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Key Takeaways

(1) PMI’s activities have facilitated widespread delivery of core malaria interventions (ITNs, SMC,
IRS, and ACTs) across diverse settings

From 2005-2024, there have been wide scale increases in four key classes of malaria control coverage. Of
these increases in coverage, we estimate 32.7% of this can be attributed to PMI financing for artemisinin

combination therapy (ACT), 43.3% for indoor residual spraying (IRS), 18% for insecticide treated bed-nets
(ITNs), and 11.4% to increases in seasonal chemoprevention (SMC) coverage.

PMI made its largest proportional contribution to the total coverage of interventions in the period 2018-
2020 reaching 72% for IRS, 28% for ITNs, 24% for ACTs, and 17% for SMC.

(2) PMI has contributed substantially to reductions in malaria transmission and mortality across
partner countries.

During this period, the procurement and distribution of malaria interventions by PMI averted an
estimated 379 million cases (95% credible interval: 273, 606 million) and 1.1 million deaths (95% credible
interval: 0.7, 1.5 million).

In 2024, the incidence rate was 11.8% lower and the mortality rate was 15.7% lower due to PMI
activities than if PMI funded activities had not occurred.

The average cost per case averted was 18.6 USD (95% Credible interval 11.6, 25.8. USD) and per death
averted was 6,205 USD (95% credible interval: 4,587, 9,848 USD) when considering PMI spending on
ACT, IRS, ITNs, and SMC.

Results should be interpreted as PMI’s contribution within a wider, coordinated financing context.
Investment decisions were taken jointly with national programmes and aligned with partner funding
with PMI support intentionally complementing other resources.

(3) Independent analysis by two different modelling groups align on PMI’s impact in SSA.

Two independent modelling groups, using distinct modelling frameworks and a shared data foundation,
reproduced historical malaria incidence and mortality trends with and without PMI support, converging
on estimates of PMI’s impact of a similar magnitude.

This ensemble approach demonstrates the analysis is robust to different structural assumptions and
inference approaches, increasing confidence that the conclusions reflect real epidemiological signals.
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1. Background

Since its inception in 2005, the President’s Malaria Initiative (PMI) has made substantial investments in
reducing malaria transmission and improving health outcomes across partner countries [1].

Building on previous work which quantified PMI’s impact across partner countries in Africa and the
Greater Mekong Subregion from 2005 to 2017 [2], and that compared trends in under-five mortality
rates between PMlI-recipient and non-recipient countries from 1995 to 2014, [3] this report updates and
extends this evidence base to provide updated estimates of PMI’s impact through to 2024. For
robustness, this analysis uses two established, independent modelling frameworks: transmission-
dynamic malariasimulation (Imperial) and geostatistical (Malaria Atlas Project) which use a shared data
foundation but different modelling methodologies.

The findings provide high-level, estimates of malaria cases and deaths averted due to PMI-supported
activities across countries in sub-Saharan Africa (SSA). The retrospective impact is reported as a
combined, ‘ensemble’ estimate across the two modelling groups, aggregated across all partner
countries.

These results illustrate the scale of PMI's historical impact and are intended to inform global health
researchers and practitioners. The output of this work is not designed to support operational planning or
future decision-making; rather, it aims to summarise the broad impact of PMI investments to date.

This project has been conducted as a collaboration between Imperial College London’s Translational
Modelling Hub, the Malaria Atlas Project (MAP), the Clinton Health Access Initiative (CHAI).

2. Methods

Method overview

This analysis follows established workflows developed independently by the two modelling groups. Two
complementary, but different modelling frameworks were used to simulate malaria incidence and
mortality at subnational resolution across 25 PMI-supported countries under two scenarios: one
modelling historical trends reflecting real-world estimated intervention coverage and a counterfactual
scenario without PMI-funded interventions. Model outputs were compared across groups and were
combined to produce ensemble estimates of malaria cases and deaths averted as a result of PMI-
supported activities across sub-Saharan Africa.

2.1 Malaria transmission models summary

MAP

A Bayesian geospatial modelling framework was used to characterise historical trends in malaria
infection prevalence (PfPR>-10). Hierarchical geostatistical model was fitted to 59,516 cross-sectional
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observations of age-standardised PfPR collected between 2000 and 2023 [4]. Observations were
standardised for diagnostic method and age prior to modelling. The model includes geospatial estimates
of intervention coverage (insecticide-treated bed-nets, indoor residual spraying, and access to effective
antimalarial treatment), alongside environmental and socioeconomic covariates derived from
established MAP data catalogues.

Intervention effects were estimated empirically within the Bayesian framework, including explicit
modelling of the physical and insecticidal components of ITNs as a function of baseline transmission
intensity and pyrethroid resistance. Additional terms controlled for environmental and socioeconomic
predictors, baseline endemicity, and unexplained variation via structured and unstructured random
effects.

Estimated PfPR was converted to estimated clinical incidence using an established natural history model

[5].

Imperial
Model framework

The model used, ‘malariasimulation’ [6], is a dynamic individual-based transmission model of
Plasmodium falciparum malaria specifically designed to simulate malaria transmission dynamics in sub-
Saharan Africa and extensively fitted to and validated against empirical observations.

It includes a full dynamic mosquito-vector element enabling accurate representation of vector-control
interventions such as long-lasting insecticide-treated nets (LLINs, referred to as ITNs) and indoor residual
spraying (IRS). Other interventions supported include case management with artemisinin combination
therapies (ACTs) and prophylactic protection for certain age groups through seasonal malaria
chemoprevention (SMC). A brief summary is reproduced below from Winskill et al. 2017. Full details of
the model structure found in Appendix S1 of that publication [2].

The model stratifies humans by age and exposure levels and individuals are modelled as initially
susceptible (S) and can become infected with a given probability via an infectious mosquito bite (Figure
2.1). Following a latent period (liver-stage) individuals may develop symptoms and seek treatment (T) or
be asymptomatic (A). Treated individuals become susceptible again following a short period of partial
protection by drug-dependent prophylaxis. If untreated, individuals experience symptomatic disease (D)
with high infectivity then recover to an asymptomatic state. All patently asymptomatic individuals
become subpatently asymptomatic (U) before natural clearance occurs to a susceptible state.
Superinfection can occur from all asymptomatic and subpatent states. Those with clinical disease are at
risk of severe disease and death.
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Figure 2.1 Malariasimulation Flow diagram of progression between human infection states. States are
shown in boxes and state transitions by arrows with associated hazard rates. The circle represents the
treatment node. Superinfection is indicated by dashed blue arrows. S = susceptible, D = clinical disease, T
= successfully treated disease, A = asymptomatic patent infection, U = asymptomatic subpatent infection

[2].

A key feature of this framework is the inclusion of acquisition and loss of naturally acquired immunity.
Clinical immunity develops earliest and protects against severe disease and then clinical disease. It is
exposure driven and possesses an age-dependent component to the risk of severe disease and mortality.
Later, antiparasite immunity develops which is age and exposure driven and reduces parasite density and
so infection detectability. Anti-infection immunity develops later in life and reduces probability of
infectious bites resulting in patent infection. Parameters determining immunity acquisition were taken
from a previous Bayesian model calibration to severe disease incidence, clinical incidence, and parasite
prevalence data stratified by age across a range of transmission settings [7], [8].

All infection states are onwardly infectious to mosquitoes, with infectivity correlated with parasite
density (i.e., clinical disease: highest, patent asymptomatic: intermediate, subpatent: lowest). Mosquito
vectors are modelled as a compartmental formulation incorporating the larval stages of infection and
adult female infection stages. The parameters used for this stage were taken from previous model
calibrations to mosquito feeding studies [9].

Derivation of epidemiological outcomes

In malariasimulation, the model tracks the number of individuals transitioning between infection states,
allowing the number of new clinical malaria cases to be reported over the defined time horizon.

Deaths attributable to malaria infection are not explicitly represented within the model’s disease
progression states. Instead, malaria mortality is derived from the number of individuals progressing to
severe malaria. The companion package ‘postie’ is used to estimate malaria mortality from the simulated
burden of severe disease [10]. This is done by first modifying the incidence of severe malaria based on
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the probability that an uncomplicated case progresses to severe disease, accounting for treatment
availability (coverage), treatment efficacy, and the probability that progression to severe disease is
averted. Mortality is then calculated by applying setting-specific case-fatality ratios, incorporating the
probability of hospitalisation among severe cases and the differing fatality risks associated with
hospitalised and non-hospitalised community-managed severe malaria.

2.2 Data
2. 2. 1 Simulated settings

Geographically-specific data was used in the simulations of each modelling framework to

accurately represent malaria dynamics at the first administrative level (admin 1) across PMI partner
countries in SSA: Angola, Burundi, Benin, Burkina Faso, Céte d'lvoire, Cameroon, Democratic Republic of
Congo, Ethiopia, Ghana, Guinea, Kenya, Liberia , Madagascar, Mali, Mozambique, Malawi, Niger, Nigeria,
Rwanda, Senegal, Sierra Leone, Tanzania, Uganda, Zambia, and Zimbabwe.

This data included population and demography (population size and growth, population at risk, age
structure); historical intervention use in the country (ITN use, pyrethroid resistance, IRS, drug-type, SMC,
number of rounds of SMC, treatment coverage); and seasonality data affecting mosquito dynamics
(rainfall, carrying capacity). Running the simulations at the admin 1 level of spatial resolution ensured
that the results reflect heterogeneity in transmission intensity, intervention exposure, and population
immunity over time across local settings [11] .

High-level country metadata were obtained from GADM [12], and ISO codes were assigned using the
open-source ‘countrycode’ software [13]. All other datasets, primarily sourced from the open-

source Malaria Atlas Project (MAP) and the World Malaria Report (WMR) are summarised in Appendix
Table 5.1.

2. 2. 2 Historical Trends and Intervention Coverage
Calibration and historical trends
Imperial

Simulations with Malariasimulation were parameterised using calibration outputs from a previously
conducted analysis. In that work, the malaria transmission model was calibrated to reflect the historical
prevalence trends (for children aged 2-10 years) at the admin 1 level. The calibration identified the
entomological inoculation rate (EIR) input that yields a modelled PfPR;.10 that matches the MAP
historical PfPR.10 over a defined period (2014-2018) to a defined level of precision, accounting for site-
specific intervention histories. These fitted parameters were carried forward unchanged for the present
analysis and were not re-estimated.

MAP

The Bayesian geospatial framework used by MAP empirically characterised the impact of the four key
intervention classes. First geospatial reconstructions of intervention coverage were modelled using
programmatic and DHS Program survey data. These were then combined with remotely-sensed
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https://data.malariaatlas.org/
https://www.who.int/teams/global-malaria-programme/reports/world-malaria-report-2024

environmental and socioeconomic covariates in a geostatistical model fitted to 59,516 cross-sectional
observations of age-standardised malaria infection prevalence (PfPR2-10) collected between 2000 and
2023. Estimated PfPR,.10 was then converted to clinical incidence using an ensemble of natural history
models calibrated to active case detection studies co-observing age-prevalence and age-incidence
structures [5]. Mortality estimates were derived by multiplying estimated untreated clinical cases by
nationally-specific untreated case fatality rates [14].

Intervention Coverage & PMI contribution

In addition to historical intervention coverage (Appendix, Tables 5.2.1-5.2.2), data detailing the annual
proportion of this coverage attributable to PMI funding in each location was used in estimating the
impact of PMI-specific activities in each region (Appendix Tables 5.3.1-.5.3.2). This data was gathered by
MAP using Malaria Operational Plans (MOP) for each partner country published by PMI. MOPs are
detailed documents created in collaboration with national malaria programmes that outline PMI planned
activities, interventions, and support that would be provided for each specific country to bring them
closer to malaria control and elimination goals. These documents were obtained prior to the Executive
Order issued in 2025 which initiated a review of US foreign aid, after which these materials were
inaccessible.

The most recent PMI MOPs extend to 2024; however, uncertainty surrounding the delivery of 2024
programmes due to government shutdowns means that 2023 is the final year for which proportional
contributions of PMI funding to interventions can be estimated with confidence. Accordingly, it was
assumed that PMI’s proportional contributions in 2024 were maintained at their 2023 levels.

Figure 2.2.2.1 summarises the overall coverage of each intervention of interest (ACT, IRS, ITN, and SMC)
in the presence (solid line) and absence (dashed line) of PMI funding. Coverage is weighted by
populations at risk and aggregated across all countries, with further detail on PMI’s proportional
contribution provided in (Appendix Tables 5.3.1-.5.3.2). The size of the gap between the solid and
dashed lines therefore represents the magnitude of PMI’s contribution to each intervention over time.
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Figure 2.2.2.1. Annual historical and counterfactual coverage of key malaria control interventions (ITNs,
SMC, IRS, ACT) across 25 PMI-supported countries. Coverage estimates are population-weighted across
national and subnational regions, reflecting persons at risk across all countries.

Figures 2.2.2.2 (A) and (B) and Figures 2.2.2.3 (A) and (B) illustrate the spatial distribution of PMI-
supported malaria interventions across SSA. In) Figures 2.2.2.2, maps A and B show the mean proportion
of ITN usage and ACT coverage, respectively, attributable to PMI within partner countries. Bed net
coverage is given as usage, the proportion of the population with access to and in possession of a bed
net that sleep under it. These figures highlight the substantial geographic variation in PMI’s contribution.
In contrast, Figures 2.2.2.3 (A) and (B) identifies regions in which PMI has supported SMC and IRS
respectively, shown as a binary indicator of involvement rather than coverage intensity.
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Figure 2.2.2.2 Mean proportion of A ITN usage B Effective antimalarial treatment coverage, attributed
to PMI. ‘Usage’ is defined as the proportion of the population which possess a bed-net who slept under
it. Estimated extent and proportions of coverage attributed to PMI derived from MOPs and associated
commodity gap analysis tables.

Figure 2.2.2.3 Countries in which PMI has supported A SMC B IRS. Estimated extent reconstructed from
PMI MOPs.
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While temporal trends in Figure 2.2.2.1 above shows intervention coverage aggregated across countries,
these maps demonstrate that PMI’s contributions are spatially heterogeneous. In some settings, PMI has
been responsible for a large share of coverage for specific interventions, whereas in others its
involvement is less or absent. Countries with substantial PMI support for one intervention (e.g. ITNs) do
not necessarily receive comparable support for others (e.g. ACT, SMC, or IRS), reflecting context-specific
programmatic priorities and delivery strategies.

Therefore, although aggregate trends suggest consistently high PMI contributions to certain
interventions, these maps highlight the heterogeneity in the spatial distribution and the level of PMI
support sub-nationally across the continent.

Alignment Of Models

Beyond alignment on intervention coverage and burden inputs, the two models were not otherwise
harmonised. This reflects their fundamentally different modelling paradigms: one is a dynamic,
individual-based mechanistic transmission model that explicitly represents infection, immunity, and
feedback processes over time, while the other is a geostatistical model that estimates the empirical
associated between intervention, environmental and socioeconomic predictors and observed malaria
prevalence, without explicitly simulating transmission dynamics or immune acquisition. As a result,
differences in internal structure, assumptions, and sources of uncertainty are intrinsic and expected, and
outputs should be interpreted as complementary perspectives rather than directly comparable point
estimates.

2. 2. 3 PMI spending trends

Data on annual amounts of PMI spending across all malaria control intervention activities from 2006—
2024 were obtained from Malaria Data Integration and Visualization for Eradication (M-DIVE), a web-
based data platform developed by PMI to integrate multiple types of malaria-related data for decision-
support and analytics [15] . Annual USD investments by PMI, disaggregated by spending category, are
presented in Figure 2.2.3.
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Figure 2.2.3 PMI annual investments (USD) 2006-2024 by spending category. ACT includes procurement
and implementation of ACT and also other forms of case management. . (Where ‘other’ includes:
entomological monitoring, operational research, other drug based prevention, health systems
strengthening, other vector control, prevention of malaria in pregnancy, social & behavioural change
programmes, staffing and administration, surveillance and M&E, vaccines) [15] .

For the purposes of analysis, we aggregated annual spending into two composite categories: ‘Core
intervention funding’ and ‘All PMI funding’ (see Appendix Table 5.7.1).

‘Core intervention funding’ comprises PMI spending on the interventions for which impact was
modelled: Case management (including implementation and procurement of ACTs), IRS, ITNs, and SMC.

‘All PMI funding’ includes ‘Core intervention funding’ in addition to spending on in-country supply chain
operations, entomological monitoring, operational research, other drug based interventions, other
health system strengthening, other vector control, prevention of malaria in pregnancy, social and
behavioural change programmes, staffing and administration, surveillance and M&E, and malaria

vaccines.

PMI investments have grown markedly since inception. Spending on core interventions increased from
22.7 million USD in 2006 to 436.6 million USD in 2024, averaging 371.2 million USD annually. Total PMI
funding rose from 28.4 million USD in 2006 to 656.2 million USD in 2024, with an average annual
investment of 521.5 million USD.
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2.3 Simulation outputs
2. 3. 1 Scenarios of interest

To estimate the retrospective impact of PMI investment, two historical scenarios were defined, the (i)
‘True Historical’ and (ii) ‘Historical without PMI intervention’.

e ‘True Historical’: represents the observed history, including all interventions delivered
during the period of 2005-2024

e ‘Historical Without PMI Intervention’: represents a counterfactual history in which
interventions attributable to PMI (ACT, IRS, ITNs, and SMC activities) are removed, while
all other intervention coverage and contextual factors (e.g. population, climate, baseline
transmission) remain unchanged. This allows estimation of the incremental impact
directly attributable to PMI investment during the period.

2. 3. 2 Outcomes

The primary outcome metrics were malaria cases averted and malaria deaths averted, calculated by
comparing modelled outcomes in scenarios with and without PMI-funded interventions for each admin 1
unit. Outcomes were evaluated over the time period 2005 to 2024, capturing impact from the initiation
of PMI engagement in each country through to the most recent year for which reliable data were
available.

These primary outcome metrics were later used in combination with PMI financing data to calculate the
annual and cumulative USD spent per case and death averted, when considering the funding categories
‘Core Intervention Funding’ or ‘All PMI funding’.

2. 3. 3 Attribution of PMI Impact
MAP

The MAP modelling group attributed PMI impact using a proportional attribution approach. Total
intervention impact was first estimated irrespective of funder, and a fraction of this impact was then
assigned to PMI in proportion to its share of total financing. This approach effectively averages over all
possible investment orderings and providing a funder-attribution that reflects contributions within a
shared financing landscape.

For example, if ITN coverage in a given year was 60% and PMI financed 50% of ITNs, PMI-attributed
impact was calculated as the difference in modelled malaria cases between no intervention (0%) and
observed coverage (60%), multiplied by 50%.

Imperial

The Imperial modelling group attributed PMI impact using a direct attribution approach. The marginal
impact of PMI investments was estimated by comparing model scenarios with and without the specific
intervention coverage funded by PMI, while holding all other funding constant. This provides an explicit
counterfactual in which only PMI support is withdrawn, capturing PMI’s specific contribution to observed
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outcomes. However, in settings with multiple funders and non-linear intervention effects, results will be
influenced by the assumed ordering of investments.

For example, if ITN coverage in a given year was 60% and PMI financed 50% of ITNs, PMI-attributed
impact was calculated as the difference in modelled malaria cases between 60% coverage and coverage
reduced by PMI’s share (30%).

It is worth noting that, in both scenarios of interest, case management through ACT coverage in the
absence of PMI investments was treated as described above. However, underlying transmission intensity,
and therefore the number of cases seeking treatment, varies with the availability of effective treatment.
As a result, across the two scenarios explored, a reduction in ACT coverage associated with the removal
of PMI support does not translate linearly into a proportional reduction in the number of treatments
delivered. By contrast, a proportional reduction the funding of preventative interventions corresponds
directly to a proportional reduction in coverage.

Granularity of reporting

Both groups estimated PMI impact at the admin 1 level, where intervention coverage and
epidemiological heterogeneity are explicitly represented. For internal model validation and cross-model
comparison, annual outcomes were aggregated to the country level. Final results were then further
aggregated across countries to produce overall annual and cumulative impact estimates for reporting.
Although headline results are presented as a single figure, they retain the influence of the underlying
heterogeneous admin 1 settings, as they are derived from these subnational estimates.

2. 3.4 Uncertainty
Results incorporate uncertainty from both parameter inference and differences in model structure.
MAP

The MAP statistical model yielded posterior distributions of malaria cases and deaths for each of the
scenarios of interest. Multiple samples were then drawn from these distributions (n = 100), producing n
sets of results per scenario. Outcomes were then summarised as means estimates with corresponding
95% confidence intervals.

Imperial

Uncertainty in modelled outcomes was quantified by repeating each simulation multiple times using
parameter sets independently sampled from the posterior distributions obtained during model fitting.
malariasimulation run with n = 20 samples per scenario, yielding n time series per scenario from which
malaria cases and deaths were derived. Outcomes were then summarised as median estimates with
corresponding estimated 95% credible intervals.

In addition to incorporating uncertainty from malariasimulation’s framework parametric uncertainty
regarding the true burden and healthcare seeking of those with severe malaria was incorporated as this
understanding is incomplete. Additionally, resurgences in transmission in modelled scenarios may
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cause fragile or weak health systems to experience substantially higher case-loads, such as those
simulated in the ‘Historical without PMI’ scenario, may become overwhelmed. This can impact health
outcomes in two ways. Firstly, it could limit access to hospital care for those with severe malaria - a
capacity constraint; or secondly, it could reduce the quality of care that those admitted to hospital
receive - a quality constraint. To account for uncertainty in these mechanisms, variation in the
proportion of severe malaria cases admitted to hospital (p) and the hospitalised-malaria case fatality rate
(my,) were included. p and m;, were varied by sampling from Beta distributions reflecting plausible
variation, yielding values mostly between 0.48 and 0.8 for p and values mostly between 0.065 and 0.085
for my,.

2.4 Model comparison and consolidation
2. 4. 1. Post-processing: Validation Against External Data and Bias Correction

To validate simulated trends under the ‘True Historical’ scenario, modelled incidence, mortality, and
annual cases and deaths were compared against corresponding estimates from the World Malaria
Report for the same period [14]. This comparison served to confirm that the models reproduced
plausible historical patterns.

Results were bias-corrected to align models against recent WMR estimates using a three-year (2021—
2023) average rescaling factor, computed as the ratio of the mean WMR-reported cases (or deaths) to
the mean model-estimated cases (or deaths) over this period.

2. 4. 2. Qualitative Model Comparison

Outputs generated within and across the two modelling groups were reviewed at the national level to
ensure expected model behaviour. This qualitative comparison focused on assessing consistency in
overall trends, magnitudes, and temporal patterns across models, without formal aggregation. The aim
was to identify areas of agreement and divergence and to support interpretation of results, particularly
where differences could be attributed to underlying structural assumptions.

2. 4. 3. Consolidation of Results

Aggregate estimates of PMI impact (incidence, mortality, cases averted, deaths averted) generated by
Imperial’s individual-based transmission model and MAP’s geospatial model, were combined to produce
ensemble estimates of impact. This ensemble approach strengthens the analysis by demonstrating
robustness to fundamentally different structural assumptions and inference approaches. The close
alignment across models increases confidence that the conclusions reflect underlying epidemiological
signals rather than artefacts of any single modelling framework, whilst also exploring uncertainty driven
by model specification

The Malaria Atlas Project framework provides empirically grounded, spatially detailed estimates of
malaria burden, drawing strength from large, standardised datasets and a coherent Bayesian uncertainty
framework. It's strength is in reconstructing where and when burden has changed and at quantifying
geographically heterogeneous patterns where observations are available and inferring patterns where
they aren’t. By contrast, malariasimulation offers mechanistic depth, explicitly capturing infection
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dynamics, vector processes and immunity acquisition and waning, and is captures the dynamics nature
of changing intervention coverage, nonlinear interactions, timing effects and rebound dynamics under
changing transmission. The principal limitations mirror these strengths: the MAP approach is constrained
by data density and the generalisability of statistically estimated effects, while malariasimulation’s
outputs are sensitive to structural assumptions and calibration choices.

To consolidate these outputs we adopted a Bayesian model averaging and bootstrap resampling
approach [16]. For each outcome at each time point (e.g. cases averted in 2019), samples were drawn
from each model’s uncertainty distribution, approximated from their 95% uncertainty intervals and
central estimate, under a normality assumption. An ensemble distribution was then generated by
randomly sampling from the two model-specific distributions with equal weighting assigned to each
model. From this ensemble distribution, a combined central estimate and uncertainty interval were
derived. These final ensemble results reflect uncertainty arising from differences in model structure, in
addition to the within-model parameter uncertainty already quantified in each modelling framework.

2.5 Methodological assumptions

There are a number of simplifying assumptions which were made in this analysis. Firstly, it was assumed
that the efficacy of PMI-supported interventions was equivalent to that of the same interventions
funded or implemented by other partners. This assumption is operationally reasonable because
intervention effectiveness is driven by the intrinsic biological efficacy of the commodity or activity and
adherence to WHO-recommended standards.

When modelling the 'Historical without PMI funding’ scenario we assume no mitigation of PMI
withdrawal (i.e., other funders do not compensate for lost resources). However, the Imperial model
incorporates uncertainty in hospital access and case fatality risk to reflect potential additional strain on
the health system. This is important as deaths are a highly uncertain indicator. The analysis does not
capture potential catalytic effects of PMI investments, such as how PMI activities may influence
procurement, coordination, or distribution of commodities funded by other partners.

Finally, the modelling focuses only on malaria-specific outcomes and excludes broader health and
societal effects, such as impacts on all-cause mortality, productivity, or education. In the non-PMI
counterfactual, only four intervention categories (ACT, ITNs, IRS, and SMC) are removed. The impact of
other PMI-supported activities, such as health system strengthening or surveillance, is therefore not
explicitly quantified, meaning the estimates likely represent a conservative assessment of PMI’s overall
contribution.

3. Results

3. 1. Intervention Coverage Summary

Between 2005-2024, the combined efforts of international and domestic donors and health agencies led
to pronounced scale up of core malaria interventions in the 25 countries studied, with PMI contributions
crucial to this success.
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Comparing ‘True Historical’ (PMI & non-PMI) coverages with ‘Historical without PMI funding’, PMI made
its largest proportional contributions to the total coverage of interventions in the period 2018-2020
reaching 72% for IRS, 28% for ITNs, 24% for ACTs, and 17% for SMC (Appendix Tables 5.3.1-5.3.2).

Over the entire period, PMI’s proportional contribution to improvements in malaria intervention
coverage was largest for case management (32.7% of the increase in ACT coverage), followed by IRS
(43.3%), ITNs (18%), and SMC (11.4%) (Appendix Table 5.3.3).

3.2 Ensemble Estimates of Cases and Deaths Averted
3.2. 1 Malaria Cases

Across PMI countries from 2005 to 2024 malaria incidence declined in SSA reflecting sustained
investments in malaria control by national governments and global partners (Figure 3.2 A(i)). The median
incidence (annual cases per individual persons at risk) decreased from 0.381 (95% credible interval
0.267, 0.462) to a minimum 0.225 (95% credible interval, 0.144, 0.273) in 2017, then showed a gradual
increase to 0.253 (95% credible interval 0.173, 0.301) in 2020 and then remained fairly stable with a
small decrease up until 2024.
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Figure 3.2, (A) Ensemble estimates of (i) Incidence and (B) (ii) mortality trends over time under observed
historical conditions (‘True Historical) and counterfactual scenarios without PMI-supported activities
(‘Historical without PMI funding’), together with estimated malaria (A)(ii) cases and (B)(ii) deaths averted
aggregated across 25 countries over the period 2005-2024. Estimates are derived from an ensemble
distribution of the two modelling approaches, with shaded areas and error bars indicating 95% credible
intervals around the median estimate.

In 2024, the incidence rate was 11.8% less due to PMI contributions to malaria prevention and case
management, shown here as the difference in incidence between the true historical scenario, and if PMI
funding was not present.

Over this period, as a result of PMI activity a total of 379 million (95% credible interval 272.9, 606.7)
cases were averted across the 25 countries (Figure 3.2 (A)(ii)). The year with the highest impact on cases
was 2020, with 46.1 (95% credible interval 31.8, 75.1) million cases averted.

Full cumulative (Appendix Tables 5.4.1-5.4.2) and annual (Appendix Table 5.5) estimates of cases and
deaths averted are provided in the appendix at the end of this report.
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3.2. 1 Malaria Deaths

Across PMI countries from 2005 to 2024, the median mortality rate (deaths per thousand individual
persons at risk) decreased from 1.161 (95% credible interval 0.631, 1.461) to 0.620 (95% credible
interval 0.345, 0.788) in 2017, then showed a gradual increase to 0.661 (95% credible interval 0.379,
0.837)(lower, upper) in 2021 before decreasing to the lowest recorded mortality rate of 0.594 (95%
credible interval 0.353, 0.770) in 2024 (Figure 3.2 B(i)).

In 2024, the mortality rate was 15.7% less due to PMI contributions to malaria prevention and case
management, shown here as the difference in mortality between the true historical scenario, and if PMI
funding was not present.

Over this period, PMI activity resulted in a total of 1.1 (95% credible interval 0.7, 1.5) million deaths
being averted across the 25 countries (Figure 3.2 (B)(ii)). The year with the highest impact on deaths was
2020, with 157.4 (95% credible interval 97.4, 230.3)) thousand deaths averted.

3.3 Agreement of Overall Trends Between Models

Despite employing conceptually different modelling approaches both models independently reproduced
historical incidence and mortality trends when compared with estimates from the the same period, as
well as when compared with each other (Figure 3.3.1).
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Figure 3.3.1 Incidence and mortality trends over time shown separately for observed historical
conditions and counterfactual scenarios without PMI-supported activities with 95% ranges of
uncertainty, aggregated across 25 countries over the period 2005-2024, shown separately for each
modelling approach.

Given differences in the modelling frameworks, assumptions, and inherent sources of uncertainty, direct
equivalence between model outputs was not expected. However, when simulating historical trends both
with and without PMI contributions, the estimated uncertainty ranges overlap substantially, and the
direction of change over time is consistent across the two models. This convergence provides qualitative
agreement regarding the reported impact of PMI activities.

Figure 3.3.2 illustrates the similarity in impact estimates produced by the two modelling groups when
presented side by side. While the central absolute estimates of incidence and mortality differ between
the Imperial and MAP models, each group derives its impact relative to its own internally consistent
baseline historical trajectory. As a result, when cases and deaths averted are calculated (Figure 3.3.2A(ii)
and B(ii), respectively), the estimated impacts converge to a similar order of magnitude.
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Figure 3.3.2 (A)(i) Incidence and (B)(i) mortality trends over time under observed historical conditions and
counterfactual scenarios without PMI-supported activities, together with estimated malaria (A)(ii) cases
and (B)(ii) deaths averted aggregated across 25 countries over the period 2005-2024, shown separately
for each modelling approach. Error bars on cases and deaths averted indicate 95% credible intervals.

Country-level outputs for 2018-2020 were examined alongside annual intervention coverage estimates
where the Imperial model predicted greater impact compared with MAP’s. The divergence was most
apparent in higher-burden countries with large populations at risk, particularly where PMI’s contribution
to ITN coverage increased after 2017. In these settings, the Imperial model estimated a marked rise in
cases averted in 2018-2020 where in the counterfactual scenario, without PMI contributions, there was a
pronounced decrease in bed net coverage leading to a greater number of cases in these particular
countries. This difference is expected given the comparative model structures. The structure of
malariasimulation means that it responds dynamically to changes in intervention coverage, as its
transmission framework explicitly simulates shifts in malaria transmission intensity and population-level
immunity over time in response to changes in intervention coverage. As a result, it will typically exhibit
stronger temporal responses to changes in intervention coverage than the statistical framework used by
the Malaria Atlas Project.

Outside of this period and conditions, the magnitude and overall trends in cases and deaths averted are
broadly consistent between models and align with epidemiological expectations.
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Full cumulative (Appendix Tables 5.4.1-5.4.2) and annual (Appendix Table 5.6.1) estimates of cases and
deaths averted, disaggregated by modelling group, are provided in the appendix at the end of this report.

3.4 Efficiency of PMI investments over time

Figure 3.4 illustrates the efficiency of PMI investments over time, measured as USD spent per case or
death averted in the same year.
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Figure 3.4 PMI annual investment efficiency, 2010-2024. Efficiency is expressed as the (A) annual USD
spent per case or (B) per death averted in the same year, using estimates of annual cases or deaths from
the ensemble impact estimates. Two types of funding are considered: ‘Core intervention funding’, which
includes PMI spending for the interventions for which impact was modelled: Case management
(including implementation and procurement of ACTs), IRS, ITNs, and SMC. ‘All PMI funding’ includes the
core intervention funding as well as funding for in-country supply chain operations, entomological
monitoring, operational research, other drug based interventions, other health system strengthening,
other vector control, prevention of malaria in pregnancy, social and behavioural change programmes,
staffing and administration, surveillance and M&E, and vaccines.
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Following earlier higher cost per outcome, as PMI reached scale, efficiency improved. By 2010, we
estimate a value of 52.1 USD (95% Crl, 28.3, 101.1) per case averted and 21,667 USD (95% Crl, 13,131,
38,453) per death averted when considering core interventions (Appendix Table 5.7.2). When accounting
for all PMI spending in 2010, the corresponding values were 66.6 USD (95% Crl, 36.2, 129.2) per case
averted and 27,685 USD (95% Crl, 16,778, 49,132) per death averted. These outcomes occurred within
five years of PMI implementation.

From 2010 onwards, investment efficiency continued to improve and then stabilised at substantially
lower levels of USD spent per case or death averted. Between 2017 and 2024, annual spending per case
averted did not exceed an average of 22 USD when considering core intervention funding and 31 USD
when considering total PMI funding. A comparable trend was observed for deaths averted, with
spending stabilising below of 6500 USD per death averted for core interventions and below 8,900 USD
when all PMI funding was included.
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5. Appendix
5. 1 Data & parameters by modelling group

Table 5.1: Overview of data used to tailor the malaria models to accurately represent the malaria
dynamics at admin 1 level across sub-Saharan Africa.

Imperial

Data type I ., .
malariasimulation assumptions

IMAP assumptions

Data source: CHIRPS Source: Weiss 2014

Daily precipitation estimates were MAP accounts for seasonality in malaria

extracted at the admin 1 level for transmission by explicitly incorporating temporally
2000-2024 from the CHIRPS v2.0 dynamic environmental covariates into its

dataset. These data were summarised |geostatistical modelling framework. Following

to construct a generic annual rainfall  |systematic covariate construction and selection,
pattern by fitting a Fourier seriesto  [monthly and annual climate-derived variables
Seasonality of [the observed rainfall time series using ((e.g., rainfall and temperature products) were
malaria the umbrella R package.The seasonal |combined with long-term synoptic averages and
transmission [rainfall profile affects mosquito interaction terms to capture both short-term
abundance through its influence on a [fluctuations and underlying climatic baselines.
time-varying carrying capacity, which
governs density-dependent survival
during larval and pupal stages. Delays
between rainfall and adult mosquito
emergence are represented via stage-
specific maturation rates in the
mosquito population model.

[16], [17], [18], [19]

Data source: MAP

Vector Densities

\Vector Relative abundance rasters (Sinka et al, 2016)
composition . )
Vector Bionomics
and
behaviour
o

map IMPERIAL



https://www.chc.ucsb.edu/data/chirps
https://malariajournal.biomedcentral.com/articles/10.1186/s12936-016-1187-8

Vector bionomic parameters describing the composition and behaviour of mosquito
species are taken from parameters fitted with the malariasimulation model.

[20], [21]

Population
age
distribution

Data Source: WorldPop
Time frame: 2000-2050

Spatially specific estimates of population size at the site level are obtained from the
\WorldPop “Unconstrained individual countries, UN-adjusted” raster dataset (1 km
resolution) for the period 2000-2020. Population totals beyond 2020 are extrapolated to
2050 using United Nations projections of overall population growth and differential urban
and rural growth rates.

IAge-structurein the population are specified within malariasimulation by applying age-
group-specific, time-varying mortality rates informed by the United Nations World
Population Prospects and accessed via the ‘peeps’ R package..

Model outputs can be reported for multiple age groupings, including but not limited to 0—
5, 2—3, 2-10, and all ages.

[22]

History of
interventions
deployed
(ITN, IRS, case
management,
SMC)

Data Source: MAP, WMR, Access SMC, SMC Alliance
Time frame: 2000-X
ITN usage

Country-level ITN usage patterns are reproduced by fitting the proportion of the
population receiving a net during each distribution cycle (typically annual), while
accounting for net attrition and retention over time. Target usage levels are informed by
estimates extracted from the MAP raster . Information on net type is based on data from
the Alliance for Malaria Prevention. Net efficacy parameters are taken from model fits to
experimental hut trial data (see Sherrard-Smith et al., 2022)

IRS coverage

IRS coverage is defined as the proportion of the population protected through spraying
activities. Coverage estimates are obtained from MAP and adjusted to align

with WMR country-level figures for the number of people protected. A DDT-based
insecticide is assumed prior to 2017, with a transition to an Actellic thereafter.

Case management coverage

Case management coverage represents the fraction of incident clinical malaria cases
receiving effective antimalarial treatment. Mean treatment coverage is informed by the
MAP estimates.
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https://www.worldpop.org/
https://www.worldpop.org/
https://population.un.org/wpp/
https://population.un.org/wup/
https://population.un.org/wup/
https://https/allianceformalariaprevention.com/itn-dashboards/mass-campaign-tracker/
https://www.thelancet.com/journals/lanplh/article/PIIS2542-5196(21)00296-5/fulltext
https://www.who.int/teams/global-malaria-programme/reports/world-malaria-report-2024

Treatments may be with ACTs or non-ACT antimalarials; ACT availability is assumed to
begin in 2006, with the proportion of treatments using ACTs estimated from
DHS StatCompiler data (indicator: “Children who took any ACT”).

SMC coverage

SMC coverage is defined as the proportion of children in the target age range receiving
chemoprevention. Historical coverage estimates are drawn, where available, from the
SMC Alliance and Access SMC datasets. Four rounds of SMC are assumed annually using
SP-AQ, targeting children aged 3 months to 5 years.

[23], [14], [17], [24], [25], [26], [27], [28], [29], [30], [31]

Data Source: MAP Data Source: DHS Program and literature review
Historical malaria prevalence is MAP estimates of historical PfPR are generated
Hist ¢ represented using estimates of using a geostatistical modelling framework with
'S ory ° Plasmodium falciparum parasite ~60K geolocated observations of PfPR, 2000-2023.
malaria .
| prevalence among children aged 2—-10
prevaience years (PfPR.10) is obtained from the
MAP estimates.
[17]
£

BIMPERIAL



https://dhsprogram.com/
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5. 2 Annual weighted intervention coverage

Intervention Metric 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014
ITN Coverage 0.035 0.081 0.124 0.139 0.178 0.246 0.310 0.325 0.322 0.368
Coverage with no PMI 0.035 0.080 0.123 0.138 0.169 0.227 0.288 0.290 0.271 0.315
SMC Coverage 0 0 0 0 0 0 0 0.004 0.046 0.080
Coverage with no PMI 0 0 0 0 0 0 0 0.004 0.046 0.080
IRS Coverage 0.008 0.033 0.041 0.016 0.02 0.032 0.032 0.036 0.017 0.019
Coverage with no PMI 0.008 0.033 0.04 0.013 0.017 0.029 0.029 0.032 0.013 0.012
ACT Coverage 0.236 0.269 0.286 0.296 0.316 0.335 0.360 0.380 0.391 0.407
Coverage with no PMI 0.236 0.269 0.286 0.280 0.302 0.321 0.335 0.347 0.349 0.352
Table 5.2.1 Annual historical and counterfactual coverage of key malaria control interventions (ITNs, SMC, IRS, ACT) across 25 PMI-
supported countries 2005-2014. Coverage estimates are population-weighted across national and subnational regions, reflecting
persons at risk across all countries.
Intervention Metric 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
ITN Coverage 0.42 0.436 0.463 0.473 0.468 0.457 0.433 0.428 0.450 0.451
Coverage with no PMI 0.36 0.374 0.403 0.403 0.336 0.329 0.332 0.338 0.364 0.364
SMC Coverage 0.082 0.101 0.121 0.120 0.134 0.164 0.164 0.163 0.163 0.163
Coverage with no PMI 0.082 0.096 0.114 0.103 0.111 0.14 0.14 0.139 0.139 0.139
IRS Coverage 0.017 0.016 0.019 0.023 0.028 0.031 0.033 0.029 0.03 0.030
Coverage with no PMI 0.011 0.007 0.009 0.007 0.012 0.015 0.019 0.017 0.017 0.017
ACT Coverage 0.425 0.443 0.457 0.465 0.465 0.477 0.495 0.494 0.498 0.515
Coverage with no PMI 0.365 0.38 0.381 0.368 0.351 0.381 0.401 0.404 0.404 0.418

Table 5.2.2 Annual historical and counterfactual coverage of key malaria control interventions (ITNs, SMC, IRS, ACT) across 25 PMI-
supported countries 2015-2024. Coverage estimates are population-weighted across national and subnational regions, reflecting

persons at risk across all countries.
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5. 3 Annual weighted proportion PMI contribution

Intervention 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014

ITN 0 1.1 0.9 0.7 51 7.4 7 11 16 14.3
SMC - - - - - - - 0 0 0

IRS 0 0 2.2 19.1 16.6 8.9 12.1 11 22.6 33.6

ACT 0 0 0 5.4 4.5 4.3 6.9 8.8 10.7 135

Table 5.3.1 Annual historical PMI contribution as a proportion of total intervention coverage for key malaria control interventions
(ITNs, SMC, IRS, ACT) across 25 PMI-supported countries 2005-2024. Annual PMI contribution is based on the annual population-
weighted intervention coverage across national and subnational regions, reflecting persons at risk across all countries.

Intervention 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
ITN 14.4 14.3 13 14.9 28.2 28 23.2 211 19.2 19.1
SMC 0 0 5.1 6 14.3 17.3 14.9 14.9 14.9 14.8

IRS 33 57.9 54.1 71.7 55.6 52.5 43.2 42.2 41.5 41.5
ACT 13.9 14.2 16.7 20.8 24.4 20.2 19 18.3 18.9 18.8

Table 5.3.2 Annual historical PMI contribution as a proportion of total intervention coverage for key malaria control interventions
(ITNs, SMC, IRS, ACT) across 25 PMI-supported countries 2015-2024. Annual PMI contribution is based on the annual population-
weighted intervention coverage across national and subnational regions, reflecting persons at risk across all countries.

Percentage PMI contribution relative to
Intervention Total intervention coverage Improvements in intervention coverage
ITN 16.1 18.0
SMC 10.2 10.2
IRS 9.6 13.9
ACT 13.5 32.7

Table 5.3.3 Percentage of total intervention coverage and of improvements in intervention coverage (since 2005) attributable to PMI
investments 2005-2024. Given for key malaria control interventions (ITNs, SMC, IRS, ACT) across 25 PMI-supported countries. Annual
PMI contribution is based on the annual population-weighted intervention coverage across national and subnational regions,
reflecting persons at risk across all countries.
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5. 4 Cumulative PMI impact

Cases

Averted (Millions) Averted per thousand PAR

Imperial MAP Ensemble Imperial MAP Ensemble

466.6 (320.5, 658.1) 289.4 (270.9, 307.4) 378.8 (272.9, 606.7) 601.3 (413, 847.9) 372.9 (349.1, 396.2) 488.1 (351.6, 781.8)

Table 5.4.1 Estimated cumulative malaria cases averted due to PMI support, 2005-2024, across 25 PMI-supported countries,
presented in millions and per 1,000 persons at risk. Results are shown separately for the Imperial and MAP modelling groups, as well
as for the headline ‘Ensemble’ estimates.

Deaths
Averted (Thousands) Averted per thousand PAR
Imperial MAP Ensemble Imperial MAP Ensemble
1107.2 (630.9, 1172.5(893.3, 1615) 1136.5 (716.1, 1.4 (0.8,1.9) 1.5(1.2,2.1) 1.5(0.9, 2)
1486.4) 1537.6)

Table 5.4.2 Estimated cumulative malaria deaths averted due to PMI support, 2005-2024, across 25 PMI-supported countries,
presented in thousands and per 1,000 persons at risk. Results are shown separately for the Imperial and MAP modelling groups, as
well as for the headline ‘Ensemble’ estimates.
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5.5 Annual ensemble PMI impact

Year Cases averted Cases averted Deaths averted Deaths averted
(millions) (per thousand PAR) (thousands) (per thousand PAR)
2005 0(0,0) 0(0, 0) 0(-0.4,0.4) 0(0,0)
2006 0.3(0.1,0.7) 0.5(0.1,1.1) 0.9(0.2,2.2) 0(0,0)
2007 0.6(0.2,1.2) 1(0.4, 2) 1.5(0.7, 2.9) 0(0,0)
2008 1.4 (0.7, 2.7) 2.3(1.1,4.2) 4.4(2.2,8.1) 0(0,0)
2009 3.1(1.6, 5.6) 4.7 (2.5, 8.5) 8.3(4.2,15.1) 0(0, 0)
2010 7 (3.6,12.8) 10.3(5.3,19) 16.8 (9.4, 27.7) 0(0,0)
2011 7.6(5.3,12.2) 10.9 (7.6, 17.5) 17.8 (10.2, 26.5) 0(0,0)
2012 10.1 (7, 16.2) 14.1 (9.7, 22.7) 29.2 (13.8, 48.1) 0(0,0.1)
2013 14.1 (9, 23.5) 19.2 (12.3, 32) 41.9 (19.7, 77.6) 0.1(0,0.1)
2014 17.9 (9.8, 31.8) 23.6 (13, 42) 57.7 (29.8, 102.7) 0.1(0,0.1)
2015 19.9 (10.8, 35.8) 25.6 (13.8, 46) 63.5 (34.8, 109.7) 0.1(0, 0.1)
2016 19.4 (11.4, 34) 24.2 (14.2, 42.5) 65.7 (40.8, 103.7) 0.1(0.1,0.1)
2017 21.7 (13.2, 37.4) 26.4 (16, 45.4) 75 (45.2,121.3) 0.1(0.1,0.1)
2018 32.1(18.9, 56.4) 37.8(22.2, 66.5) 114.6 (68.7, 187.5) 0.1(0.1,0.2)
2019 44.7 (24.9, 80.2) 51.3(28.6, 92) 157.4 (91.2, 260.1) 0.2(0.1,0.3)
2020 46.1(31.8, 75.1) 51.4 (35.4, 83.8) 158.1 (97.4, 230.3) 0.2 (0.1,0.3)
2021 38.8(28.1, 55.1) 42.1(30.5, 59.9) 130.4 (72.7, 189.4) 0.1(0.1,0.2)
2022 30.3(18.3, 39.6) 32.1(19.4, 41.9) 106.7 (47.2,174.9) 0.1(0,0.2)
2023 31.8(20.7, 42.6) 32.8(21.4,43.9) 112.3 (57.7, 168.9) 0.1(0.1,0.2)
2024 33(22.2, 45.6) 33.1(22.3, 45.8) 117.8 (67.1, 169.2) 0.1(0.1,0.2)
Cumulative 378.8 (272.9, 606.7) 488.1 (351.6, 781.8) 1136.5(716.1, 1537.6) 1.5(0.9, 2)

Table 5.5 Estimated (ensemble) annual malaria cases and deaths averted attributable to PMI support, 2005-2024, across 25 PMI-

supported countries. Cases are presented in millions, deaths in thousands, and both metrics are also expressed per 1,000 persons at

risk.
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5.6 Annual PMI impact disaggregated by model

Cases averted

Deaths averted

Year (millions) (thousands)

Imperial Map Imperial Map
2005 0(0, 0) 0 (0, 0) 0(-0.6, 0.4) 0(0,0)
2006 0.5(0.4,0.7) 0.1(0.1,0.1) 1.5(0.5, 2.2) 0.2 (0.2,0.3)
2007 1(0.7, 1.3) 0.3(0.2,0.3) 2.1(1.1,3.1) 0.9 (0.7,1.3)
2008 2.1(1.5,2.9) 0.8(0.7,0.9) 5.8 (3, 8.4) 2.9(2.1, 3.8)
2009 43(3.1,6.1) 1.8(1.6,1.9) 10.8 (4.8, 15.2) 5.8 (4.1, 8)
2010 10 (7, 13.9) 3.9(3.5,4.2) 21.4 (11.3, 26.4) 12 (9.2, 15.6)
2011 9.4 (6.6, 13.4) 5.7 (5.2, 6.2) 18.9 (9.3, 27.4) 16.8 (11.5, 23.6)
2012 12.5(8.7,17.7) 7.6 (6.8, 8.2) 37.8(22.3,47.2) 20.4 (13.3, 29.6)
2013 18.3(12.7, 25.3) 9.8 (8.8, 10.7) 57.1(29.7, 79) 26.4(19.1, 35.2)
2014 24.9 (17.4, 33.9) 10.6 (9.5, 11.5) 78 (44.2,103.9) 36.9 (29.2, 46.6)
2015 27.9 (19.2, 38.2) 11.7 (10.4, 12.6) 82.8 (44.1, 109.1) 43.8 (34.2, 56)
2016 26.3(18.2, 36.7) 12.3 (11, 13.3) 79.1(45.4, 104.8) 52.2 (40.4, 67.1)
2017 29 (20, 40.2) 14.3 (12.8, 15.4) 88.4 (48.8, 128.2) 61.6 (46.3, 80.8)
2018 43.9 (30.3, 60.5) 19.9 (18.5, 21.1) 138 (81, 200) 91 (68.4, 118)
2019 62.5 (43, 85.7) 26.4 (24.4, 28) 196.1 (112.5, 266.7) 118 (88.5, 152.6)
2020 58.3 (40.3, 80.8) 33.6 (31.3, 35.6) 174.1 (99.4, 234.6) 142.2 (98.2, 195.4)
2021 42 (28.3, 59.8) 35.5(33.4,37.1) 114.3 (60.3, 154.2) 147.9 (103.7, 201.9)
2022 29.3(18.8, 43.8) 31.6(29.8, 33.2) 79.5 (50, 123.3) 135.5 (93.1, 187.8)
2023 32 (21.4, 46.9) 31.8(30.1, 33.7) 96.6 (59, 146.9) 129.1 (87.3, 181.7)
2024 34.3 (23, 50.2) 31.8(30.1, 33.7) 107.4 (68.7, 158) 129.1 (87.3, 181.7)

Table 5.6.1 Estimated annual malaria cases and deaths averted attributable to PMI support, 2005-2024, across 25 PMI-supported
countries. Cases are presented in millions, deaths in thousands, with estimates disaggregated by modelling group (Imperial, MAP).
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5.7 Annual PMI spending trends and investment efficiency

Core Intervention

Year All PMI funding Funding
2006 28400000 22690000
2007 119990032 90921900
2008 273988000 191658809
2009 273799900 200427064
2010 464000000 363146267
2011 542399652 417596022
2012 567509711 448564343
2013 558511141 434213277
2014 567567516 418760535
2015 567255502 411115376
2016 566876000 407240257
2017 664186199.6 480793116.4
2018 672314752.1 472922461.6
2019 670868999.5 453621779.4
2020 678908000.6 465210535.6
2021 682659618.6 454886435.7
2022 666808498 433817319.6
2023 686353950 448217074.4
2024 656232501.4 436567860.4

Table 5.7.1 PMI annual spending 2006-2024. ‘Core intervention funding’ includes PMI spending for the interventions for which
impact was modelled: Case management (including implementation and procurement of ACTs), IRS, ITNs, and SMC. ‘All PMI funding’
includes the core intervention funding and also funding for in-country supply chain operations, entomological monitoring,
operational research, other drug based interventions, other health system strengthening, other vector control, prevention of malaria
in pregnancy, social and behavioural change programmes, staffing and administration, surveillance and M&E, and vaccines.

m map
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usD

USD spent per case averted

USD spent per death averted

Core Core Core

Year All funding intervention All funding intervention All funding Intervention

funding funding funding
2006 28400000 22690000 93.3 (41.8, 508.8) 74.6 (33.4, 406.5) 31830 (12629, 150539) 25430 (10090, 120272)
2007 119990032 90921900 193.2 (97.7, 551) 146.4 (74.1, 417.5) 79240 (40806, 176197) 60043 (30921, 133512)
2008 273988000 191658809 189.7 (102.9, 402.2) 132.7 (71.9, 281.3) 62517 (33937, 124669) 43732 (23740, 87208)
2009 273799900 200427064 89 (49.1, 168.6) 65.2 (35.9, 123.4) 32811 (18092, 65406) 24018 (13244, 47879)
2010 464000000 363146267 66.6 (36.2, 129.2) 52.1(28.3,101.1) 27685 (16778, 49132) 21667 (13131, 38453)
2011 542399652 417596022 71.7 (44.5, 103) 55.2 (34.3, 79.3) 30459 (20492, 53085) 23451 (15777, 40871)
2012 567509711 448564343 56.4 (34.9, 81.6) 44.6 (27.6, 64.5) 19427 (11786, 41139) 15355 (9316, 32517)
2013 558511141 434213277 39.6 (23.7, 61.9) 30.8 (18.4, 48.1) 13329 (7195, 28328) 10362 (5594, 22023)
2014 567567516 418760535 31.8(17.9, 57.8) 23.5(13.2, 42.6) 9839 (5524, 19038) 7260 (4076, 14047)
2015 567255502 411115376 28.5(15.9, 52.6) 20.7 (11.5, 38.2) 8934 (5169, 16293) 6475 (3746, 11808)
2016 566876000 407240257 29.2 (16.7, 49.9) 21 (12, 35.9) 8625 (5465, 13896) 6196 (3926, 9983)
2017 664186199.6 480793116.4 30.5(17.7, 50.4) 22.1(12.8, 36.5) 8857 (5477, 14686) 6412 (3964, 10631)
2018 672314752.1 472922461.6 21(11.9, 35.6) 14.8 (8.4, 25.1) 5866 (3586, 9784) 4126 (2523, 6882)
2019 670868999.5 453621779.4 15 (8.4, 26.9) 10.1 (5.7, 18.2) 4263 (2580, 7359) 2883 (1744, 4976)
2020 678908000.6 465210535.6 14.7 (9, 21.4) 10.1 (6.2, 14.6) 4295 (2947, 6972) 2943 (2020, 4777)
2021 682659618.6 454886435.7 17.6 (12.4, 24.3) 11.7 (8.3, 16.2) 5234 (3605, 9392) 3488 (2402, 6259)
2022 666808498 433817319.6 22 (16.8, 36.5) 14.3 (10.9, 23.7) 6251 (3812, 14140) 4067 (2480, 9200)
2023 686353950 448217074.4 21.6(16.1, 33.1) 14.1 (10.5, 21.6) 6114 (4063, 11890) 3993 (2653, 7765)
2024 656232501.4 436567860.4 19.9 (14.4, 29.5) 13.2 (9.6, 19.6) 5573 (3878, 9777) 3707 (2580, 6504)

Table 5.7.2 PMI annual spending and annual efficiency, 2006—2024. Efficiency is expressed as the annual USD spent per case or per
death averted in the same year, using estimates of annual cases or deaths from the ensemble impact estimates. Two types of funding
are considered: ‘Core intervention funding’, which includes PMI spending for the interventions for which impact was modelled: Case

management (including implementation and procurement of ACTs), IRS, ITNs, and SMC. ‘All PMI funding’ includes the core

intervention funding as well as funding for in-country supply chain operations, entomological monitoring, operational research, other
drug based interventions, other health system strengthening, other vector control, prevention of malaria in pregnancy, social and
behavioural change programmes, staffing and administration, surveillance and M&E, and vaccines.
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USD spent per case averted USD spent per death averted
Funding usb Imperial MAP Ensemble Imperial MAP Ensemble
21.2 34.2 26.2 8949 8451 8718
All funding 9,908,629,974 (15.1, 30.9) (32.2, 36.6) (16.3, 36.3) (6666, 15706) | (6135,11092) | (6444, 13836)
Core intervention 15.1 24.4 18.6 6369 6015 6205
funding 7,052,370,433 (10.7, 22) (22.9, 26) (11.6, 25.8) (4744,11179) | (4367, 7895) (4587, 9848)

Table 5.7.3 PMI cumulative spending and cumulative efficiency, 2006—2024. Efficiency is expressed as the cumulative USD spent per
case or per death averted over the same time period, using estimates of cumulative cases or deaths averted from each modelling
group (Imperial, MAP) or from the ensemble impact estimates (Ensemble). Two types of funding are considered: ‘Core intervention
funding’, which includes PMI spending for the interventions for which impact was modelled: Case management (including
implementation and procurement of ACTs), IRS, ITNs, and SMC. ‘All PMI funding’ includes the core intervention funding as well as
funding for in-country supply chain operations, entomological monitoring, operational research, other drug based interventions,
other health system strengthening, other vector control, prevention of malaria in pregnancy, social and behavioural change
programmes, staffing and administration, surveillance and M&E, and vaccines.




