication), cyclic development or a combination of the two is required
before the vector can transmit the infective form of the agent.

Vector-GIS vector is commonly used in GIS to describe features such as points, lines
and polygons. Given the confusion which can arise in their use in vector-
borne disease studies, the term “arcs” and “arc-based” may be preferable –
as used by the industry standard GIS of this type Arc-Info®.

Vectorial Capacity the daily rate at which future inoculations could arise from a currently
infected case. Sometimes considered as a measure of the “receptivity” of an
e n v i ronment, or area, to malaria transmission. It is expressed in the
following way and calculated from the variables 

V = ma2Pn / -ln P 

(where ma = represents the number of bites received per person over a fixed
period of time and P = daily survivorship, n = length of the sporogonic cycle).

Virulence the degree of severity of disease produced by an agent in a given host.
Epidemiologically, it is measured as the proportion of individuals with
disease who become seriously ill or die. The case-fatality rate is a measure of
virulence (see also Infectivity and Virulence).

Vulnerability refers to the full range of factors that place an individual at risk of becoming
infected, ill or dying from malaria. The degree of vulnerability for an
individual, household or group of persons is determined by their exposure
to the risk factors and their susceptibility to illness or death if infected with
malaria (see Receptivity). 

Weather the short-term variations of the atmosphere in terms of pressure, wind
t e m p e ra t u re, moisture, cloudiness, precipitation and visibility. It is a
phenomenon that varies very much from day to day, even hour to hour.
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