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Abstract
Background: Syndromic surveillance is a supplementary approach to routine surveillance, using pre-diagnostic and
non-clinical surrogate data to identify possible infectious disease outbreaks. To date, syndromic surveillance has
primarily been used in high-income countries for diseases such as influenza – however, the approach may also be
relevant to resource-poor settings. This study investigated the potential for monitoring school absenteeism and
febrile illness, as part of a school-based surveillance system to identify localised malaria epidemics in Ethiopia.
Methods: Repeated cross-sectional school- and community-based surveys were conducted in six epidemic-prone
districts in southern Ethiopia during the 2012 minor malaria transmission season to characterise prospective
surrogate and syndromic indicators of malaria burden. Changes in these indicators over the transmission season
were compared to standard indicators of malaria (clinical and confirmed cases) at proximal health facilities.
Subsequently, two pilot surveillance systems were implemented, each at ten sites throughout the peak transmission
season. Indicators piloted were school attendance recorded by teachers, or child-reported recent absenteeism from
school and reported febrile illness.
Results: Lack of seasonal increase in malaria burden limited the ability to evaluate sensitivity of the piloted
syndromic surveillance systems compared to existing surveillance at health facilities. Weekly absenteeism was easily
calculated by school staff using existing attendance registers, while syndromic indicators were more challenging to
collect weekly from schoolchildren. In this setting, enrolment of school-aged children was found to be low, at 54 %.
Non-enrolment was associated with low household wealth, lack of parental education, household size, and distance
from school.
Conclusions: School absenteeism is a plausible simple indicator of unusual health events within a community, such
as malaria epidemics, but the sensitivity of an absenteeism-based surveillance system to detect epidemics could not
be rigorously evaluated in this study. Further piloting during a demonstrated increase in malaria transmission within
a community is recommended.
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Background
Infectious diseases inherently exhibit marked spatial and
temporal trends [1–4], which can manifest as epidemics.
Epidemics are broadly defined as unusual increases in
the burden of illness, that are clearly in excess of normal
expectancy [5]. Definitions of “normal” burden vary, but
upper and lower limits of normality are often defined as
being two standard deviations around the mean number
of cases for a facility in a defined time period, after excluding previous epidemic periods [6]. Comprehensive
surveillance systems are crucial to enable the timely
identification of unusual increases in disease incidence,
to minimise onward spread through early detection
and treatment of affected individuals and to effectively
target control measures. Detection of individuals with
an epidemic-prone infectious disease is typically based
on clinical or biological diagnosis. Another approach
to detecting individuals with disease is the use of
pre-diagnostic or surrogate indicators, described as
syndromic surveillance.
School absenteeism is one such surrogate indicator.
School absenteeism is appealing as an indicator for
syndromic surveillance since it utilises an existing and
well-established source of data in the form of daily
school attendance registers, and has a fine temporal
resolution. The primary application of school absenteeism for syndromic surveillance has been for detection of
influenza epidemics in high-income countries [7–10],
where school enrolment and attendance is generally high
and thus schoolchildren are expected to be representative of the wider population. Prior studies using school
absenteeism as an indicator of infectious disease outbreaks in resource-poor settings are few. In China, a
web-based surveillance system incorporated primary
school absenteeism, health facility syndromic data and
pharmacy medication sales [11, 12]. In Cambodia, an
approach using school absenteeism data submitted by
short message service (SMS) to a central server was
found to be feasible and acceptable [13].
School absenteeism is a recognised consequence of
malaria epidemics that occur in the highlands of East
Africa [14], where malaria transmission varies in time
and space. Ethiopia has seen some of the largest malaria
epidemics in the region with very high case fatality rates
[15]. While no severe epidemics have been observed in
Ethiopia since 2004, and more recent district-level outbreaks have been successfully contained, both small and
large scale epidemics continue to be a significant health
threat [16]. As per WHO guidance [17], routine detection of epidemics in Ethiopia is based on health facilities
plotting weekly total confirmed malaria cases against a
threshold calculated using five years’ historical data [18],
but this method fails to account for temporal variations
in peak transmission [19]. Furthermore, delays in data
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reporting and incomplete or inaccurate data limit application of the health facility-based epidemic detection
system [20–22]. While these limitations persist, alternative tools or strategies that can bridge these gaps and
facilitate early identification of epidemics are needed.
The need for community-based approaches to malaria
surveillance and response, tailored to the local setting,
have also been highlighted as a priority in achieving malaria elimination [23]. The dramatic increase in primary
school enrolment in Ethiopia and other African countries
[24], suggests that school-level malariometric indicators
such as prevalence by rapid diagnostic test (RDT) are
increasingly representative of the wider population [25].
Febrile illness may be an additional useful indicator for
identification of malaria epidemics. While a large proportion of infections in low transmission settings such as
Ethiopia are of low parasite density and asymptomatic
[26–28], it is hypothesised that during an epidemic symptomatic illness would increase, due to the substantial increase in the total number of Plasmodium infections.
The current study was designed to explore the usefulness of a syndromic surveillance approach to identify
unusual increases in malaria at community-level in a
low-income country, Ethiopia. The specific objectives
were to: (i) assess the feasibility of different approaches
to routinely collect and analyse indicators from rural
primary schools in areas at risk of malaria epidemics;
(ii) assess the correlation between changes in these
surrogate and syndromic indicators with parasitological
indicators of malaria burden within the wider population
through cross-sectional surveys and passive health facility case detection; and (iii) specifically investigate the
reasons for school absenteeism in this environment and,
therefore, the potential of absenteeism as a surrogate
surveillance indicator.
Overview of syndromic surveillance approaches

Syndromic surveillance refers to the use of prediagnostic health indicators to allow timely detection
and investigation of potential infectious disease outbreaks [29] as a supplementary approach to routine public health surveillance, by enabling early identification of
clusters of illness before confirmatory data are available.
In addition to use of clinical (syndrome) data, syndromic
surveillance can be expanded to include surrogate nonclinical data indicating early illness, through mining of
available data to track changes in infectious diseases in
the population. Surrogate data sources include prescription and over-the-counter drug sales, internet search
terms and social media [30–36] and school absenteeism
[7–10, 37]. The latter is an alternative indicator of population health that has been applied to monitor influenza
outbreaks in high-income countries, but yet to be fully explored as an approach for infectious disease surveillance
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in resource poor settings. Syndromic surveillance systems
piloted in resource poor settings have to date used clinical
signs among patients attending health facilities as their indicators [38–42], but two examples of school absenteeism
being used as early warning of outbreaks of respiratory
and gastrointestinal diseases are available from Cambodia
and rural China [11, 13, 43]. The key surveillance studies
using school absenteeism for outbreak detection, as well
as classic applications of syndromic surveillance utilising
data on clinical morbidities are presented in Table 1, to
demonstrate the various settings, indicators, temporal
resolution and complexity of these syndromic surveillance
systems.

Methods
Study design

The study was conducted in Southern Nations, Nationalities and People’s Regional State (SNNPRS), Ethiopia,
and divided into two phases. Phase 1 comprised crosssectional school- and household-based surveys at six
sites during the minor malaria transmission season
(March–May 2012), collection of routinely recorded
school attendance data, and weekly summary of clinical
and confirmed malaria cases at health facilities serving
the study sites. Phase 1 activities aimed to define appropriate indicators for further piloting as part of a syndromic
surveillance approach. Two school-based syndromic surveillance approaches were implemented as Phase 2 of the
study during the peak transmission season (October 2012
to January 2013), each system being piloted at 10 sites in
SNNPRS (Fig. 1).
Cross-sectional surveys at school- and community-level
(Phase 1)

Six woredas (districts) were chosen purposively from
those designated as “hotspot” woredas by the SNPPRS
Regional Health Bureau, indicating epidemic risk and
higher malaria burden relative to other woredas (Fig. 2).
All sites were located at 1850–2000 metres altitude,
along the Rift Valley. Sites included flatlands with
savannah-type vegetation, where the main crops are teff
and pepper, and highland slopes with abundant vegetation where the main cash crop is coffee. Coverage of
health facilities in the areas was in line with the national
policy for a “primary health care unit” of one health
centre and five satellite health posts for each 25,000
people. In practice, each kebele (municipality) tends to
have at least one health post and each woreda at least
one health centre [44].
From each woreda, one kebele was purposively chosen
as the study site, with inclusion criteria being: government
primary school with at least 100 children attending; a
health post; <200 metres altitude range; and, accessibility
during the rainy season. “School-aged” in the current
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study was defined as age seven to 16 years, since national
policy is for children to enrol in school at seven years of
age [45].
Eight repeat school and community surveys were conducted at approximately ten-day intervals from March
to May 2012. Due to lack of prior data describing likely
range of syndromic indicators of interest, no sample size
calculation was completed, but sample size was maximised within logistical capacity.
The community survey protocol followed Malaria Indicator Survey procedures, mapping and randomly
selecting 25 households per survey site [46], but with
the primary sampling unit defined as primary school
catchment area. Random selection of participating
households was repeated for each of the eight survey iterations. A questionnaire was completed for each household and all individuals at the household were invited to
provide a single finger prick blood sample for multispecies RDT (CareStart HRP2/panLDH, AccessBio,
USA) and blood film. School surveys followed a standard
methodology previously used in Ethiopia and Kenya [47,
48], with random selection of children was repeated at
each survey iteration. Each child completed a questionnaire and was requested to provide a single finger-prick
blood sample for multi-species RDT and blood film.
Attendance register data were extracted to calculate
weekly absenteeism by class, defined as total child-days
absence recorded, divided by the product of total children
enrolled and number of days that attendance was recorded by the teacher. In addition, weekly malaria case
data were collected from health centres and health posts
serving the six study sites. Indicators included clinical and
confirmed malaria cases and number tested by microscopy (at health centres) or RDT (at health posts).
Assigning sites to the two pilot systems (Phase 2)

Design of two surveillance systems was informed by Phase
1 findings, including feasibility of collecting various indicators at school-level, and the correlation between the
indicator and number of malaria cases reported at health
facilities. Indicators selected for piloting during Phase 2
were: weekly school absenteeism measured by attendance
register, and the proportion of school-attending children
reporting recent fever, recent absence from school or
absence from school due to illness.
The two surveillance systems were piloted during the
second school semester, from early October 2012 to the
first week of January 2013 when the semester ended. All
sites included in Phase 1 were retained for Phase 2. A
further 14 sites (from 14 woredas) were purposively
chosen using the same inclusion criteria as for Phase 1
sites. Woredas were assigned to participate in either the
cluster A or B pilot without randomisation, according to
location of woreda within higher administrative unit

Setting

Target disease(s)

Indicators

Reporting frequency

Complexity of system

Surveillance system findings

Ref

Canada

H1N1 influenza

Elementary and high school
absenteeism due to influenzalike illness exceeding the
defined threshold of 10 % of
total enrolment

Daily analysis of absenteeism,
reporting if exceed threshold

Low – schools report data
when indicator exceeds the
threshold

Absenteeism was well
correlated with hospitalisation
rates for school age children
and PCR positive tests for
influenza. Peak absenteeism
preceded peaks in
hospitalisations by one week

[7]

United Kingdom

H1N1 influenza

School absenteeism in primary Weekly mean percentage
and secondary schools,
absenteeism
comparing against telephone
health hotline, general
practitioner sentinel network
& confirmed influenza data

Low – collation of school %
absenteeism data

Weekly school absenteeism
peaked concomitantly with
existing influenza alert
systems, and would not have
identified pandemic influenza
earlier than other systems.
Daily attendance data may
have improved timeliness

[8]

Japan

Influenza

School influenza-related
absenteeism, where child
absent with confirmed
diagnosis from physician

Low – daily attendance routinely
recorded and absent children
require doctor’s note

School influenza-related illness
[9]
can be used to predict outbreaks
and determine when a school
should close to limit ongoing
spread. Thresholds for influenzarelated absenteeism proposed.

China (rural)

Respiratory infections,
gastroenteritis

Symptoms reported at health
Daily input to web-based
clinics, over-the-counter drug
system
sales at pharmacies and primary
school absenteeism

High – collation and analysis of data
at central level

Labour-intensive data entry to [11, 43]
electronic system. Presentation
of six months’ pilot data, no
validation of data from
surveillance system against
other sources

Madagascar

Malaria, influenza, dengue,
diarrhoeal disease

Malaria case confirmed by
RDT, fever & respiratory
symptoms, fever & 2 possible
dengue symptoms, diarrhoea.

French Guiana

Dengue

Weekly generation of
Dengue index: percentage of
patients attending the
indicators
emergency department who
had thrombocytopenia but
were negative for Plasmodium
infection

Daily school influenza-related
absenteeism rate

Daily report by encrypted SMS. Moderate – SMS reports entered to
Weekly summary paper report. database. Temporal & spatial analysis
by syndrome

Low – plotting of simple indicators
on weekly basis, minimal analysis

Ten cases of fever clusters
occurred which weren’t
detected by the traditional
surveillance system. Five
outbreaks identified – two
dengue, two influenza and
one malaria.
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Table 1 Selected syndromic surveillance systems reported in the literature: the setting, target diseases, indicators, system complexity and outcomes of their application.
Reported studies are those which use school absenteeism as a key indicator, or systems applied in resource-limited settings for epidemic prone diseases including malaria

[42]
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Dengue index was specific –
[38]
increasing during what was
confirmed to be a dengue
epidemic, but showing no
strong increase during two
respiratory infection epidemics.
Total emergency department
attendance with
thrombocytopenia but malaria
negative was also a specific
indicator.

Pacific island
countries and
territories

Measles, dengue, rubella,
meningitis, leptospirosis,
gastroenteritis, influenza,
typhoid, malaria

Hospitals report total cases for Weekly reporting of data to
four syndromes: acute fever
national level
& rash, diarrhoea, influenza-like
illness, prolonged fever

Moderate – data reported from
national to WHO regional level for
analysis

The system successfully
identified an outbreak of
diarrhoeal disease linked to
breakdown of water
disinfection, and two
outbreaks of influenza. The
system alert was timely and
allowed fast implementation
of control measures

India

Cholera, dysentery, malaria,
measles, meningitis, typhoid
fever, and 8 others

Suspected cases (clinical
diagnosis) of target diseases
from public and private health
facilities, except malaria, where
slide-confirmation required for
reporting

As clinical cases identified
(daily), using pre-formatted
post cards with postage
pre-paid

Low – doctors report cases on
simple form to central level. Minimal
analysis.

Several outbreaks were
[41]
detected early and
interventions applied, the
most notable was cholera.
Leptospirosis and acute
dysentery also commonly
reported. Monthly summary of
reported diseases distributed
to participating facilities for
feedback and updates on the
surveillance system.

Cambodia

Respiratory and diarrhoeal
diseases

School absenteeism
(aggregated daily by schools),
compared against overall
health facility attendance

Daily SMS report of school
absenteeism due to illness,
collated at weekly level for
analysis

Low - daily data reported by schools Illness-specific absenteeism
to central level, compared against all identified two peaks in
cause health centre attendance
incidence of illness.
Absenteeism data preceded
peaks in health centre
attendance by 0.5 weeks on
average. Cross correlation
analysis indicated moderate
correlations between illness
specific absenteeism and
reference data.

Papua New
Guinea

Influenza, cholera, typhoid,
malaria, poliomyelitis,
meningitis, measles, dengue

Syndromes relating to target
diseases identified in patients
presenting to health facilities.

Weekly report by mobile
phone, transcription to
database

Low – health facilities submit data
for analysis at provincial/national
level, and automatic generation of
feedback reports

[39]
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Table 1 Selected syndromic surveillance systems reported in the literature: the setting, target diseases, indicators, system complexity and outcomes of their application.
Reported studies are those which use school absenteeism as a key indicator, or systems applied in resource-limited settings for epidemic prone diseases including malaria
(Continued)

[13]

System was more sensitive
[54]
than the reference system for
measles, but low sensitivity for
malaria, due to poor case
definition. Data were more
timely than the reference
system (mean 2.4 weeks
compared to 12 weeks lag)
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Fig. 1 Study design diagram indicating activities conducted during Phase 1 (school- and community-based surveys) and Phase 2 (piloting of two
school-based syndromic surveillance systems). Heath facility and school attendance data were collected throughout Phases 1 and 2

(zones) (Fig. 2). This approach was used to reduce potential confusion between the two pilot methodologies
by any zone health office staff supporting implementation. A one-day training event was held for three individuals from each site (the school director, a teacher
and a representative from the woreda health office) on
the relevant pilot methodology.
Piloted surveillance system methodology (Phase 2)

Cluster A sites used symptom questionnaires to
investigate schoolchildren’s reported recent fever, absenteeism due to illness and absenteeism for any reason. The symptom questionnaire was completed by a
teacher every Monday, immediately after the attendance register. Each child was called in turn to the
teacher’s desk to respond to the questionnaire. The
symptom questionnaire was restricted to grades two to
four inclusive, since higher grades were unavailable due to
exam preparations. Interviews were rotated weekly between grades to minimise disruption to normal teaching.
The questionnaire included 10 symptoms (e.g. headache,
cough, stomach ache), which were primarily included to
mask fever as the symptom of interest; however, the
additional symptoms could be of interest if the system was
adopted with a remit including other epidemic-prone
infectious diseases.
Cluster B sites were simply requested to use data recorded in their usual attendance registers to complete a
weekly summary across all grades of the proportion
absent, with total children enrolled multiplied by number

of days attendance recorded as the denominator. At the
end of the pilot period, copies of attendance registers were
collected for validation purposes from a convenience
sample of schools. Weekly health facility malaria data were
also collected from 20 health centres and 20 health posts
serving the Phase 2 study populations.
Data entry and analysis

Questionnaire data from Phase 1 surveys were entered
into a customised Microsoft Access 2007 database with
consistency and range checks. Microscopy results, health
facility data and absenteeism extracted from attendance
registers were entered into Microsoft Excel. Data were
merged in Stata 12.0 (Stata Cooperation, College Station,
Texas USA). Household coordinates for Phase 1 sites
were imported into ArcMap 10.0 (Environmental Systems
Research Institute Inc., Redlands, California USA) for
display and calculation of Euclidean distance between
household and school (at approximately 100 m resolution).
Phase 2 data were entered into Excel spreadsheets and
exported to Stata 12.0 for merging and analysis.
Analysis of Phase 1 data

The primary aim of Phase 1 analysis was to identify
indicators which could be further piloted in Phase 2
school-based surveillance system, with secondary aims to
determine the representativeness of the school-enrolled
population compared to the wider community, and assess
reported reasons for short-term absence from school.
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Fig. 2 Locator maps of Ethiopia (a) and SNNPRS (b), with a map of study kebele location (c) Six sites which were included in the Phase 1 school
and community surveys as well as Phase 2 pilot are indicated by red markers, while the remaining 14 sites participating in Phase 2 pilots only are
indicated by orange markers. Assignment to cluster A (symptom questionnaire) during Phase 2 is indicated by circular markers, assignment to
cluster B (absenteeism estimated from attendance registers) is indicated by square markers

A wealth index was created using principal component analysis [49], at household level for community
survey data and individual level for school survey data.
Indicators associated with school enrolment reported
during community surveys were assessed using binomial
extension to generalised linear modelling at household
level, with standard error estimates adjusted for clustering
by study site. Mixed effects logistic regression was used to
develop multivariate multilevel models describing risks of
non-enrolment in school, with household-level and sitelevel random effects. A backward step-wise method was
used to exclude the fixed effects in order of least

significance: a likelihood ratio test was used to re-test
excluded variables for inclusion in the final model.
Analysis of Phase 2 data

Analysis of Phase 2 data focussed upon describing
the characteristics of indicators collected at schools
during the pilot. Box plots and logistic regression
were used to describe absenteeism by grade over the
study period. To explore dropout levels in these
populations, mean absenteeism was evaluated by
time. Accuracy of weekly summary absenteeism
calculated by cluster B sites was determined by
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comparing teacher-generated summaries against the
original registers.
Ethical considerations

Approval for this study was granted by the London School
of Hygiene & Tropical Medicine ethical committee (6003)
and the SNNPRS Health Research Ethics Review committee (P026-19/6157). Written, informed consent for participation of children in school surveys was collected from
parents. Parents were free to withdraw consent at any
time by informing the school director. Children were
informed of the study procedures and their right to withdraw prior to random selection, and gave assent to take
part. The head of household provided written consent for
inclusion of household members in community survey,
and verbal assent was sought from all household members
before collection of blood samples.
A community health extension worker was present
throughout school and community surveys. Participants
with positive RDT were provided with treatment according to national guidelines: chloroquine for P. vivax and
artemether-lumefantrine for P. falciparum or mixed
infections.

across site and survey iteration 0–12.3 %) for school surveys and 2.6 % (0–8.9 %) for community surveys. At any
single site, the maximum difference in RDT prevalence
over all survey visits was 7.6 %. Variation in both the
prevalence of infection by RDT in school- and
community-survey, as well as number of passively detected malaria cases at health facilities showed fluctuations during Phase 1, but no clear seasonal peak was
observed (data not shown).
Reported primary school enrolment of school-aged children

Results

School-aged children comprised 32.7 % of the population living in sampled households, and 54.0 % of these
children (range by site 42–62 %) were reported by their
head of household to be enrolled at the local primary
school. From multivariate modelling, key risk factors for
non-enrolment of school-aged children in school were
the distance of the household from school, low household wealth, and the number of children of school age in
the household (Table 2). Odds of enrolment also varied
with education level of the head of household, with
children from households where the head had
attended any education having higher odds of school
enrolment than those from households headed by an
individual with no education.

Population participating in Phase 1 school- and
community-based surveys

Child-reported reasons for absence from school

RDT results were available from 4117 individuals participating in community surveys, aged from two months to
101 years (median 14 years). A total of 5189 school aged
children participated in the school survey, with RDT
results available from 5145 children (RDT data missing
for 44 (0.8 %) of school children).
The prevalence of Plasmodium infection by RDT
across all sites and survey iterations was 2.0 % (range

Across all sites, 94 % of children reported usually attending school five days per week. Of all absences reported by children, 28 % were due to illness, while 67 %
of absences were in order to assist in the home or with
farming activities. Variations by site were seen, with two
sites reporting the majority of absences being due to illness. Where children reported absence from school due
to illness, fever was the most common symptom (88 %);

Table 2 Multivariate model of risk factors for non-enrolment of school-aged children (as reported by head of household during
community survey)
Odds ratio

95 % confidence interval

P

Age (increasing)

0.91

0.88, 0.95

<0.001

Number of children 7-16 years in household

1.20

1.08, 1.33

<0.001

Distance from school in km

1.57

1.30, 1.89

<0.001

Poorest

1

-

-

Median

0.73

0.49, 1.10

0.132

Least poor

0.64

0.49, 0.84

0.001

Household wealth

Parental education
None

1

-

-

Primary incomplete

0.66

0.51, 0.86

0.002

Primary complete or higher

0.64

0.42, 0.96

0.030

Fixed effects are presented, the multilevel model included random effects at household- and study-site level. Data were available from 1794 unique children and
total 908 households, sampled from six sites in SNNPRS in 2012
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however, only 50 % of those who reported fever as a reason for absence from school attended a health facility.
Phase 2 surveillance system pilot

Nine of the 10 cluster A schools submitted weekly summaries of the symptom and reported absence questionnaire. Schools collected the weekly indicators for a mean
11 weeks (range 6–14), overlapping with the peak transmission season from October to December. On average
68 children per school were interviewed each week (range
16–170). All ten cluster B schools submitted weekly estimates of absenteeism, calculated by summarising absent
sessions recorded in attendance registers. Schools reported a mean 12 weeks of data (range 11–13). Schools
summarised attendance for an average of 508 children
each week (range 118 to 914).
In addition to the indicators collected from cluster A
and B sites, available attendance registers were collected
from a convenience sample of seven schools (five from
cluster A and two from cluster B) for validation of
weekly absenteeism in cluster B schools, and estimation
of absenteeism in cluster A schools.
Absenteeism and drop-out recorded by school
attendance registers

Weekly summary rates of absenteeism calculated from attendance registers were similar between classes within
schools (data not shown). However, changes in proportion
of enrolled children who are absent from school is expected to increase over the semester due to drop-out.
Strong evidence for an increase in average weekly absenteeism was found when analysing grade total absenteeism
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and allowing for clustering by school (p = 0.008). Absenteeism fluctuated on a weekly basis and varied by school,
but showed an overall increase of 10 % during the study
period.
Do syndromic surveillance indicators from schools
correlate with health facility malaria trends?

Testing of the syndromic surveillance system was hampered by the lack of strong seasonal increase in malaria
cases seen at the study sites during both Phases 1 and 2.
Health facility data from all sites demonstrated weekly
fluctuations in number of cases, but no clear peak in
transmission and no epidemic during either the minor or
major transmission seasons (Phase 1 and 2, respectively).
Few statistically significant correlations were seen between confirmed malaria at health facilities and the majority of the piloted indicators (i.e. child-reported fever,
reported recent absence from school, absence from school
due to illness, or teacher-summarised weekly absenteeism). There was evidence for an association between the
proportion of child-days absent by week extracted from
attendance registers collected for validation purposes and
health facility total positive cases (p = 0.002) or RDT test
positivity rate (p = 0.028). No evidence was found for an
association between confirmed malaria at health facilities
and teacher-summarised absenteeism from cluster B sites
(p = 0.197, Fig. 3).
The difference in association with health facility data
using absenteeism data from different sources may be a
result of differences in malaria transmission levels between sites, with different locations contributing data to
the attendance registers collected for validation purposes

Fig. 3 Phase 2 weekly proportion of children absent from school, calculated by school staff from attendance registers (solid line, primary y-axis)
and total confirmed malaria infections identified at local health centre by routine passive surveillance (dotted line, secondary y-axis)
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from both clusters A and B, and the teacher-summarised
data from cluster B sites only. There were insufficient
data to conduct site-specific analysis to further investigate patterns associations between piloted indicators and
health facility data at different transmission levels.

Discussion
This study is the first application of a surveillance system
based on school absenteeism to the context of malaria epidemic early warning in a resource-poor setting. The study
hypothesised that school attendance could act as a surrogate indicator of sudden increases in malaria burden or
other infectious disease epidemics at community-level.
However, during both the first and second phases of the
study no seasonal peaks in malaria were observed from
passive case detection at health facilities or cross-sectional
survey RDT prevalence. Consequently, the majority of absences from school were reported to be not due to illness,
and it was not possible to rigorously assess the study’s primary hypothesis.
In Phase 1 of the study, enrolment of school aged
children was found to be lower than expected, although those who were enrolled attended routinely. At
schools, collection of daily attendance occurs routinely, and schools were able to generate accurate
weekly summary indicators to describe absenteeism.
An alternative approach where teachers interview their
pupils to answer simple questions on recent illness
and absence was also completed but it was found to be
less feasible for scale-up due to the time required for
interviews. While this study demonstrated that school
absenteeism is a feasible indicator for weekly collection
and could supplement existing health system surveillance, this approach is likely to be less representative
in locations with low primary school enrolment, particularly if there are common risk factors for nonenrolment and exposure to malaria.
School enrolment

Our study found primary enrolment to be substantially
lower than reported in national level data (42–62 % by
site compared to 79 % national net enrolment in 2012
[24]). Our data concur with previous findings indicating
that household wealth, education of household head and
age of the child are associated with enrolment of children in primary school [50]. We found that the odds of
enrolment were reduced with increasing number of
school-aged children in the household, and increasing
distance between household and school. Considering
that universal enrolment and attendance at primary
school has yet to be achieved in Ethiopia, it is likely that
the sensitivity of a school-based syndromic surveillance
system is reduced, since the whole community will not
be captured at a school-level platform. Further piloting
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of school-based syndromic surveillance approaches is
recommended in areas of higher primary school enrolment, where sensitivity will be improved.
School absenteeism

Absence in schools can be classified as temporary or
permanent (i.e. dropout). Illness was the second most
commonly reported reason for temporary absence, but
the most common reason was to assist with chores in
the home or farm. Absence due to economic activities,
attending market and lack of school materials were
infrequently reported. Food insecurity has also been
shown to be a determinant of school absenteeism and
attainment in Ethiopia [51], and was a contributing factor to the severity of previous malaria epidemics in East
Africa [20]. While the shift system used in many rural
primary schools allows children to balance their schooling with farming, herding or domestic chores [52], it
remains likely that school absenteeism will increase
during periods of peak agricultural activity. Weekly absenteeism calculated from attendance registers was
found to be similar across grades, and absenteeism could
therefore be monitored from any grade as part of future
implementation of the surveillance system.
While absence due to illness may be an intuitively
more sensitive indicator for malaria surveillance, allcause absenteeism is a more reliable indicator to collect
on a daily basis. It is not feasible in this setting to trace a
sibling, neighbour or parent to find out the reason for
absence on their first missed day of school, unless a sibling
attends the same class. It is not currently routine practice
for schools in SNNPRS to record the reason for absence.
This approach differs from school-based syndromic surveillance approaches in higher income countries, where
reasons for absence can be rapidly determined by contacting parents by telephone.
The Ministry of Education target drop-out rate for the
academic year 2010/11 of 8 %, but actual drop-out rate
was 13 % [45]. Drop-out of approximately 10 % over the
semester was observed at the study sites. While reasons
for drop-out were not specifically investigated in the
current study, drop-out can either be due to relatively
stable factors such as number of children under five
years in the household [53], as well as by economic
shocks such as drought, crop failures, death and illness
of family members [45].
Benefits and drawbacks of the piloted system

Identification of valid indicators for piloting was limited by inclusion of only six sites in Phase 1 and the
low malaria transmission experienced in SNNPRS in
2012. The study was also limited by inability to provide
a formal sample size calculation for the comparisons
we sought to undertake, due to lack of data describing

Ashton et al. BMC Public Health (2016) 16:20

changes in these indicators during normal and abnormal transmissions seasons.
Of the two piloted syndromic surveillance systems,
monitoring school absenteeism is a less time-intensive
activity than weekly completion of symptom questionnaires. Consequently, we propose absenteeism to be a
more feasible indicator for long-term implementation.
Absenteeism is routinely recorded and generation of a
weekly absenteeism total is a simple addition to existing
responsibilities for school staff. Registers in use were
found to often not be standardised, with limited validation of class registers by senior staff since registers are
often stored in teachers’ homes. For any future school
absenteeism-based surveillance system, it is recommended to roll-out standard register formats and symbols for recording pupils’ daily presence and absence, as
well as regular checking and feedback on attendance
register completion by senior staff.
Differences in “normal” absenteeism rates between
schools would likely remain due to systematic differences
in populations across epidemic-prone areas. The usefulness of the system would be dependent on motivation of
the school director and teachers to collect and assess
absenteeism data, and report to health extension workers
when increases occur. No thresholds would be assigned to
schools, but it would be the responsibility of the school
director to determine when absenteeism becomes unusual
and to alert the health extension workers.
Syndromic surveillance systems in high-income countries generally use electronic data capture or web-based
systems to collate reported and existing data for analysis
[7, 8, 30, 31]. While low- and middle-income countries
are increasingly adopting web-based or SMS technology,
the current pilot did not require data to be reported
upwards, and therefore these technology solutions were
not required. Instead of submitting data to a central
level for analysis and then response, the aim was to
create simple indicators which would allow an alert to
be passed from school to community health extension
worker of possible increases in illness in the community.
This information would then act as a prompt for the
health extension worker to review their recent case data,
or to conduct active surveillance in targeted areas of the
kebele. While this system has low specificity, it builds
upon existing links at community level between the
school and health extension workers, through the kebele
committee’s weekly meetings to discuss local issues, and
may prove more sustainable in the long-term than any
surveillance system requiring data to be reported upwards for analysis and feedback. The lack of strict
thresholds to generate an alert from school data also
allows flexibility to respond to rumours and local opinion, and could also capture non-malaria epidemics.
Health extension workers routinely spend a proportion
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of their time making home visits in the kebele, and it is
credible that intelligence from the syndromic surveillance system may allow targeting of home visits at the
sub-kebele level to areas of highest absenteeism.

Conclusions
In the current study, the lack of any malaria epidemic or
strong seasonal peak in malaria transmission during
the data collection period at the study sites prevented
evaluation of the performance of a school-based syndromic surveillance system for malaria epidemic detection, resulting in inconclusive findings.
School-based surveillance approaches are limited by
drop-out during the academic year and low rates of enrolment. Implementing a system without fixed thresholds for alert generation, and relying on subjective
identification of “unusual” increases by school staff is
one approach to avoid bias due to drop-out. Low school
enrolment is a major limitation of the piloted surveillance system, and further investigation is required to
assess if there are common risk factors for nonenrolment and malaria, and the extent to which this
may reduce the sensitivity of school-based surveillance.
This syndromic surveillance approach could be further
refined by piloting in malaria endemic or epidemic-risk
settings with high primary school enrolment. Adapting the
system to report absenteeism data by mobile phone to the
local health facility or a central automated system combining syndromic and clinical data is an alternative approach to
generate alerts. Mobile technology could also enable regular
feedback to schools on the malaria situation in the wider
area, or facilitate behaviour change communication messaging to pupils. Regardless of the data collation mechanism,
piloting during a strong seasonal increase in malaria transmission or an epidemic would likely be required to demonstrate the sensitivity of a syndromic surveillance approach.
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