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Supplementary Methods

The model used in this paper develops a previous model linking malaria transmission in the general
population to exposure to malaria in pregnancy, accounting for prevalence and stage of placental
infection, and also associated patterns of malaria-associated low birthweight (LBW) by gravidity. This
model has previously been fitted to observed patterns of placental infection at delivery, by
histological stage and gravidity, and the risk of LBW in the absence of intervention. Full details of the
methodology used to fit the model to these data are described in full elsewhere'?. Here we provide
a succinct description of the model and fitted parameter distributions. We then describe how the
model was used to infer the impact of pregnancy, and pregnancy-specific immunity, upon RDT
sensitivity at first ANC visit during the second trimester, accounting for uncertainty in the
unobserved level of exposure in previous pregnancies. Finally, we describe how parameters
describing RDT sensitivity at subsequent ANC visits were also obtained and incorporated into the
model and how these were the used to assess the effectiveness of different ANC-based prevention
strategies.

Model linking patterns of exposure to malaria during pregnancy and malaria-attributable LBW to
transmission within the general population.

Patterns of exposure to malaria in pregnancy (i.e. the prevalence of malaria at conception and
subsequent infection rate throughout gestation) are linked to malaria transmission, as measured by
the Entomological Inoculation Rate (EIR) — the number of infectious bites experienced by adults
within the general population per year. This value is calculated using the equilibrium solution of a
deterministic version of an established model of malaria transmission®. This model was specifically
re-fitted for the purpose of better estimating the relationship between incidence and patterns of
PCR prevalence outside of preghancy by age and transmission?, as these variables are likely to be
most relevant for determining exposure to malaria in pregnancy.

Malaria transmission in the general population

In brief, non-pregnant individuals in the model are stratified by age category (a) and further sub-
divided into 5 biting heterogeneity classes (h) to capture the variation in the number of mosquito
bites received amongst the population. This results in the following heterogeneity- and age-strata
specific force of infection, A(h, a):

A(h,a) = E(h,a)b(h,a) (1).

Here E(h, a) describes the relationship between EIR, age and heterogeneity strata, given by:
a
E(h,a) = EIR (1 — p exp (a_)) ¢(h) (2
0

Where (1 — p) is the factor by which exposure to mosquitoes is lower in new-born babies (i.e. at
age = 0) and a, determines the rate at which exposure increases with age. The size of the population
in each of the h = 1,..,5 heterogeneity strata and the relative biting rates of individuals in each
biting heterogeneity class, ¢(h), are equal to the weights and coefficients of the Hermite-Gauss



quadrature of a Log-Normal distribution with mean 1 and variance ¢ to a best-fitting approximation
of:

2
log(s) ~N (—"7,02> ©

at the population-level. Meanwhile, b(h, a) is the age-dependent probability of infection following
an infectious bite which depends upon the level of “infection-blocking” immunity an individual has
acquired.

Through this force of infection, A, the EIR then determines the proportion of the population at
equilibrium in each age- and heterogeneity strata within 6 different infection states:

I ry

Supplementary Figure 1| Flow diagram for human stages of the general population model (taken
from Griffin et al.3.)

Individuals are born into a susceptible and parasite-free (S) stage within the first age-stratum of the
hth heterogeneity class at a rate equivalent to the birth rate u, multiplied by the hth Hermite-Gauss
guadrature weighting. Individuals then become infected at a rate dependent on the age- and biting-
heterogeneity specific force of infection A(h, a). Upon infection, individuals experience clinical
symptoms with probability ¢ (h, a), which depends upon the level of acquired immunity (see below),
or they develop asymptomatic malaria (with probability 1 — ¢(h, a)) and enter state (A4), where
infection is detectable by slide microscopy. They then transfer to a lower density stage (U), in which
infection is detectable only using PCR, according to a rate r4, which depends upon acquired “blood-
stage” immunity. They then clear infection and return to susceptible, parasite-free state (S) with rate
1y. Individuals who experience clinical symptoms are treated with probability f;, entering a
treatment stage (T'), to account for post-treatment infectivity, before entering a non-infectious,
protected stage (P), the duration of which depends upon the prophylactic profile of the treatment
drug. Symptomatic individuals who are not treated enter an untreated disease stage (D), becoming
asymptomatic at rate 1, and entering stage (A). Individuals with asymptomatic infection (4, U) can
become super-infected at rate A(h, a) which can lead to symptomatic infection (T or D), or if they



are initially in stage (U), an increase in parasite density to levels detectable by microscopy, meaning
a transition to stage (4).

Immunity in non-pregnant individuals is acquired in three ways:

1) Infection blocking immunity where the probability an infectious bite leads to a blood-stage
infection within each age and heterogeneity category depends upon an immune level I (h, a):

bMAX - bMIN

b(h,a)=b +
(h @) = byw + 0 () 1oy

(4).

Here by 4x is the probability of infection following an infectious bite within an immunologically naive
person, b,y is the probability of infection following an infectious bite in a person with maximum
immunity. Ipo and kj, are scale and shape parameters of the Hill function determining how the
acquisition of immunity I (h, a) moves individuals between these extrema with age.

Iz (h, a) is assumed to increase in proportion to the entomological inoculation rate within a age and
biting heterogeneity strata, E'(h, a), raised to the fitted power parameter 7. It is assumed to wane at
a fixed rate 1/wy:

dl I

—L - Eha) -2, Ih0)=0 (5

da Wpg
2) Blood-stage immunity which serves to reduce the duration of time in which new infection remains
above microscopically-detectable density by increasing the rate at which individuals progress from
Ato U:

(Iy(h, @) [140)"A ) .6

ry(h,a) = TA0<1 + (Tamax/Tao — 1) 1+ (I,(h, @) /Lp)<A

Here the rate of progression in non-immune individuals 4 = 1/(d; — dp), where d; is the duration
of time untreated non-immune individuals retain densities of parasitaemia detectable by microscopy
(including with symptoms) and d, is the duration of time in which clinical symptoms persist.

Tamax = 57— represent the rate of progression to sub-microscopic infection in individuals with
AMIN

maximum immunity, parameterised according to its reciprocal, the average duration of slide

positivity in these individuals. 149 and k4 are scale and shape parameters of the Hill function

determining how the acquisition of immunity I, (h, a) moves individuals between these extrema

with age, with I4 assumed to decay with age according to a constant rate wy:

dIA (hl a) -1 IA (h' a)

da Wy

, latha)=0 (7)

3) Clinical immunity. The development of immunity to modulate the probability of acquiring clinical
disease upon infection by age is also modelled according to a hill function with shape and scale
parameters I and k:

1
14 Uc(h,a)/Ico)*e

¢(ha) = (8)



Where I-(h, a) is driven by a combination of acquired and maternally derived immunity, immunity
that protects children in early life, represented by I, (h, a) and I, (h, a), where I, (h, a) is driven

by the force of infection and a decay parameter wgy:

dica(h,a)  A(h,a) Ica(h,a)

, lea(h,a) =0, (9)

da 1+ Ak a) B Wca

whereas I, at birth is assumed to represent a proportion Pgy, of immunity in young adults and a

waning parameter wey,:

dlcy (h,a) __ Iem (h,a)

da WceMm

) ICM(hl a) = PCMICA(hI 20) (10)

Supplementary Table 1 Fitted parameters and prior and posterior distributions for the parameters

from the general population model

o . Posterior Median (95%
Parameter Description (units) o Source*
credible interval)*
Age and heterogeneity
p Proportion of biting exposure which is age-dependent 0.85 (F) 353
ao Rate parameter for increase in exposure with age 2920 days (F)
o? Variance of log of heterogeneity in biting rates 1.04 (0.83-1.27) 1
Infectious periods
d, Duration of slide-positivity in non-immune individuals 200 days (F) 6713
dp Duration of symptomatic infection 5 days (F) 3]
dy =1/ry Duration of sub-microscopic infection 107.9 (92.3-122.8) days 1
dr =1/rp Duration of post-treatment infectivity 5 days (F) 3]
dp=1/1p Duration of post-treatment prophylaxis 9 days (F)* °
Immunity parameters
Probability of human infection from an infectious bite with 1
byax . . 0.93 (0.84-0,98)
no immunity
Probability of human infection from an infectious bite with 1
buin . . 0.006 (0.004,0.01)
full immunity
Igo Infection blocking immunity scale parameter 1072.1 (916.3, 1231.5) 1
Kp Infection blocking immunity shape parameter 6.05 (5.17, 7.21) 1
. Rate of acquisition of IrTfection blocking immunity power 0.21 (0.17-0.24) 1
scaling parameter
Wg Decay parameter for infection blocking immunity 10 years Bl
damiv = 1/Tapmax Duration of slide-positivity in fully-immune individuals 160 days (F)
Lo Blood-stage immunity scale parameter 4732.5 (F) 1003]
Ky Blood-stage immunity shape parameter 5(F)
Wy Decay parameter for blood-stage immunity 10 years (F)
Ieo Protection from clinical disease scale parameter 53.03 (41.65,66.64) 1
K, Protection from clinical disease shape parameter 2.01 (1.54,2.80) 1
Wea Decay parameter for acquired clinical immunity 30 years [t
Pey Immunity level of new-born relative to mother 0.53 (0.25,0.88) 1
Weum Decay parameter for maternal immunity 230.4 (143.9,348.0) 1




*Parameters which were fixed, either on the basis of original sources or due to issues of identifiability within model fitting
are marker with an (F)

¥Sources of posterior distributions refer to the manuscript in which the parameter was fitted, for fixed parameters both the
primary source for the value, if applicable, and the first manuscript in which this was used (in brackets) are given.

*On the basis of Artemether-lumefantrine which provides protection for a duration (d; + dp) of around 14 days®.

Exposure to peripheral and placental malaria infection and the risk of low-birthweight during
pregnancy

The model of exposure to malaria in pregnancy is individual-based. Each simulated woman is
assigned a heterogeneity class H at age 15. Age at each conception throughout her lifetime is
denoted C = {Cy}, where g = 1,.., F and F represents the total number of pregnancies by age 50.
These values are generated according to gravidity-specific fertility rates stratified by 5 year age
strata between 15-49 calculated from DHS surveys (https://dhsprogram.com/).

Peripheral infections

The times at which a woman is exposed to peripheral infection during her gth pregnancy B, =
{Bg,i, i=1.. nB}, where njp is the total number of blood-stage infections, and the times at which
these infections clear K; = {Kg'i,i =1.. nB}, are then tracked throughout gestation. The infection
status at the beginning of pregnancy, I, drawn according to the proportion of the population in each
infection stage for that age- and biting-heterogeneity class such that By ; = 0, (i.e. the time of

D(H,Cg)+A(H,Cq)+U(H,Cq)
N(H,Cg)

infection is the same as day 0, the day of conception) with probability , the

prevalence within the strata as detected by PCR for asexual-stage parasitaemia.

If not infected at conception, By 1 = X(A(H, Cg)), where X(.)~Exp(.). Subsequent blood stage
infections are then drawn according to the force of infection experienced throughout pregnancy:

Byj+1 =By + X(A(H,Cy)) (11)

By is then the set of By ; < 280 (i.e. 40 weeks, the assumed timing of delivery). If By ; = 0, (i.e. the
woman was infected at the point of conception), the time during gestation at which this infection
will eventually clear, if at all, depends upon the stage the infection had reached:
X(rp) + X (ra(H,C,)) + X(ry)  ifly =D
Kon =\ x (ra(H,¢,)) + X () ifly=4 (12)
X(ru) if IO =U

For subsequent infections (j > 1) clearance times depend on the time of exposure and the level of
acquired immunity:

By,j + X(rp) + X (1a(H,C,)) + X(ry) with probability ¢(H, C,)

=

(13)

9 By +X (rA(H, Cg)) + X (ry) otherwise

(N.B. though not included in the above equations for ease of notation, symptomatic infections are
also treated with probability f;, in which case they contribute to neither B; nor K; and a period of
prophylaxis equivalent to X () + X(rp) is incorporated into the calculation of these times).


https://dhsprogram.com/

Placental infections

Placental malaria consists of malaria parasites becoming ‘sequestered’ in the placenta. This stage is
responsible for much of the morbidity specific to malaria in pregnancy. We assume that this can
occur at any point during a peripheral infection from 12 weeks gestation (around the time maternal
blood begins to flow readily into the intervillous space of the placenta!!). We assume that it takes a
week (i.e. 2-3 cycles of replication) for parasites to begin expressing VAR2CSA, the Plasmodium
falciparum erythrocyte membrane protein 1 (PfEMP-1) variant which binds to Chondroitin Sulphate
A (CSA) and reaching appreciable densities within the placenta (i.e. the earliest placental infection
could occur is 12+ 1 = 13 weeks after conception).

In primigravidae, or pregnant women who have not been exposed to placental infection previously
we assume that all infections are capable of sequestering to densities within the placenta that would
be detectable by histological analysis (note such analysis is only generally possible at delivery). This
assumption is based upon previous modelling where evidence of placental infection (including
pigment left by resolved infection) at delivery were estimated to be consistent with expected
cumulative incidence of exposure given contemporary estimates of local EIR™.

If a woman has a peripheral infection prior to 12 weeks of gestation placental infection will therefore
occur at 13 weeks of gestation, provided the peripheral infection lasts beyond 13 weeks of gestation.
Define By = {P,;,i = 1...np}as the timings at which np separate infections sequester within the
placenta. In primigravidae, in the absence of intervention, P; ; = 91 (i.e. 13 weeks gestation) if

DBy < 848K, >91)] 21 (14)
J

where 1(.) represents the indicator function, taking the value 1 if true and 0 if false. After this initial
stage of susceptibility of infection, subsequent infections sequester within the placenta a week after
any new blood-stage infection (i.e. By j + 7).

Once sequestered, a placental infection in the model can go through three stages of infection, each

corresponding to distinct stages of infection that can observed at delivery through histology.

Histological examination looks at two aspects, the presence of parasites (referred to as ‘active’

infection), and the presence of detectable hemozoin pigmentation (a by-product of parasite

digestion of red blood cells).

1) acute infection, where parasites are present in the placenta, but have not been sequestered for
sufficient time or at sufficient density to produce detectable hemozoin pigment;

2) chronicinfection, where parasites are present AND pigmentation is detectable either freely or
trapped within fibrinoid deposits;

3) pastinfection, where no visible parasites remain but pigment remains visible (note as we only
consider active infection in this analysis this aspect of the model is not described).

The set of times at which each placental infection is cleared from the placenta, R, = {Rgli,i =
1...np}, are then:

Rgi = Poi+ X(r0) + X (ve(vy)) (15)

where y; is the rate at which placental infections that would be diagnosed as acute by histology at
delivery produce sufficient pigment to be diagnosed as chronic, and y. (vi,g) is the rate at which
these chronic infections are cleared so that only pigment would be detected, which depends upon



the number of times a women has been infected in pregnancies preceding the current one v, as
described below.

Immunity to placental malaria

Immunity to placental parasites is acquired over successive pregnancies. We assume this is acquired
as a function of the number of previous exposures to placental infection a woman has experienced
in previous pregnancies v; 4. This can affect the progression of placental sequestration in two ways
(representing the best fitting of a range of models fitted to patterns of placental histology in the
absence of intervention?):

1) itcan lead to a peripheral infection failing to sequester within the placenta to appreciable levels
(and thus is not included within P; ;) with probability:

1
vV, a
9
(1+(3))
where £ and «a are shape and scale parameters of this “placental infection blocking immunity”
which were fitted to the histology data.

(16)

2) Italso serves to increase the rate of clearance of chronic infection:
Vg\¥
Yc(Vg) = Yco <1 + (;) (17)

where  and 1 are shape and scale parameters of this “chronic placental infection-stage

immunity” and yq is the rate of clearance in primigravid women, or multigravidae who were
never exposed during previous pregnancies.

The posterior distribution of these parameters were then fitted to data on the prevalence of
placental infection at each stage in different settings and by gravidity in the absence of intervention
and are presented in Supplementary Table 2 (see! for full details of model fitting).

PCR positivity throughout pregnancy, xg, is then defined according to whether any infection remains
active, either within the peripheral blood or placenta:

np
2[1(Pg,i <t,R;; >t)][=1] (18)
=1

np
xh(t) =1 Z[l(Bg,j <tKg; > )|+
-] ;

J

Supplementary Table 2| Fitted parameters for the model of placental infection

Description Posterior Median (with ~ Source

Symbol _

95% credible interval)
1/TA Mean duration of acute infection (days) 53.7 (41.2,65.2) 1
1/TC Mean duration of chronic infection in previously 94.2 (73.5,118.1) 1

unexposed women (days)

v Power parameter of infection blocking immunity 1.01(0.51,2.36) !



,f Offset power of infection blocking immunity 14.5. (8.3,37.4)

1/) Power parameter of faster clearance of chronic infection 2.23(0.59,9.68)
T Offset parameter of faster clearance of chronic infection 1.16 (0.31,1.98)
{ Additional hazard of LBW per day with chronic infection 0.002 (0.001, 0.003)

Exposure to infection and Low Birth Weight (LBW)

In a subsequent analysis?, various models of the link between exposure to infection and malaria
attributable LBW were fitted to data from studies describing the pattern of LBW, stratified by
gravidity and stage of placental infection at delivery. The best fitting model, among those fitted, was
one in which the risk of LBW is driven by the duration during which a women experiences exposure
to the chronic stage of placental infection. The additional risk of LBW is accumulated according to a
constant per-capita additional risk of LBW multiplied by the duration of gestation in which chronic
infection occurred.

Inferential framework for estimating the impact of pregnancy upon RDT sensitivity

Inference upon the set of parameters determining the impact of pregnancy upon RDT sensitivity,
denoted W, was conduced within a Bayesian framework. We fitted the model linking transmission in
the general population and exposure to malaria in pregnancy, with parameters 0 listed in
Supplementary Tables 1 and 2, to the number of women testing positive by PCR in pregnancy by
gravidity at enrolment within each trials. Specifically, fitting the probability of being PCR positive
during any pregnancy PCR? = {pcrgrj}, to obtain the unobserved PCR prevalence within non-
pregnant adults in each trial, PCR4 = {pcrf}, and the probability distribution, V, ; (y), of the
unobserved number of previous pregnancies y each women has experienced previously, which
depends upon the level of transmission in site j and the woman’s gravidity g. This was used to fit ¥
to the set of RDT results in each setting stratified by gravidity, RDT” = {rdtglj}, as follows:

P(¥,E|RDT?,PCR?, ®, 0, F) o« P(RDT?|¥,PCR?, ®,E,®,F)P(PCR?|E,0,F)P(E,¥) (19)

PCR prevalence in pregnant women of gravidity g within site j was modelled based upon the
simulated lifetimes of 1 million women. Here, pregnancies are assuming to occur at age- and
gravidity-specific rates which are calculated from the most recent national DHS survey for the first
administrative unit in which the trials took place (these rates are denoted F = {F, g4 ;}). Defining this
PCR prevalence X ;:

P(PCRIE, ©,F) = 1_[ 1_[ %, PToi(1—%,;) 7P (20)
j g

a binomially-distributed likelihood linking observed PCR prevalence to that generated by the model,
where NgPJ represents the number of women tested at enrolment stratified by site and gravidity.
The likelihood of observing the number of RDT positive test results within those women who were
PCR positive is then

pcrg,]-—rdtg,]-

P(RDT|PCR, ¥, ®,E,0,F) = 1_[ 1_[ 55,/ (@)ei(1 -5, ,;(P)) (21)
J g



where S, ; (@) is the average RDT sensitivity within women of gravidity g in site j.

We examined four possible functions for 5, ;(®) representing: Model 1: that sensitivity is
independent of transmission and immunity; Model 2: that the odds of detecting infection are
proportional to those in non-pregnant adults, which in turn depends upon transmission, but are
independent of gravidity, Model 3: that the odds of detecting infection decline with gravidity-
dependent immunity but are independent of transmission setting; Model 4: that the odds in
primigravidae are proportional to those in non-pregnant adults but then decline with gravidity -
specific immunity — parameterisations of these models are shown in Supplementary Table 3.

Supplementary Table 3| Model comparison of different models of the impact of pregnancy upon
RDT sensitivity at enrolment into ISTp.

Model Parameterisation Deviance  pD DIC

1. Transmission and 0dds(sf;) =B 5554.78 5.4  5559.64
gravidity independent

2. Transmission 0dds(S};) = (1 + B) 0dds (SA(xj)) 5500.22 6.1  5506.32
dependent, gravidity

independent

3. Transmission b B 5414 7.68 5421.68
dependent, gravidity Odds(sij = (1 n .-/6)”

dependent Yij

4. Transmission-, ( , I ( A( )) 5365.12 8.2 5370.24
ravidity-dependent 0dds(S;;) = | 1+ -————7 | 0dds (S*(x;

g Y P ) (1 + y”/6) ]

Models were fitted using Markov Chain Monte Carlo (MCMC), with parameters updated in isolation
using a Metropolis-Hastings proposal distribution with standard deviation tuned to a targeted 23%
acceptance ratio during the burn-in of 10,000 iterations, chains were then run for a further 100,000
iterations, with auto-correlation reduced by selected draws from the posterior every 10™" iteration.
Convergence was assessed visually and by starting chains from multiple initial values. Model
selection was based upon the Deviance Information Criterion (see Supplementary Table 3), on this
basis Model 4 was selected. Posterior distribution for the parameters determining the impact of
pregnancy upon RDT sensitivity, as well as the level of transmission within each trial setting are
shown in Supplementary Figure 1 and Supplementary Table 4. The fit of the model to the data is
shown in Figure 2 of the main text.
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Supplementary Figure 2| Posterior distribution for the final fitted model of RDT sensitivity (Model
4). Top row shows parameters describing the impact of pregnancy upon immunity, bottom two
rows show site-specific EIR. Black dashed lines show posterior medians, grey dotted lines show

95% credible intervals.

Supplementary Table 4| Prior and posterior distributions for the final fitted model of RDT

sensitivity (Model 4).

Parameter

B — boost in odds of detection
relative to non-pregnant adults

1 — shape parameter for effect of
gravidity-specific immunity

6 — offset parameter for effect of
gravidity-specific immunity

Prior distribution
(parameters)

Gamma (shape =0.001,
scale=1000)

Gamma (2,5)

Gamma (2,0.4)

Posterior distribution Median
[95% credible interval]
16.06 [12.50-20.77]

2.35[1.39-4.06]

0.54 [0.30-0.76]



Trial specific annual EIR: Uniform (0,10000)

Burkina Faso 150.8 (97.3-223.6)
The Gambia 0.79 (0.53-1.14)
Ghana 161.8 (114.6-216.6)
Kenya 16.7 (10.5-27.7)
Mali 7.61 (5.16-11.73)
Malawi 37.1(26.2-50.67)

Incorporating the sensitivity of RDTs during subsequent visits

Infections at subsequent visits following enrolment reflect some combination of (i) new infections,
(i) infections that were not detected at the previous visit and have persisted throughout the interim
period and (iii) infections that were detected but were not successfully cleared. As a result, RDT
sensitivity at later visits is unlikely to be related to sensitivity outside of pregnancy in any
straightforward way. We therefore modelled RDT sensitivity at subsequent visits separately using
logistic regression. Potential individual-level variables considered within the regression were:
gravidity; number of previous visits where testing had been conducted; PCR result at previous visit;
RDT result at previous visit; whether infection had previously been detected throughout pregnancy
by RDT; whether infection had previously been detected throughout pregnancy by PCR. Model
selection was based upon stepwise and reverse-stepwise regression, including a normally-
distributed random-effect term for each site. The best fitting model by AIC included an intercept
term representing an odds of detecting infection in primigravidae not infected at the previous visit
of 1.14 (0.52-2.52 95% Confidence Interval (C.1.)) this is then modified by gravidity, with a decrease
in odds ratio (OR) = 0.87 (0.78-0.96 95% C.l., p=0.005) per pregnancy, and if the woman was positive
by PCR at her previous visit, OR= 0.70 (0.53-0.92, 95% C.I., p=0.01). Significant heteroskedasticity
between study sites remained unaccounted for within this final model, which may reflect variation in
spacing or timing of ANC visits, biological and immunological interactions or drug adherence that we
were not able to capture. However, comparison of model simulations of dynamics of PCR prevalence
throughout pregnancy and those observed in the data suggest a good overall agreement (see Figure
3 of the main text).

Implementing alternative strategies within the model

We define the set of ANC visits V = {v € 1..n,}, with associated timings for each ANC visit t,,. The
modelled sensitivity of RDT if provided at each visit, which depends upon the gravidity, visit number
and previous infection status of a women at the visit as described above, is then denoted s,,. The
result of an RDT at visit v was then positive if the woman was PCR positive at the time of the visit
(i.e. xg (t,) = 1)and s, > uy, 1, where u,, ; is a random draw from a uniform distribution between 0
and 1. Women then either received no intervention, the same drug regardless of the result (IPTp), a
drug only if they tested positive (ISTp) or a different drug dependent upon whether they were
positive or negative (hybrid). Each drug was assigned a curative efficacy parameter ep, representing
the probability the drug was effective at clearing an infection, and an average duration of
prophylaxis hlp as described in the main text (in the cases of SP this depended upon the level of SP
resistance within the simulation). If a drug was provided it was effective if e, > u,, , (a second draw
from a uniform distribution between 0 and 1).

If effective treatment was implemented by truncating any ongoing infections:

Ky, =t, Vjis.t.(K;; >t,N By; <t,) (22)



A period of prophylaxis p,~W (hlp, 8), where W(a, b) is a Weibull distribution with mean a and
shape parameter b. (NB, This distribution was chosen to replicate a more realistic distribution of
prophylactic duration whereby a drug provides good protection until a threshold minimum
inhibitory drug concentration is reached, and afterwards protection declines rapidly, relative to a
more commonly used exponential distribution which, due to it high variation, is likely to
overestimate the proportion of women who receive full protection between visits). This period of
protection was then implemented by pruning any new infections occurring in the interval [t,, t, +
Pv], as well as any placental exposure associated with that infection.

Uncertainty analysis of the relative impact of alternative strategies

An uncertainty analysis of the relative effectiveness of the alternative strategies to IPTp-SP in an area
with high quintuple resistance was conducted (see Figures 5 and 6 of main text) which included the
main factors determining incremental effectiveness within the model. This involved simulating from
300 draws of the fitted joint posterior of our model of the natural progression of malaria during
pregnancy (Supplementary Table 2) and impact of immunity upon RDT sensitivity (Supplementary
Table 3), whilst holding parameters determining the relationship between EIR and peripheral
prevalence at conception and infectious bites during pregnancy fixed to their posterior median
(Supplementary Table 1). To focus upon differences associated with choice of strategy we held
timing of ANC consistent across all simulations with visits at 20, 27 and 34 weeks gestation for IPTp,
ISTp and hybrid strategies, whilst a comparative simulation of Monthly DP was also provided,
simulated at 16, 20, 24, 28 and 32 weeks gestation. In addition to uncertainty with respect to the
accuracy of the diagnostic we also incorporated uncertainty with respect to the efficacy and
longevity of a chosen drug as detailed in Supplementary Table 5.

Supplementary Table 5| Distributions of drug effectiveness used within uncertainty analyses

Parameter Distribution Source

Curative efficacy of effective Triangle (0.99, 0.98,0.95)¢ 12
drug (AL, DP or SP in areas
with low quintuple mutation)*

12,13

Half-life of prophylaxis DP or Triangle(28 days, 21 days,35
SP in areas with low quintuple | days)
mutation.®

Half-life of prophylaxis of AL Triangle(10 days, 7 days, 15
days)

Curative efficacy of SP with Triangle(0.79, 0.75, 0.83) 12
high quintuple mutation

Half-life of prophylaxis of SP Triangle (7 days, O days, 14 12

with high quintuple mutation days)

¥Efficacy of DP and AL also assumed to be near perfect so given the same distribution as observed
near-perfect curative efficacy of SP in areas of low quintuple

€DP and SP assumed to have same prophylactic profile as described in main text

ETriangle(m, [, h) refers to a triangle distribution with mode m, lower limit [ and upper limit h
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