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Abstract
Malaria is a life threatening disease affecting 216 million people in 91 countries and remains
endemic in 106 countries. Sub-Saharan Africa has a disproportionate high share of the global malaria
burden. Yet though parasite-based diagnosis is increasing, most suspected cases of malaria are still
not properly diagnosed. Of particular concern in variability in the quality of diagnosis associated with
the team performing diagnosis. This analysis examines variability in the quality of malaria diagnoses
using Demographic and Health survey data from the sub Saharan Africa region. We examine the
incidence of false and false negative using multilevel random intercept logistic regressions. With
each regression we evaluate variability in the accuracy in test administration by clustering individual
respondents within the interviewing team. Variation partition coefficients are then calculated to
examine the proportion of variation in the rate of false diagnoses to examine the proportion of
variation attributable to interviewer teams. Around 15% of variation in the rate of false positive
diagnosis is attributable to interviewing teams, with 43% attributable to interviewers for false
negatives. Such large variation in the consistency of the diagnostic test procedure attributable to
interviewing teams is concerning and should be addressed during training for field test procedures.

Introduction
Malaria is a life threatening disease affecting 216 million people in 91 countries and remains
endemic in 106 countries. Sub-Saharan Africa has a disproportionate high share of the global malaria
burden (WHO 2017). Yet though parasite-based diagnosis is increasing, most suspected cases of
malaria are either not properly diagnosed. The increased usage of Rapid Diagnostic Techniques
(RDTs) has increased the potential for improvements in treatment of malaria, since much care
seeking is still triggered by the onset of symptoms (Romay-Barja et al. 2016; Kassile et al. 2014).
Earlier diagnosis by the use of RDTs offers the possibility for more managed intervention, and
potentially avoiding life threatening cases. However, care seeking is currently widely delayed, with
an overwhelming majority (more than 79%) delaying seeking care until more than one day after the
onset of fever symptoms (Birhanu et al. 2016; Sonkong, Suggaravetsiri, and Chaiklieng 2015)
Given the high prevalence of malaria in many setting, accuracy of testing is of vital importance to
ensure that false positive cases do not lead to overutilization of care in resource poor context and
that false negatives do not lead to delays in seeking treatment. Malaria can be easily missed even in
highly controlled setting and using laboratory and clinical diagnosis (Allan and Tahir 2006). Other
studies have analysed the rate of false diagnosis for RDTs, with estimated sensitivities and
specificities in the region of 90% in controlled conditions (Ishengoma et al. 2011; Chong et al. 2014).
However, these values fall considerably when used in a community survey context- sensitivity has
been reported as low as 63.4% (Ishengoma et al. 2011).
Demographic and Health Surveys are widely used cross sectional sample surveys, which have
recently started to include more biomarker information such as malarial diagnosis. This is a major
advantage, due to the consistent nature of DHS in terms of questions collected as well as the
consistency of questions allowing for cross national comparison. Variation in the accuracy of
responses from cross sectional surveys has been noted in general, and within the specific context of
the DHS (Pullum et al. 2018). Often, these take the form of evaluating the accuracy of quantities
such as age (Johnson et al. 2009; Pullum 2006; Lyons-Amos and Stones 2017) required for skip
patterns or denominators in the survey, or basic health information (Channon, Padmadas, and
McDonald 2011; Pullum 2008) required to generate numerators for disease rates.
The role of interviewers in the process of data generation in an increasingly studies phenomenon.
These influences manifest in a number of ways, including refusal to participate in the survey process
entirely (Durrant and Steele 2009; Durrant et al. 2010) or item non-response (Singer, Frankel, and
Glassman 1983). Interviewers can affect survey responses in two major ways; role restricted (where
interviewers influence outcomes through their behaviour(Durrant et al. 2010)) or role independent
(where interviewer characteristics influence the response) (Pullum et al. 2018)- for instance,
measurement errors may be influenced by the age of the interviewer (Cleary, Mechanic, and Weiss
1981; Ford and Norris 1997). The role of interviewers in diagnosis is vital in the context of malaria:
the discordance between relatively high theoretical sensitivity and specificity values compared to
those used in the field stymies much of the advantage of RDTs, and the misapplication of testing kits
by interviewers is one potential mechanism that could explain this discrepancy.
There is considerable evidence that DHS produce high quality research in an international context
(Lyons-Amos and Stones 2017) and that the effect of interviewers can be extremely limited (Amos
2018). That said, the diagnosis of malaria is more complicated than previously examined items, and
more critically can be verified by laboratory testing- indeed where verification of DHS data has been
possible data has often proved to be deficient (Strickler et al. 1997). We therefore focus on both the
specificity (false positive) and sensitivity (false negative rate) of diagnosis in the Malawian context as

two measures of diagnostic accuracy. Using multilevel modelling techniques we are able to extract
interviewer effects net of all other cluster effects due to an interpetrated design within the Malawi
DHS- the allocation of one interview team to a cluster would otherwise preclude this measurement
(Amos 2018; Durrant and Steele 2009; Vassallo, Durrant, and Smith 2017; O’Muircheartaigh and
Campanelli 1999; Pullum et al. 2018). This is a major advantage over previous community based
surveys, where the effect of interviewers was confounded by other sampling design based factors
e.g (Ishengoma et al. 2011). By removing this confounding, we are able to identify the proportion of
misdiagnosis attributable to interviewing teams, which may go some way to explaining disappointing
accuracy of RDTs when used in the field.

Data
Data for this analysis are drawn from the 2015 Malawi Demographic and Health Survey (NSO 2017).
The MDHS is a nationally representative cross sectional sample survey collecting information on
contraceptive use, reproductive health and other health indicators. The DHS uses a complex cluster
randomised design. Strata were created between rural and urban areas in each census area. Primary
sampling units were defined based on census standard enumeration areas, and were selected within
each stratum with probability proportional to size. Where SEAs were large, they were separated into
segments, so each cluster within the dataset represents each a SEA or segment on an SEA. Within
each PSU a household list is used to take a second stage of sampling of household. All eligible
respondents within a household are interviewed. A critical aspect of this analysis is that more than
one interview team operates in each cluster, and each interview team operates in more than one
cluster. This interpenetration of sampling cluster and interview team allows identification of
interviewer effect net of local geographic effects in the manner of (Amos 2018; Vassallo, Durrant,
and Smith 2017; O’Muircheartaigh and Campanelli 1999; Durrant and Steele 2009)
The relevant sub module for this analysis is the malaria indicator, which is included in the HIV/AIDS
sub module. Within this module, two tests for malarial status were recorded. The field test for
malaria was administered as part of the anthropometry module, and consisted of a finger prick test
for RDT. Five blood spots from the finger prick were collected on a filter paper card, and linked to
the respondent via barcode. Laboratory confirmation of the field test result was linked via this
barcode.

Method
Two logistic regressions are used to identify variation in false diagnosis. The first model examines the
probability of receiving a false positive diagnosis (specificity), which is defined as a field diagnosis of
malaria which was later shown to be malaria free by lab testing. We assume in all cases that the lab
tests are the gold standard: RDT diagnoses are verified by comparing their result to the lab result.
The response variable is a 0/1 indicator variable which takes the value 1 in the case of a false
positive diagnosis, and zero in all other cases. The second model examines the probability of false
negative diagnosis (sensitivity), which is defined as a field diagnosis of no malaria, where the lab
diagnosis was positive. Again, this is modelled as a 0/1 indicator variable with 1 indicating a false
negative and 0 a false positive.
In both cases, interviewer effects on the probability of a false diagnosis are captured by a cross
classified multilevel model in the form of equation 1.
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In this equation, 𝑖 indexes individual respondents and 𝑗 indexes higher order aggregations, namely
interviewers and clusters. Two separate random effects are specified due to the interpenetration of
interviewers with clusters, allowing a cross classified multilevel model to be specified in the manner
of Amos (2018), (Durrant and Steele 2009), (O’Muircheartaigh and Campanelli 1999), (Durrant et al.
2010) and (Vassallo, Durrant, and Smith 2017). The vector 𝒙 contains a vector of control variables
pertaining to the individual, namely age, region, residence, education, marital status, and occupation
with their estimated effect captured by the vector 𝜷.

Model interpretation is conducted by evaluating the proportion of variation in false diagnosis
(2)

attributable to interviewers. This is taking 𝑢𝐼𝑛𝑡𝑒𝑟𝑣𝑖𝑒𝑤𝑒𝑟 as a proportion of all residual variation, with
variation at the individual level approximated as
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All multilevel modelling is conducted in MLwiN

2.36 for Windows (Charlton et al., 2017) via the runmlwin function in Stata (Leckie and Charlton
2013). Models are estimated via MCMC using 10000 samples with a 2000 sample burn in with initial
values taken from models estimated using 2nd order Penalised Quasi-Likelihood. This follows the
recommendation of Browne (2017) which advises the reestimation of binary response models using
MCMC since iterative (such as IGLS or RIGLS) estimation is likely to create downward bias variance
estimates.
Results
Estimated models are presented in Table 1. Even in the presence of control variables, the second
level residuals for both interviewer and PSU are relatively large, in contrast to other studies (Amos
2018). In the case of the false positive, the estimated variance attributable to the interviewers
amounts to 15.6% of all unexplained variation within the model. In the case of false negatives, this
variation is much larger, accounting for 43% of unexplained variability.

Table 1: Estimated models for probability of false positive and false negative
False positive
Parameter
estimate
Fixed effects
Constant
Age group
ref=15-19
20-24
25-29
30-34
35-39
40-44
45-49
Province
ref=Kinshasa
Bandushu
Bas-Congo
Equateur
Kasai-Occidental
Kasai-Oriental
Katanga
Maniema
Kivu
Residence
ref=Urban
Rural
Highest
educational level
ref=No education
Primary
Secondary
Higher
Wealth index
ref=Poorest
Poor
Medium
Rich
Richest
Marital status
ref=Never in
union
Married
Living with
partner
Formerly
partnered

95% credible
interval

-1.22

False negative
Parameter
estimate

95% credible
interval

0.36

0.19
0.32
0.18
0.06
0.40
0.23

(-0.64, 0.46)
(0.05, 0.61)
(-0.11, 0.49)
(-0.25, 0.38)
(0.04, 0.78)
(-0.16, 0.64)

-0.09
-0.11
0.01
0.09
-0.17
-0.07

(-0.31, 0.14)
(-0.35, 0.13)
(-0.24, 0.28)
(-0.18, 0.37)
(-0.48, 0.14)
(-0.42, 0.29)

-1.18
0.30
-0.68
0.41
0.45
0.42
0.19
-2.53

(-2.45, -0.24)
(-0.86, 1.30)
(-1.83, 0.15)
(-0.76, 1.34)
(-0.82, 1.35)
(-0.75, 1.39)
(-1.03, 1.23)
(-3.89, -1.41)

0.73
-0.90
0.25
-0.92
-1.08
-1.05
-1.01
1.64

(-0.37, 1.53)
(-2.00, 0.04)
(-0.77, 1.02)
(-2.08,0.04)
(-2.21, -0.10)
(-2.28, -0.19)
(-2.14, -0.16)
(0.47, 2.71)

-0.29

(-0.69, 1.44)

-0.03

(-0.37, 0.36)

-0.07
-0.43
-0.99

(-0.27, 0.13)
(-0.73, -0.20)
(-1.89,-0.19)

0.19
0.53
0.58

(-0.00, 0.38)
(0.29, 0.77)
(-0.06, 1.25)

0.09
-0.20
-0.26
-1.20

(-0.11, 0.30)
(-0.43, 0.20)
(-0.53, 0.02)
(-1.73, -0.69)

0.02
0.40
0.58
1.18

(-0.15, 0.20)
(0.20, 0.60)
(0.33, 0.84)
(0.76, 1.65)

-0.21
-0.18

(-0.49, 0.05)
(-0.49, 0.11)

-0.15
-0.04

(-0.38, 0.08)
(-0.30, 0.22)

-0.15

(-0.48, 0.17)

-0.11

(-0.41, 0.17)

Occupational
status ref=Not
working
Professional
Agriculture
Non-agricultural
manual
Random effect
Interviewer
effect (𝑢(2) )
PSU effect (𝑢(3) )

-0.04
0.17
0.04

(-0.28, 0.18)
(-0.06, 0.40)
(-0.34, 0.39)

0.06
0.07
0.17

(-0.14, 0.27)
(-0.13, 0.28)
(-0.14, 0.48)

0.86

(0.02, 1.98)

2.57

(2.11, 3.10)

1.36

(0.39, 2.43)

0.04

(0.00, 0.18)

Notes: Models estimated via MCMC with 10000 samples and 2000 sample burn in. Starting values for
MCMC chain are taken from 2nd order PQL.
The difference in effects on the probability of a false report is illustrated in Figure 1. This figure
presents the Empirical Bayes residuals for the interviewing team ranked on the residual size. The
relative size of the two interviewer variance terms observed in table 1 is also reflected in the figure,
the level of variation around the median interviewing team is much smaller (although still
substantial) for the false positive diagnosis compared to the false negative diagnosis. This reflects
the relative size of the estimated interviewer level variance in the regression: the interviewer
attributable variance for the false positive model of 0.86 is considerably smaller than in the false
negative model (2.57)

Figure 1: Estimated residuals ranked by size of residual indexed by interviewing team for a) false
positive diagnosis and b) false negative diagnosis
a) False positive

b) False negative

Conclusions and discussion
This paper examines the effect of interviewing team on variation in inaccurate reporting of malarial
diagnosis from RDTs. We examine both the specificity (false positive) and sensitivity (false negative)
of the malarial diagnosis performed by field teams based on the gold standard of laboratory
diagnosis. Our work build on previous analyses of the accuracy of other community based surveys
(Ishengoma et al. 2011; Bisoffi et al. 2010) by taking advantage of the interpenetrated design of the
DHS we are able to separate the effect of interviewing teams from confounded effects, and to
establish the degree of variability in the accuracy of diagnosis attributable to the interviewer alone.
Overall we found considerable variation in the probability of receiving a false diagnosis, and this is
for a large part attributable to membership of the interviewing team. This is consistent with existing
analysis of the validity of RDTs in that the accuracy of testing in the field is considerably lower
(Ishengoma et al. 2011; Bisoffi et al. 2010) than the high accuracy levels found in more controlled
environments e.g (Chong et al. 2014). Even for the false positive rate, the proportion of variation
attributable to interviewing teams is still large in substantive terms. Of greater concern is the fact
that the variation attributable to interviewing teams for false negative diagnoses which accounts for
over 2/5ths of variation in malarial accuracy. This is particularly troubling in light of the false
negative diagnosis potentially delaying care seeking treatment (Kassile et al. 2014; Romay-Barja et
al. 2016).
Limitations
There are some limitations to this analysis and scope for further work. While we have included
controls at the respondent level, we were unable to include interviewer characteristics since these
were not readily available in our dataset. This could potentially inform and target training
programmes directed at improving the delivery of the RDT: it is highly likely that a role restricted
influence such as RDT administration would vary by interviewer characteristic (Durrant et al. 2010),
and the integration of such paradata is possible for certain DHS datasets (Pullum et al. 2018). A
further extension might be to reevaluate the validity of diagnostic tools for a different survey round
or by time at which the survey was administered: the overall accuracy of the RDT depends heavily on
the underlying malarial case load, with lower rates being associated with better accuracy
(Ishengoma et al. 2011; Bisoffi et al. 2010). Verifying our findings accounting for the season of
interview would be enlightening.
Policy recommendations
While the high level of variability of diagnostic accuracy is concerning, the fact that the variation is
attributable to interviewing team does at least offer an opportunity to improve diagnostics through
interviewer training. Care should be taken to improve the consistency of diagnosis between
interviewers in performing field diagnoses and improving the overall accuracy of field testing in
general. Due to the fact that this variation is most likely due to some application of the testing rather
than an intrinsic quality of the interviewer, the role restricted (Pullum et al. 2018) nature of the
application of the test affords the potential for greater application of training to improve diagnostic
accuracy.
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