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The design of population surveys to substantiate the elimination of disease
transmission across large implementation units (IUs) has become important as
many parasite control efforts approach their final stages. This is especially true for
the global program to eliminate lymphatic filariasis (LF), which has successfully
reduced infection prevalence in many endemic countries, such that the focus has
shifted to how best to determine that the area-wide elimination of this
macroparasitic disease has been achieved. The WHO has recommended a two-
stage lot quality assurance sampling (LQAS) framework based on sampling children
from selected clusters within an U, called the Transmission Assessment Survey
(TAS), for supporting such decision-making, but questions have emerged regarding
the reliability of this strategy for assessing if LF transmission is broken effectively
everywhere within an area. In this study, we develop and describe an alternative
probabilistic framework that combines infection status information from longitudinal
parasitological surveys of whole communities carried out in sentinel sites, imperfect
diagnostic tests, and locally-applicable extinction thresholds predicted by
transmission models, to overcome the problems associated with TAS. We applied
the framework to LF infection and intervention data from the country of Malawi, and
demonstrated how our hierarchical coupled model-sentinel site survey tool can be
used to estimate the probability that LF transmission has occurred at the individual
survey, village, and countrywide scales. We also further demonstrated how the
framework can be used in conjunction with zonal or areal design prevalences to
estimate the number of sentinel sites and durations of interventions required to
acquire sufficiently high confidence that an area is free from infection. Our results
indicate that the application of the spatially driven model-data freedom-from-
infection tool developed here to follow up data from high-risk sentinel sites in a
region may offer a highly cost-effective framework for guiding the making of high-
fiducial and defensible area-wide LF intervention stopping decisions.
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1 Introduction

A key development in reducing the burden of global diseases
over the past two decades has been the construction and
implementation of large-scale disease-specific interventions aimed
at achieving the elimination of the major tropical parasitic diseases
that have long afflicted populations in the Global South (1-5). The
combining and indeed initiating of new financing models,
strengthening of supply chains, and management of mass drug
administration (MDA) with advances in biotechnological tools,
including in the areas of drug development and diagnostic
techniques (4, 6), by global programs designed and led by the
WHO have led to significant reductions in the prevalence of many
of these so-called “neglected tropical diseases” (7). Indeed, one
outcome of this success has been the inclusion of ending the health
impacts of these diseases as a critical component of the broader
development agenda, including for meeting many of the proposed
Sustainable Development Goals (SDGs) (4, 8). A particularly
successful program in this regard is the Global Programme to
Eliminate Lymphatic Filiariasis (GPELF), a debilitating mosquito-
borne macroparasitic disease that, prior to the start of nationwide
MDAs in 2000, was thought to have infected between 174 and 234
million individuals in 73 countries worldwide (9). By 2019, owing to
more than 8.6 billion cumulative mass drug treatments delivered to
the at-risk populations of these countries, the worldwide infection
prevalence of this disease had declined by an impressive degree to
51 million, with 692 million people no longer thought to require
further preventive treatments (10).

Although the progress made by the GPELF in reducing the
worldwide prevalence and corresponding risk of infection in
populations in which this disease is endemic is notable, questions
have been raised regarding how best to determine disease elimination
status and thus make reliable intervention termination decisions (11—
15). The WHO currently recommends an epidemiological
assessment strategy that involves conducting a series of infection
surveys (based on either microfilaria (mf) or circulating antigen
(CFA) indicators of infection) of entire communities in sentinel
and randomly selected spot check sites initially, and subsequently
of children aged 6-7 years surveyed from treated communities, to
provide evidence for deciding if disease transmission has been
interrupted in an implementation unit (IU), normally a district, so
that IU-wide MDA stopping decisions can be made (16). The first
survey in this strategy, termed the pre-Transmission Assessment
Survey (pre-TAS), is to be conducted in all of the sentinel and spot
check sites of IUs that have had at least five effective (> 65% coverage)
rounds of annual MDA to evaluate if the community-level prevalence
of mf and CFA are < 1% or 2%, respectively. If either of these targets
is met in all the surveyed communities, then an IU can move into the
surveillance phase, which involves carrying out a series of three
subsequent longitudinal surveys of approximately 1,500 children
belonging to the above ages sampled from across population
clusters in an IU (17). At each of these follow-up surveys, the
number of children who test positive for infection is evaluated
against a predetermined cutoff value thought to represent the
minimum average prevalence below which LF transmission is
presumed to be unsustainable across the entire TU. If the infection
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prevalence falls below the set threshold in the first TAS (TAS 1), then
annual MDA is stopped, and the IU is resurveyed two additional
times (TAS2 and TAS3) over a 5-year period as part of post-MDA
surveillance. An IU is deemed to have eliminated LF as a public
health problem once all three TAS surveys are passed (16).
Although the above TAS strategy for guiding MDA stopping
decisions has been followed by national LF programs since 2011, the
methodology has increasingly come under scrutiny because of
instances in which some IUs that initially were shown to pass
TAS have reported recrudescence of infection following cessations
of MDA (11, 18-23). Several factors leading to failures in using TAS
for making reliable assessments of transmission breakage have
recently been highlighted (20), raising questions regarding the
possibility of reliably evaluating the achievement of LF
elimination using the current TAS methods (13, 15, 24). First, the
mounting empirical evidence from the field (11, 14, 18-25) and
results from modeling studies (13, 26-29) have called into question
whether meeting the TAS stopping criteria (crossing below the 1%
mf or 2% CFA threshold) would indeed signify the breakage of LF
transmission (indicated by CFA or mf prevalence remaining below
1% or 0.5%, respectively, in the sampled child subpopulation) in a
community. Apart from the validity issue inherent to using the
currently set threshold values for signifying the elimination of
community transmission, a key topic also raised by these studies
alludes to the likelihood of the occurrence of site-to-site variation in
the elimination thresholds connected with LF transmission (26-28,
30-32). The variation in infection prevalence between survey sites is
a major feature of LF transmission in a region, but this outcome is
not accommodated for by the recommendation that a single area-
wide target elimination threshold be used for classifying IUs equally
everywhere in the current TAS-based MDA stopping methodology.
Ignoring such heterogeneity in the present TAS methodology
means that it is possible to classify an IU as having achieved LF
elimination even when significant numbers of individual clusters
within the IU from which children were sampled may still be
transmitting infection (15). This is a critical flaw in the current TAS
methodology that may result in false predictions of the achievement
of LF transmission interruption throughout an IU or indeed across
many different IUs. Furthermore, the strategy of sampling children
to assess if transmission interruption has occurred in a community
does not take account of prevalence levels in older age groups (13),
with recent studies indicating that ignoring such residual infection
in the latter groups can result in the maintenance of transmission in
the post-MDA setting (23). LF has a long prepatent period (33-35),
and therefore has a low prevalence in young children even when its
prevalence is high in adults (36); this age-based discrepancy in
prevalence will become even more pronounced as prevalence is
reduced through MDA. These age-related patterns indicate that
surveillance for making MDA stopping decisions may need to
consider the use of community-based surveys that entail the
sampling of both adults and children to obtain more reliable
information regarding the cessation of community transmission
(13, 23). Finally, assessments of when infection thresholds are met
must also take into account the diagnostic performance (sensitivity
and specificity) of the tests used to classify infection status (12, 32,
37). This is because since very few diagnostic tests are perfect, that
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is, with specificity and sensitivity values < 100%, their use in disease
surveys would produce both false-positive and false-negative
results, making it impossible to prove that a population is free
from disease even with large sample sizes (12). However, as noted
previously, if a sufficiently representative number of individuals are
surveyed over an area, and the performance of the diagnostic test
used and appropriate threshold values are taken into account, then
it is possible to show how unlikely it is that a population has
continuing infection (12, 38-40).

In an attempt to overcome the challenges with TAS as described
above, we recently developed a new probabilistic tool that combines
survey-based proof-of-freedom methods incorporating both the
effects of sample sizes and imperfect diagnostics with parasite
transmission model-estimated infection breakpoint values, and
showed how such an integrated model-survey framework can be
applied to longitudinal surveillance data on LF prevalence for
predicting the probability of achieving infection freedom in a
location (12). In this study, we extend the basic approach that
focused on single community settings to take account of cluster-
level variations in infection or transmission to support the effective
making of area-wide freedom declarations. In addition, we focused
the application of this method on the sentinel site community-level
infection data that are normally collected in countries undergoing LF
MDAs until pre-TAS assessments can be conducted to inspect the
alternative value of using this type of data for overcoming the issue of
the restricted use of child infection information alone in the current
TAS protocol. Our focus on sentinel site data is also premised on the
expectation that these surveillance sites (at least two per IU) are
chosen from areas within an IU of high known transmission (high
disease or infection prevalence or vector abundance), have larger
sample sizes than the child-age clusters used in the TAS LQAS
method, are expected not to be majorly affected by migration, and
represent those sites in an IU that are likely to require the longest
durations of interventions for interrupting LF transmission (16).
Unlike the child-based cluster surveys used in the TAS
methodology - in which because of random sampling of children
between TAS iterations, persistent high prevalence clusters may not
be revisited and thus may be missed during a TAS stage, - the LF
sentinel sites are also followed throughout the course of the MDA
program. This allows the stable tracking of changes in these high-risk
worst-case transmission sites within an IU. While community-based
surveys can be operationally more challenging, our results indicate
that follow up of fewer sentinel sites coupled with the more reliable
information this provides for determining transmission interruption
within a region could in fact represent a more cost-effective approach
than TAS for guiding the making of high fiducial LF MDA
stopping decisions.

2 Methods
2.1 Data
The data used in this research represent the typical sentinel site

surveillance data collected by LF countries for the purpose of
monitoring changes in infection prevalence due to MDA until the
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time when pre-TAS assessments are normally carried out (16). In
this study, we selected 24 such sentinel sites that had undergone
interventions against LF in Malawi for use in the proceeding
analysis based on the quality and completeness of the provided
data. The World Health Organization (WHO)’s Expanded Special
Project for Elimination of Neglected Tropical Diseases (ESPEN)
(41) data portal was used to extract microfilariae (mf) and
circulating filarial antigen (CFA) survey information for the pre-
MDA and MDA intervention periods in each of these 24 sites
(Table 1). Mf presence was examined by blood smear (using sample
volumes of between 60 pL and 100 pL) and CFA was assessed by the
immunochromatographic card test (ICT). Baseline mapping
surveys were conducted in Malawi between 2000 and 2003, which
showed that baseline CFA prevalences ranged from 0% to 74.47%
(Figure 1). Annual MDA with ivermectin and albendazole (IVM
+ALB) started in 2008-2009 and continued into 2013, such that
each study site received 5-6 rounds of MDA. The corresponding
national-level annual MDA coverage information was available
from the WHO Preventive Chemotherapy Transmission and
Control (PCT) databank (42). In addition to MDA, vector control
(VC) measures against the Anopheles mosquitoes responsible for LF
transmission were also deployed in Malawi in the form of indoor
residual spraying (IRS) and insecticide-treated bed nets (ITNs). We
assembled national-level annual IRS and ITN coverage information
from the Malaria Atlas Project (43). These MDA, ITN, and IRS
coverage data are provided in Table S1 in the Supplementary

Information (SI).

2.2 Lymphatic filariasis transmission model

The population-based LF transmission model employed in this
study has been described in full in the literature, and is further
elaborated in the SI (13, 26-28, 31, 44). In brief, the transmission
dynamics of LF in this model were simulated by coupling age-
structured non-linear partial differential equations describing
changes in human infection, and an ordinary differential equation
describing changes in infection intensity in mosquito vectors. The
state equations comprising this model are:

doP(a,t) . dP(a,t)
Jat da

= /'L%h(a)!)(a, t) — uP(a, t) - /’L%h(u)ﬁ(a, t-1)&

9 M;(f H,o mg(; D _ /l%h(a)!)(a, t-0&- uWa,t)
aMa(?, H 81\4;: D _ aso[W(a, ), Wi, ) - yMa,£)
alé“t’ b, % = Wr(a, 1) - 81(a, 1)
aAa(‘;’ D, aAa(Z’ D oy Wilat) - pA@ D
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TABLE 1 Pre-intervention (2000-2003) and intervention (2008-2014) survey data for the selected 24 LF sentinel sites in Malawi (41).

Malawi study village Year Indicator Blood volume Examined Positive Prevalence
2000 CFA 100 129 9% 744
1. Zilipaine 2014 MF 60 300 0 0.0
2014 CFA 100 300 47 15.7
2002 CFA 100 116 79 68.1
2. Pende 2014 MF 60 300 0 0.0
2014 CFA 100 300 0 2.0
2002! CFA 100 84 56 66.7
3. Gamba 2014 MF 60 300 0 0.0
2014 CFA 100 300 14 4.7
2000 MF 60 241 49 203
2000 CFA 100 227 144 634
4. Nchachal8
chacha 2014 ME 60 300 0 0.0
2014 CFA 100 300 7 23
2000 CFA 100 128 76 59.4
5. Nchingula 2014 CFA 100 300 7 23
2014 MF 60 300 0 0.0
2000 CFA 100 50 28 56.0
6. Bonje 2014 MF 60 300 0 0.0
2014 CFA 100 300 6 2.0
2000 CFA 100 50 22 40.4
7. Kashata 2014 MF 60 300 1 0.3
2014 CFA 100 300 1 0.3
2000 MF 60 148 60 40.5
2009 MF 60 450 11 24
. Chazuk
8. Chazuka 2012 ME 60 470 2 0.4
2014 CFA 100 300 0 0.0
2003 CFA 100 53 19 359
2009 MF 60 276 4 1.4
9. Kalembo 2012 MF 60 287 0 0.0
2014 MF 60 300 0 0.0
2014 CFA 100 300 0 0.0
2002" CFA 100 78 21 269
10. Muyaya 2014 MF 60 300 0 0.0
2014 CFA 100 300 2 0.7
2003 CFA 100 78 19 244
2008 MF 60 263 4 15
11. Maguda 2012 MF 60 219 0 0.0
2014 MF 60 300 0 0.0
2014 CFA 100 300 5 17
2003 CFA 100 99 18 182
2009 MF 60 210 6 2.9
12. Mzenga
2012 MF 60 450 0 0.0
2014 CFA 100 300 0 0.0
2003 CFA 100 78 13 16.7
13. Kasonda 2014 MF 60 300 0 0.0
2014 CFA 100 300 5 1.7
2003 CFA 100 64 5 7.8
14 Kamenvaswaza 2009 MF 60 206 0 0.0
: yagw 2014 ME 60 300 0 0.0
2014 CFA 100 300 0 0.0
2003 CFA 100 103 8 7.8
15. Mizumu 2014 MF 60 300 0 0.0
2014 CFA 100 300 3 1.0
16. Gawani 2003 CFA 100 78 6 7.7
) 2009 MF 60 210 0 0.0
(Continued)
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TABLE 1 Continued

10.3389/fitd.2023.1233763

Malawi study village Year Indicator Blood volume Examined Positive Prevalence
2014 MF 60 300 0 0.0
2014 CFA 100 300 0 0.0
2003 CFA 100 81 6 74
2008 MF 60 391 5 13
17. Mbalame
2014 MF 60 300 0 0.0
2014 CFA 100 300 2 0.7
2003 CFA 100 95 6 63
2008 MF 60 231 4 17
18. Mkaombe 2012 MF 60 395 0 0.0
2014 MF 60 300 0 0.0
2014 CFA 100 300 0 0.0
2003 CFA 100 72 4 56
19. Chimangansasa 2009 ME 60 487 ! 02
) 8 2014 MF 60 300 0 0.0
2014 CFA 100 300 0 0.0
2003 CFA 100 64 3 47
20. Chapita 2014 MF 60 300 0 0.0
2014 CFA 100 300 0 0.0
2003 CFA 100 98 4 41
21. Chaslawa 2014 MF 60 300 0 0.0
2014 CFA 100 300 1 03
2003 CFA 100 95 2 35
22. Kapenda 2014 MF 60 300 0 0.0
2014 CFA 100 300 2 0.7
2003 CFA 100 99 3 3.0
2 MF 24 .
23, Kalul 009 60 5 0 0.0
2014 MF 60 300 0 0.0
2014 CFA 100 300 0 0.0
2003 CFA 100 72 1 14
2009 MF 60 370 0 0.0
24. Bongololo
2014 MF 60 300 0 0.0
2014 CFA 100 300 0 0.0
'Duplicate survey also reported in 2000 in (41).
2.3 Predicting baseline Mf prevalence from
i observed CFA prevalence
e lkg/ w(a)(1-f(M))da - oL - AyL
Because there were both mf and CFA data available to describe

As shown, the dynamics of filarial infection in human and
vector populations are described through six population-averaged
state variables that vary over age (a) and/or time (t), in which (P)
captures the burden of pre-patent worms per human host; (W)
represents the patent worm burden per human host; (M) describes
the average microfilaria intensity; (I) measures the level of
immunity against the microfilaria parasite that is generated by the
total worm load; (A) measures the intensity of CFA; and (L)
represents the average number of infective L; larval stages per
mosquito as a consequence of ingesting mf from infected humans.
The predicted changes in the mean densities of M and A were
converted into prevalences using the negative binomial model
relating mean intensity to prevalence (44, 45). These equations,
functions, and the processes connecting each state variable and their
parameters are described in the above articles, and are fully
documented in Table S4 in the SI.

Frontiers in Tropical Diseases

LF prevalence following the initiation of MDA (and vector control
interventions) in each site, we sought to model both indicators such
that we could take advantage of all the infection information
available. However, there was no mf data available at baseline for
model calibration. The mechanistic relationship between mf and
CFA is unclear, although the empirical relationship has been
studied previously (46). To estimate the mf prevalence at baseline
based on the observed CFA data, we put together a dataset from the
published literature from a diverse group of sites (separate from the
Malawi sites described above) that contained both baseline mf and
CFA data records in parallel (Table S2 in the SI). We fitted a logistic
regression model to this data in which CFA values were used as the
predictor variable and mf values served as the response variable
using the finalfit package in R (47). The best fit regression model
was then used to estimate the baseline mf prevalence (with
bootstrapped 95% confidence interval) from the observed CFA
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Map of the Malawi pre-intervention CFA prevalence data available from the ESPEN data portal for each of the 24 sentinel sites

data for each Malawian site. Our LF transmission model (described
below) was calibrated to both the observed baseline CFA and the
estimated mf prevalence data following this procedure.

2.4 Bayesian melding site-specific
model calibration

The Bayesian melding (BM) model calibration approach
effectively integrates field data with the LF model to estimate
models that can reliably capture the local transmission dynamics
for a particular locality (26, 27, 30). In this study, we expanded on a
previously developed variation of the BM procedure that relies on a
pass/fail model selection criterion (31, 48). We began by assigning
uniform prior distributions to each of the model parameters (Table
S4 in the SI), including for the annual biting rate (ABR), which was
unknown in our study sites. Based on published biting rate data
from similar settings, the ABR prior was set to a range of between
500 and 15,000 (31). For each site, we randomly sampled 200,000
sets of parameters from these priors, which were then used as inputs
to predict the baseline mf and CFA prevalences. These model
outputs were evaluated against the observed community CFA
prevalence and the estimated community mf prevalence for a

Frontiers in Tropical Diseases

particular site. Those parameter sets that produced CFA and mf
prevalence predictions that were within the 95% confidence interval
bounds of the data for both indicators were regarded as “passing,”
and the others were regarded as “failing.” This pass/fail step
generated the acceptable parameter vectors for describing the data
behaviorally well in a particular site (49). The procedure was
repeated for each study site, and the resulting site-specific models
were then used to generate distributions of variables of interest (e.g.,
transmission breakpoints and infection trajectories following
treatments) (26, 27, 30).

2.5 Breakpoint calculations

A previously developed numerical stability analysis approach
was applied to each of the accepted parameter vectors to calculate
the threshold biting rates (TBRs) and the distribution of mf and
CFA prevalence breakpoints expected in a community (26, 27).
First, to calculate the TBR associated with each parameter vector, we
began by keeping all model parameters constant and progressively
decreasing the average number of mosquitoes per human, V/H,
from its baseline value to a threshold value below which the model
always converges to 0% mf prevalence, regardless of the values of

frontiersin.org


https://doi.org/10.3389/fitd.2023.1233763
https://www.frontiersin.org/journals/tropical-diseases
https://www.frontiersin.org

Smith et al.

the endemic infective larval density, L*. The product of the number
of bites per vector, 7 and this newly found V/H value is termed as
the TBR (27).

Because vector control was used across all the LF sites in Malawi
as a result of the country’s malaria program, in this study, we
calculated infection breakpoints at the TBR condition. Given the
site-specific TBR, the model will settle to either a zero or non-zero
mf prevalence depending on the initial value of L*. Therefore, by
starting with a very low value of L* and progressively increasing it in
small step sizes, we estimate the minimum L* value, below which
the model predicted zero mf prevalence, and above which the
system progressed to a positive endemic infection state (27, 44).
The corresponding mf and CFA prevalence at this threshold L*
value was regarded as the human infection breakpoint for that
indicator at TBR (27).

The distribution of breakpoints in a site can be described by an
inverse empirical cumulative density function. We used this
function, in conjunction with exceedance calculations (12, 50), to
quantify the values of mf and CFA breakpoint prevalence
thresholds reflecting a 95% elimination probability in a site, and
use these values as the desired threshold values for serving as the
site-specific design prevalences in the freedom-from-infection
calculations reported below (12).

2.6 Freedom-from-infection calculations

Freedom-from-infection frameworks offer a method for
calculating the probability that a population is free from infection
based on the characteristics of the population infection surveys
carried out in different settings (12, 38-40, 51). As discussed in the
published literature, it is impossible to prove that a population is free
from infection due to limitations of the surveillance sampling design
and due to imperfect diagnostic tools (12, 38, 39). In our previous
work (12), we presented a model-based framework for combining
model-predicted site-specific transmission thresholds and infection
survey results to estimate the probability that a particular site was free
from infection (i.e., had reduced infection prevalence below the
transmission threshold, which is termed the design prevalence, p,).
These calculations take into account the survey sample size, the
number of positive tests, the village population size, the sensitivity
and specificity of the diagnostic test, and the model-predicted design
prevalence for the given site to estimate the probability that infection
interruption has been attained. However, our previous method only
allowed independent probability calculations to be made for a specific
location at a particular point in time. In this study, we extend that
method to allow probabilities to be calculated and aggregated over
space and time.

2.6.1 Definitions

To calculate the aggregate probability of freedom from
infection, we used the nested definitions of infection freedom
probability proposed by Cannon 2002 (52). In this study, we
define the probability of freedom at three hierarchical levels—the
survey level, the village level, and the area-wide level (that is, any
area larger than a village, such as a district, region, or country). For
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this study, the area of interest is the country of Malawi; therefore,
the area-wide level refers to the country level. In this scheme, each
level’s calculated probability of infection freedom comprises the
lower-level surveillance components (e.g., the probability at the
village level is made up of probabilities given by each survey
conducted in the village and the probability at the area level is
made up of probabilities given by each village in the region of
interest). Following Cannon 2002 (52), the probability of freedom is
designated as the “sensitivity” when referring to a component of a
surveillance system deployed at a particular level and as
“confidence” when referring to the probability of freedom given
by the level’s overall surveillance system. Similar to Cannon 2002
(52), we will use the naming conventions given in Table 2.

At a given level, sensitivity refers to the probability that
infection would be detected by the surveillance component(s) if
the prevalence was greater than or equal to the design prevalence of
that level. Confidence has a similar definition but refers to the
overall result as opposed to the component metric. The term
probability of freedom will also be used interchangeably to
describe the outcome at each level. The definition of design
prevalence used in this study has been taken from our previous
work and that of others (12, 38, 39) and specifies the maximum
acceptable level of infection that can occur and yet signify that
onward transmission may be broken (12). The design prevalence
was defined differently at each level. At the village level, as in our
previous work, we defined the design prevalence (p;) using
modeling results estimating the transmission breakpoint in a
particular site. To be conservative, we used the 95% elimination
probability threshold that was calculated as described above (see 2.5
Breakpoint calculations). At the area-wide level, we defined the
design prevalence (Cp,) to reflect the varying levels of risk tolerance
(e.g., requiring 90%, 95%, or 99% of villages to meet their site-
specific py).

In general, to calculate the confidence of freedom from infection at
a given level, we used the corresponding component sensitivities. For
example, at the lowest level we calculated the survey-level confidence
based on the characteristics of the diagnostic tool and characteristics of
the survey conducted. The survey-level confidence then became the
sensitivity that was used to calculate the village-level confidence. In
turn, the village-level confidence became the sensitivity that was used to
calculate the area-level confidence. The details of the calculations
carried out at each level are outlined below.

2.6.2 Calculations to aggregate spatiotemporal freedom-
from-infection probabilities

The first probability of freedom calculations were made at the
lowest level, that is, that of the survey. The survey sensitivity, SSe, was
calculated using the freedom-from-infection framework described in
Michael et al., 2018 (12). The sensitivity of a given survey testing for
infection is a function of the sample size, diagnostic sensitivity and
specificity, total village population, observed prevalence, and design
prevalence. The survey sensitivity reflects the surveillance sensitivity
for the given village at the given time only.

These results were then used to calculate the village level
confidence. The village confidence, VSe, could be aggregated to
reflect the sensitivity of a series of surveys over time. For each
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TABLE 2 Term definitions and symbols.

Term Definition Procedure
SSe: Survey Freedom-from- Calculated using the PFFI methods in
sensitivity infection probability the study by Michael et al., 2018 (12)

given by the results of
a single infection
survey

for a single mf or CFA survey
conducted at a given time t in village
i. A function of diagnostic test
sensitivity and specificity, sample size,
village-level design prevalence, and
total village level population.

VSe: village Freedom-from- Calculated as the combination of all

sensitivity infection probability SSes from village i from t=ty,, time

given by the t0 t=tenq time
aggregation of all

survey results

conducted in a

particular village

CSe: area- Freedom-from- Calculated as the combination of all

wide or infection probability VSes from t=ty,, time to t=t.,q time

countrywide given by the
sensitivity aggregation of all
village level

sensitivities

pa: design Site-specific Predicted from LF model calibrated to
prevalence transmission site-specific conditions
(village threshold below
level) which infection will

trend toward zero

without further

intervention
Cpg: design Minimum accepted Selected based on operational risk
prevalence proportion of villages tolerance (10%, 5%, and 1%)

(area level) with prevalence above

their pg

village, we calculated the overall confidence at time t using the
equation below to combine survey sensitivities from one or more
surveys from baseline to time ¢ (i.e., for mf and/or CFA surveys).

t=t
VSe, =1 - ](1-5Se)
t=0
Similarly, we could combine the village-level sensitivities across
an area of interest to estimate the area-level confidence of freedom
(CSe). We used a similar equation to that given above but included
the Cp, to reflect the maximum number of acceptable infected
villages in the area. In our analysis, we used a conservative value for
Cpg set to 1/N, in which N = the number of villages in the area.

t=t

CSe, =1 - [ [(1 - CpgxVSe;)

t=0

2.7 Evaluating the effect of continued
interventions and surveillance on freedom-
from-infection probabilities

After carrying out calculations to assess the probability that
Malawi was free from infection (given data to 2014) at the specified
design prevalence estimated for each sentinel site, we sought to
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evaluate how the results would change over time with continued
interventions and surveillance. To do this, we used our site-specific
LF transmission models (calibrated as described above) to simulate
the effects of continued MDA and VC from 2014 to 2020. We
estimated the plausible MDA and VC coverage values from 2015 to
2020 using the missing data imputation methods included in the
Amelia R package (53). Details of our intervention models are given
in the SI. We simulated expected survey data from 2016 to 2018
based on the number of individuals predicted to be still positive for
infection by the projections of our model, maintenance of the
sample sizes used in the 2014 surveys, and inclusion of diagnostic
performance values as used in Michael et al., 2018 (12) for mf and
CFA detection with the use of blood smear examination and antigen
tests respectively. We then included these additional surveys in the
freedom-from-infection probability calculations to evaluate what
impact they would have on village-level and country-level freedom-
from-infection probability outcomes.

2.8 Assessing the relationship between the
number of sentinel sites, country-level
design prevalence, and country-level
freedom-from-infection probability

In this study, we selected 24 Malawian LF sentinel villages based
on data quality and availability. We hypothesized that the country-
level probability of freedom would depend on the number of villages
surveyed. To test this, we generated hypothetical survey results to
reflect the data that would be available if up to 50 villages were
surveyed in Malawi. These hypothetical surveys were simulated to
represent 26 additional sites with CFA surveys conducted in 2003
and 2014 and an intermediate mf survey conducted in 2009, thus
following the typical surveillance activities in Malawi. Survey
sample sizes and the number of individuals testing positive were
sampled randomly from the observed survey data in each year from
the 24 base Malawi sentinel sites. Sampling was carried out using a
uniform distribution with the minimum and maximum values
calculated as the 5% and 95% quantiles to limit extreme
outcomes. We then calculated the country-level freedom-from-
infection probabilities given survey data from 1-50 sentinel sites
at country-level design prevalences (Cp,) of 10%, 5%, and 1% to
assess the sensitivity of the results to these variables.

3 Results

3.1 Model calibration to baseline mf and
CFA prevalence

In this study, we extended our Bayesian melding methodology
to allow models to be calibrated using parallel prevalence data for
two infection indicators, mf and CFA. Because baseline mf data
were not available, we used a logistic regression model fitted to an
external dataset of sites with parallel mf and CFA data to predict the
likely mf prevalence at baseline in each of our study sites based on
the observed CFA prevalence. The fitted logistic regression model
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and the predicted mf prevalence values, along with bootstrapped
95% confidence intervals, are presented in Figure S1 and Table S3 in
the SI.

The predicted mf and observed CFA prevalence and their
respective 95% binomial confidence intervals served as inputs for
facilitating the calibration of our LF model based on the pass/fail
method for each of the 24 Malawi sentinel villages (31, 48). The
baseline CFA prevalence predicted by the locally calibrated models
compared with the reported survey data for each of these villages is
shown in Figure 2. The overlaps of the model predictions with the
observed data points and their 95% confidence intervals indicate
that the fitted models are able to capture the CFA data in each
site well.

3.2 Calculation of site-specific
transmission breakpoints

The numerical values of the CFA and mf 95% elimination
probability thresholds for each of the LF sentinel sites are listed in
Table 3. Because vector control was implemented in Malawi, the
breakpoints were calculated under the TBR estimated for each of
these sites (13, 27). These breakpoint values were used to set the
site-specific design prevalences, p,;, in the subsequent freedom-
from-infection calculations carried out in this study.

3.3 Aggregated freedom-from-infection
calculations

The application of the hierarchical freedom-from-infection
calculator for aggregating the probabilities of infection freedom
based on sensitivities estimated for each sentinel site (see the
Methods section above) to quantify village-level and countrywide
infection freedom status through time are shown in Figures 3, 4,
respectively. The calculated cumulative village-level probabilities of

10.3389/fitd.2023.1233763

freedom over time are shown in Figure 3 and suggest that each of
the 24 study sites had a high probability (>95%) of achieving
infection freedom by the year 2012 after 3-4 rounds of MDA,
with the probability for some sites even reaching high levels
by 2009.

When the village-level probabilities of freedom are aggregated
to the country level, the cumulative probability increases over time,
but does not reach levels as high as those of the individual villages
(Figure 4). This shows that when village-specific sensitivities are
combined, the corresponding confidence of achieving infection
freedom at the higher zone or country level will be lower than
that at the lower village (component) level (52). This is due to the
impact of multiplying these sensitivities over all villages and the
inclusion of the additional design prevalence, Cp,, where we set this
to 1/number of villages (N), or to reflect a risk tolerance of 95%
given that we are sampling 24 sentinel sites. However, as we
demonstrate below, this cumulative countrywide probability is
also dependent on the length of surveys and number of
villages surveyed.

3.4 Probability of freedom given model-
based infection predictions with continued
intervention and surveillance

To simulate the effect of continued interventions, we imputed
MDA, IRS, and ITN coverage data beyond the observed data (i.e.,
2014) to forecast the infection prevalences resulting from the
extension of these drug and vector control interventions to the
year 2020. The imputed coverage predictions are shown in Figures
52-54 in the SI. We used the site-specific models to simulate the
combined impacts of observed interventions (to 2014) followed by 6
additional years of interventions until 2020 on both the community
level mf and CFA prevalence. We extracted the mf and CFA
prevalence data predicted for 2016 and 2018 in each site (Table
S6) and used these values to rerun the freedom-from-infection
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FIGURE 2

Model-predicted community CFA prevalence vs. observed survey prevalence based on immunochromatographic cart tests (ICT) (54). The model
predictions for each site (numbered 1-24, see Table 1) are shown as red points and the surveyed overall CFA prevalences are shown in blue along

with the corresponding 95% confidence intervals
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TABLE 3 Site-specific transmission breakpoint values (signifying a 95%
probability of elimination) for mf and CFA prevalences (%), respectively,
at the threshold biting rate (TBR) in each site.

Study mf prevalence CFA prevalence
villages breakpoints (%) breakpoints (%)
in Malawi

Zilipaine 0.706631 1.131324
Pende 0.729766 1.061919
Gamba 0.726468 1.079779
Nchachal8 0.647649 1.156568
Nchingula 0.683329 1.110355
Bonje 0.683779 1.111227
Kashata 0.590616 1.161131
Chazuka 0.651590 1.343448
Kalembo 0.542673 1.220585
Muyaya 0.539758 1.343952
Maguda 0.459270 1.166067
Mzenga 0.546305 1.273743
Kasonda 0.461153 1.186185
Kamenyagwaza | 0.433760 0.970239
Mizumu 0.393756 0.817717
Gawani 0.390810 0.757235
Mbalame 0.436553 0.786720
Mkaombe 0.440439 0.677098
Chimangansasa | 0.379462 0.683752
Chapita 0.441204 0.703587
Chaslawa 0.374869 0.638238
Kapenda 0.432735 0.611373
Kalulu 0.315350 0.470044
Bongololo 0.427494 0.443642

probability calculations. The results are shown in Figure 5, and
indicate that the continuance of interventions and surveillance will
result in a continuous increase in the cumulative country-level
confidence for attaining infection freedom, which reached nearly
100% by 2018.

3.5 Sensitivity of probabilities of freedom
from infection to number of sentinel sites
and area-wide design prevalence

We next conducted a sensitivity analysis to evaluate the impact
of the number of sentinel sites surveyed and the country-level
design prevalence, Cp, on estimates of countrywide LF infection
freedom probabilities. The results are shown in Figure 6. Increasing
the Cp,; was found to have a potentially dramatic impact on the
countrywide probability of freedom, with at least a 20% difference in
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the estimated probability of freedom when comparing Cp,;= 0.1 and
Cps = 0.01 (ie, 90% or 99% of villages must achieve their site-
specific transmission thresholds, p,, respectively). Interestingly, the
effect of the number of survey sites on the overall probabilities of
freedom from infection was somewhat variable depending on the
choice of Cp,. At smaller Cp, values (e.g., = 0.01, at which 99% of
villages must achieve their transmission thresholds), there was a
relatively linear but smaller increase in the countrywide probability
of freedom of sentinel sites 1-50. However, when larger values of
Cpg were chosen (e.g., 0.05 and 0.1, or at which 95% or 90% of
surveyed sentinel villages, respectively, must attain their
transmission thresholds), there was relatively little change in the
countrywide probability of freedom beyond 25 sentinel sites. These
results imply that if we required a very high level of zonal or
countrywide sensitivity [e.g., increasing the proportion of survey
villages that will meet their threshold thresholds in an area (e.g., to
99%)], then either a larger number of survey sites or longer
durations of interventions would be required until we were
sufficiently confident that an area was free from infection.

4 Discussion

In recent years, the two-stage lot quality assurance sampling
(LQAS) survey has become a commonly used tool for undertaking
global health surveillance and evaluation activities (15, 37, 55-57).
It is recognized as an especially cost-effective tool for identifying
acceptable vs. poorly performing units of a population spread across
multiple distant locations/clusters, given that these LQAS surveys
typically require sampling with fewer individuals than simple
random sampling from a target population (55). In its simplest
form—the basis for the WHO LF two-stage LQAS-based TAS
framework—it is assumed that the spatial clustering of infection
is low and that any clustering, if it occurs, can be countered by
relying on setting small within-cluster samples, both of which in
turn can act to reduce variance inflation in the calculations (55, 58).
However, as has been highlighted by several studies, relying on low
clustering may not be reliable and relying on small cluster sizes may
not be cost-effective if more clusters need to be surveyed (55). These
considerations raise questions about the non-critical use of this
method for a given application.

This may be particularly true in the case of LF infections, which
studies show can exhibit prominent spatial clustering across an IU
even after the implementation of multiple rounds of MDAs (21-25,
36). Apart from disregarding this spatial heterogeneity, the LF TAS
strategy also assumes perfect diagnostic performance, ignoring the
fact that any imperfection in the performance of these tools can lead
to complex interplays between sample sizes and decision rules (37).
TAS also advocates the sampling of a segment (the 6- to 7-year-old
age group) of the population for surveillance, which discounts the
potential for prolonged transmission of the parasite in a community
from continuing adult infection despite reduced infections in
children (13, 23, 25). Finally, it is unclear if the globally set
elimination threshold employed by TAS to guide the binary
decision of either continuing with MDAs or stopping
interventions is the right one applicable, not just for a single
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Cumulative probability of freedom from infection over time in each of the 24 Malawian study sites.

setting, but also for all settings and intervention conditions in a
given spatial domain (26-28).

The above suggests that the current TAS strategy may not
constitute a sufficiently robust surveillance tool to aid the consistent
assessment of whether or not LF transmission has been broken in
every IU (15). The misspecification of each component of TAS, viz.,
the value of the elimination threshold used in TAS (2% antigen
prevalence), consideration of a single area (IU)-wide threshold to be
used universally across all IUs, surveillance restricted to a possibly
inappropriate section of the population, and non-consideration of
diagnostic tool performance (16), can all combine to result in an TU

passing TAS and yet still containing a significant number of
individual villages or clusters exhibiting ongoing LF transmission.
Both empirical and modeling studies attest to the real possibility of
the likelihood of this negative outcome in the field (11, 13-15, 18,
20-25, 29, 36), a situation which will clearly obstruct the ongoing
efforts to successfully achieve the global elimination of the disease.

In this study, we have evaluated an alternate hierarchical two-
stage sampling framework, first developed and used for
substantiating freedom from diseases in animal herd accreditation
exercises (38-40, 52), which is based on combining longitudinal
infection surveillance data from sentinel sites that are used by
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Country-level probability of freedom from LF infection in Malawi with longer interventions and surveillance.

national LF programs to make decisions on whether or not to move
to the TAS phase with transmission model-based estimates of
elimination thresholds applicable to a site, to allow better
predictions regarding if and when the transmission of LF has
been interrupted in a spatial domain of interest to be made (12).
We note that the developed integrated spatially hierarchical
freedom-from-infection tool can overcome the key challenges
posed by the current WHO TAS strategy for facilitating high-
confidence area-wide decisions regarding whether or not parasite
transmission interruption due to LF interventions may have
occurred in a region thereby allowing the safe termination of
control to be made. In particular, we note that although the
inclusion of model-estimated cluster or site-specific infection
breakpoints can overcome the problem of the arbitrarily and
universally applied thresholds used by TAS, the use of survey-
based proof-of-freedom methods that incorporate the impacts of
sample size and diagnostic tool performance in the calculations can,
on the other hand, also address the errors caused by their exclusion
from TAS (12). Sentinel site surveillance additionally targets the

whole community based on sampling up to 300 individuals who are
over 6 years old; the larger sample size and coverage of the whole
community means that data from such surveys may also be useful in
countering the restricted sampling of young children using smaller
sample sizes (approximately 50 per cluster) currently specified in
the WHO TAS methodology (16).

Freedom-from-disease or freedom-from-infection calculations
based on surveys use information on the size of the population to
be screened, the sample size, the sensitivity and specificity of the
diagnostic tests, and the maximum allowable prevalence (called the
design prevalence), to quantify the probability of declaring a
population disease-free or infection-free when the observed or
measured prevalence lies below the design prevalence (12, 38-40,
51, 52). At the core of the method is the notion that it is impossible to
prove that a population is free from a disease in an area even with
large sample sizes, as there is always a chance that an infected
individual may have been missed or that a test result is wrong (38,
39). However, even if it can never be entirely proved that a population
is free from a disease, if enough individuals are surveyed over an area
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and the performance of the diagnostic test and the underlying
population size are taken into account, then it is possible to
calculate how unlikely it is that a population has continuing
infection or disease given the allowable design prevalence (see the
Methods section). A typical requirement using this methodology for
substantiating that a population is free from infection or disease is to
show with a probability exceeding 95% that a measured prevalence
lies below the specified design prevalence, i.e., that we can expect
parasite transmission to be broken when infection levels are detected
to occur below this threshold. This 95% probability for detecting the
disease below the design prevalence can be interpreted as the
sensitivity of the freedom-from-disease survey ( (52); see the
Methods section). As we have shown previously, to substantiate
freedom of LF infection in a population with high confidence, the
choice of the design prevalence should ideally reflect the prevalence
threshold that indicates whether or not parasite extinction would
occur if the detected prevalence of a disease in a population is found
to be below this threshold (12, 26, 27, 30, 44). This means that rather
than relative freedom from disease, which is the outcome to be
expected when using an arbitrarily set threshold, the use of
transmission breakpoint prevalences as design prevalences in these
calculations would allow the demonstration of absolute freedom in
the sense that any disease prevalence detected below such design
prevalences would ultimately decline to the zero-extinction state (13,
27). We demonstrated in this regard how data-driven LF
transmission models that allow the prediction of local infection
breakpoint prevalences can be an important means of specifying
these design prevalences when applying infection surveys for
quantifying the likelihood of meeting the goal of parasite
transmission elimination in a particular population (12).

Switching to two-stage cluster sampling for undertaking area-
wide disease freedom calculations, as described and applied here,
extends the single-stage village freedom assessments that we
previously studied by taking account of the clustering of infection
that occurs at and across local levels (32). A second design
prevalence, e.g., Cpd, is, crucially, also included in these
calculations to address the added uncertainties of sampling
villages or communities from a population consisting of all such
communities in a region. Again, given that this area-wide disease
freedom or absence evaluation is based on samples of a fraction of
communities within a region, we can never be 100% certain that all
infected communities are included in the sample. We can, on the
other hand, specify an areal design prevalence which lowers this
risk, for example, by requiring that > 95% or 99% of communities
meet their site-specific breakpoint thresholds, Pd, as sufficient for us
to accept that we have achieved area-wide elimination of a disease
(52). Note that the lowest Cpd value for a sample of communities is
equal to one/number of villages; this immediately shows that the
number of villages sampled sets a lower limit to the Cpd value,
meaning that lowering the areal design prevalence in a region can
only be achieved by increasing the sample size of the communities
surveyed. Calculating the sensitivity of a two-stage sampling design
for detecting infection is further carried out in a hierarchical series
of steps. Thus, in our two-stage calculator, we first calculate the
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sensitivity of a single survey bout within a community, and then
based on this sensitivity, the sensitivity for detecting infection at the
village level. Based on the results at the individual village-level, we
then assess the sensitivity at the zonal or regional level (52). Note
that by treating each village separately in these calculations, such a
scheme also enables us to take into account clustering and the lack
of independence among individuals at the village level (52).
However, given that sensitivity over time within a village is likely
to come from the partial follow-up of the same individuals, higher
levels of cumulative probabilities of freedom will arise more quickly
if freedom calculations are conducted at the individual village level.
In contrast, this will increase more slowly over time when village
sensitivities are aggregated at the regional level, particularly at low
areal design prevalences (compare Figures 3, 4).

The application of our two-stage hierarchical freedom-from-
infection approach to the data tracking changes in LF infection
prevalences based on repeat surveys carried out in sentinel sites for
the country of Malawi has underscored not only many of the
theoretical insights outlined above, but has also demonstrated the
additional utility afforded by the tool in making effective area-wide
transmission elimination assessments. The first significant result here
is in relation to the values of the mf and CFA prevalence transmission
breakpoints as estimated by our data-fitted models for each sentinel
site population (see the Methods section for our Bayesian data-model
calibration and breakpoint estimation using our model based on
baseline data). The data in Table 3 shows, in line with our previous
work on LF infection breakpoints (13, 26, 27, 30, 44), that the values
of these thresholds below which transmission is most likely to be
broken are at least one- to two-fold lower than the corresponding
WHO threshold value used in TAS (i.e., 1% mf or 2% CFA
prevalence). This instantly emphasizes the point that community
LF transmission is not likely to be broken if the latter’s arbitrarily set
thresholds, as employed by TAS, are used to assess transmission
breakage (13, 27). Field data from a growing number of countries that
have conducted post-intervention assessments are beginning to
support these theoretical findings, indicating that persistent LF
transmission may continue to occur in communities that have met
the WHO endpoint criteria (11, 14, 18, 21-25, 36). The data in
Table 3 also highlights another major feature of LF thresholds, viz.,
that values of infection thresholds will be one- to two-fold higher at
the vector abundance-associated transmission biting rate (TBR)
compared with when the vector population remains undisturbed
[i.e, when the annual biting rate (ABR) is left unperturbed over the
duration of MDA]. As we have demonstrated previously, this is a
function whereby, as vector numbers or the biting rate is reduced to
the TBR, the corresponding infection thresholds in the human
population will increase until they reach their maximal value at
TBR (26, 44). As noted previously, this relationship of LF thresholds
with the prevailing vector population abundance means that
combining MDA with vector control can significantly raise the
probability of achieving parasite transmission interruption in a
community owing simply to the fact that breakpoint values will be
elevated and will reach values that can be breached earlier (44, 59, 60).
Note that the mf and CFA breakpoints estimated and shown for TBR
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(Table 3) are also closer to the WHO-set thresholds, meaning, as we
highlighted before, that the use of such thresholds to assess if LF
transmission has been interrupted could be tenable in some settings
(13, 27).

However, a clear finding illuminated by the results depicted in
Table 3 is that LF infection thresholds can vary significantly
between communities, with the prevalence variations (viz., the
difference between the lowest and highest values) estimated for
the present villages, for example, varying from 130% for mf
breakpoints to 200% for the corresponding CFA breakpoints at
TBR. These large percentage variations for both indicators illustrate
the high levels of inter-community spatial heterogeneity that can
underlie LF infection thresholds across a typical regional
population, calling into question the use of the universal one-size-
fits-all infection breakpoint values currently used in the WHO TAS
strategy for assessing the stoppage of LF transmission across an IU.

The results on the cumulative probabilities of infection freedom
achieved in the individual sentinel sites and across these sites over
time as calculated by the hierarchical freedom-from-infection tool
developed here are shown in Figures 3, 4. These show that, as
predicted above, while the village-level disease freedom or absence
probabilities had reached high levels even by 2012 (> 95%; Figure 3),
the aggregated probability for Malawi as a whole, whilst also
increasing with time, did not reach levels as high as those
achieved in individual villages (Figure 4). Although this could
partly be due to the correlation between successive rounds of tests
when some individuals are re-tested (52), this outcome, as described
above, is also an outcome of using the additional zonal level design
prevalence, Cpd, to account for the extra level of uncertainty
involved in sampling sentinel sites from all available endemic
sites to make area-wide infection freedom decisions (52). As

5

Figure 5 indicates, if the number of these sentinel sites is fixed,
then the only way to increase the zonal (or country in the present
case) probability of freedom is to increase the surveillance/
intervention period. We thus show that if interventions in Malawi
were to be extended from 2014 to 2018 at the levels of MDA, IRS,
and ITN implemented to 2014, then given the Cpd value used (1/N),
the number of sentinel sites surveyed (N = 24), and the predicted
reduction in infection prevalence, then very high levels (close to
100%) of infection freedom would have been achieved in Malawi by
2018 compared with the lower probability estimated to 2014
(Figure 4). The probability of infection freedom that can be
achieved over time is also highly sensitive to the Cpd value
chosen; if this is decreased to low values to obtain a high level of
confidence that area-wide infection has been achieved (e.g., 99%),
then the time to achieve such very high zonal confidences will take
significantly longer than that to achieve lower confidences (e.g.,
95%) (Figure 6). The only way to decrease this time is by increasing
the number of sentinel sites surveyed. This time-zonal design
prevalence trade-off can be used to estimate the number of sites
required to achieve an acceptable high level of zonal confidence that
infection freedom has been achieved as early as possible. In this
study, we showed that the follow-up of the prevalence declines
observed and predicted in the 24 sentinel sites surveyed in Malawi
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was sufficient to allow at least 95% confidence that LF freedom
would be achieved in Malawi by 2018 (for a Cpd value = 1/N) with
continuation of MDA and vector control at the levels these were
implemented in the country to 2014. If higher confidences (e.g.,
99%) are required, then both the number of sentinel sites and the
period of intervention/surveillance will need to be increased
significantly (Figure 6).

The area-wide freedom probabilities predicted by our tool are
sensitive both to the values of the locality-specific infection
breakpoint values quantified by our LF model and their
distribution between the present sentinel sites. In general, the lower
the breakpoint prevalences and higher the degree of clustering in
their between-survey site distribution, the lower the area-wide
confidence that can be expected for a given sample size
configuration (number of sentinel or survey sites and number of
individuals surveyed per site) and performance of the diagnostic tools
used to diagnose infection. Our results demonstrate that the use of
sentinel sites and the application of vector control alongside MDA
can ameliorate this challenge to a large degree. First, the use of
sentinel sites by definition and in practical terms can reduce the
spatial heterogeneity that may be observed for LF breakpoints by
virtue of the fact that these sites represent the settings with the highest
risk of transmission in a region. Note also here that since these high-
risk sites are normally restricted to only two per IU as per WHO
guidelines (16), programmatic decisions based on these sites can be
made over areas much larger than IUs, which are normally districts.
For example, for a small country like Malawi, we are able to make
countrywide decisions based on data from just 24 sentinels. This will
clearly lead to considerable cost savings associated with the need for
surveying up to 30 clusters per IU (as recommended for carrying out
TAS). Second, the use of vector control can raise the values of
breakpoints for vector-borne diseases, such as LF (13, 59, 60). This
can be seen clearly from the values of the breakpoints shown in
Table 3 for mf and CFA in the current sentinel sites at ABR
(applicable when MDA alone is used) vs. the corresponding values
predicted at TBR (applicable when vector control is employed as a
supplement to MDA). These results imply that national programs
could use follow-up surveillance of infection data from sentinel sites
not only to make pre-TAS decisions to stop MDA (16) but also to
make post-intervention decisions (rather than switching to the more
costly randomized 50 individuals x 30 cluster survey design currently
used in the WHO TAS). This will also be true for the enhanced two-
stage cluster survey approaches that have been developed recently to
overcome the issues with imperfect diagnosis and spatial
heterogeneity in infection to improve program decision-making
using the globally set WHO-recommended thresholds (15, 37). The
second implication, as noted previously (13, 26, 27, 59, 60), is that
programs should now seriously consider including vector control
with MDA if the prospects for successfully achieving the elimination
of LF are to be accomplished in the reasonably near future.

Regardless, it is to be noted that surveys to assess the
interruption of parasite transmission over large spatial domains
can never allow intervention-stopping decisions to be made with
100% certainty. Spatial heterogeneity in thresholds, imperfect
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diagnostic tests, and sampling of a fraction of the endemic
populations mean that one can only make probabilistic
statements regarding the achievement of area-wide transmission
elimination (12, 38, 39, 52). This in fact is also true of the WHO
TAS approach, in which sample sizes and critical cut-off values are
powered so that an IU has at least a 75% chance of passing if the
true antigen prevalence is half the threshold level (2% for Culex,
Anopheles, and Mansonia vector areas, and 1% for Aedes vector
areas), and in addition, there is no more than a 5% chance of
passing if the true prevalence is greater than or equal to the
threshold level. This means that IUs passing the WHO TAS
criteria may still contain sites that continue to transmit LF, as has
been observed in several post-TAS field studies (11, 14, 18, 20-25,
36), even if perfect diagnostic tests are used and the spatial
heterogeneity in cluster level infections is taken into account. Our
tool, which combines model-estimated local thresholds with
sentinel site surveillance and is designed to overcome the issues
connected with the use of an inappropriate threshold, imperfect
diagnostic tests, lower cluster sample sizes restricted to only the
child subgroups, and spatial heterogeneity in extinction thresholds,
is also, similar to the WHO TAS, probabilistic in nature, but, as
discussed above, can be manipulated to make intervention stopping
decisions that have significantly higher statistical support than those
made using TAS. Applying the tool to sentinel-site data is also
advantageous in that it can significantly bring down the cost of
surveillance, although once we have attained a high confidence that
area-wide LF elimination has been achieved by the use of this tool
based on the follow-up of a relatively small set of high-risk sample
sites, it would be advisable to include an additional stage based on
surveys of randomly selected sites within a spatial domain of
interest to certify that transmission has been broken
effectively everywhere.

Our results suggest that the time has come to reappraise the use
of the current TAS strategy for aiding decision-making regarding
the sustained breakage of area-wide LF transmission. This study
suggests that in this regard, the model-based area-wide freedom-
from-infection tool described here could offer a better quantitative
framework for determining the interruption of LF transmission in a
spatial domain compared with the current TAS approach. Note also
here that although the data used in the present analysis are based on
mf and CFA, our framework can be easily adopted for any
diagnostic tool, including for the current Filarial test strips. This
is because if data from the application of the latter tool becomes
available, our modeling framework would adjust the parameters
specific to the tool in the model, just as the CFA/mf gain and decay
terms were calibrated with data using the BM approach (as
described in the Methods section). Given increasing evidence
from the field that passing TAS is no guarantee that area-wide
transmission has been achieved, we thus indicate that new
strategies, such as the concept and tool developed here, need to
be evaluated using appropriately designed field studies so that more
reliable assessments regarding parasite elimination in a region may
be made. Otherwise, we fear that there will be a real possibility that
decisions to stop interventions will be supported even while
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transmission in communities continues, which will lead to the
inevitable reemergence of infections over time, negating the
considerable health gains that have been made thus far by
national LF programs.
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