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Supplementary information appendix 1: Basic FFI model
The full description of the Freedom From Infection (FFI) framework, which underpins the statistical model used in this study, is available in detail in Nelli et al. (2024). This appendix provides a concise overview of the key components of the basic FFI model as applied in Cabo Verde. Model extensions specific to this study, including risk stratification, imported infection detection, catchment size, and the integration of PCR and serology data, are described separately in Appendix 2.
The FFI framework is designed to estimate the surveillance system sensitivity (SSe) and the Probability of freedom from infection (). These measures provide a formal way to evaluate how effectively routine surveillance captures malaria infections, and to quantify the confidence that an area is malaria-free given no detected cases.
The FFI model combines two key processes:
1. State process – which estimates the true underlying number of malaria infections.
2. Observation process – which models the likelihood of these infections being detected by the health system.
State process: modelling malaria infections
We consider the catchment regions of J health facilities and a passive case detection (PCD) longitudinal series of I surveillance months. We assume that the total number () of real malaria infections for the  month and the catchment area of the  health centre, is given by the sum of endemic infections (i.e., those that originated in the catchment population,  ) and imported infections (i.e., those that originated in any other catchment area within or outside of the study site  ).

Endemic infections are modelled as a Poisson process:

where is the catchment population and , the force of infection related to the proportion of individuals in the population who are expected to have malaria at any given time. Epidemiological dynamics of endemicity are approximated statistically by a 2nd order autoregressive model, together with an error term () generating extra-Poisson dispersion in the process:
,
where determines the expectation of endemic infections at any time when no infections have been observed for two-time lags.  and  regulate temporal dependencies (please see Nelli et al. 2024 for further details).
Incoming infections are also modelled as a Poisson process:

where the expected rate  is determined by infection levels in neighbouring catchments, weighted by geographical proximity (see Nelli et al. (2024) for full derivation).
Observation process: modelling malaria detection
For the  month and  health facility, we collected data on the number of patients attending the facility (), the number of people reporting fever (), the number of people tested for malaria (), and the number of confirmed cases (). We structured the observation process as a causal chain of events leading from ,  the unobserved cases present in each sub-population to ,  the number of malaria cases ultimately detected by the health system. 
The number of patients attending the health facility is modelled as:
,

with the rate defined as
,
where is the catchment population,  is the baseline monthly proportion of non-malaria illnesses leading to attendance,  ​ is the proportion of malaria infections that are symptomatic, and  is the probability of care-seeking at facility .
The number of attendees presenting with fever is modelled as:
,
with
,
where  is the proportion of non-malaria attendances associated with fever.
The number of febrile attendees tested for malaria is modelled as:
,
where  is the probability that a febrile individual is tested for malaria at facility .
Finally, the number of confirmed malaria cases is modelled as:
,
with 

Probability of freedom from infection
We jointly modelled the latent state and observation processes in an integrated Bayesian framework. Using the joint posterior distribution of all imputed values of ​ (across time and facilities), we estimated the probability of freedom from infection (PFree) at given time points and under specified thresholds.
 is defined as the proportion of posterior samples in which infection levels fall below a pre-defined threshold. For example, in this study we defined elimination as achieving fewer than 1 infection per 10,000 people. The  metric therefore represents the proportion of the posterior distribution of ​ that lies below this threshold, with values ranging from 0 (no support for elimination) to 1 (full support).
Parameter estimation and covariate modelling
Parameters were estimated using a combination of expert-elicited priors, literature-informed priors, and empirical data.
The probability of care-seeking at facility , ​, was modelled as a logistic regression on facility-level characteristics:

where ​ are covariates describing access and service provision (e.g. drug availability, history of stock-outs, and accessibility).
The probability of being tested for malaria, ​, was also modelled as a logistic regression:

where capture diagnostic capacity, stock-outs of RDTs or microscopy, the presence of guidelines, and supervisory visits.
These covariates were included to capture heterogeneity in surveillance sensitivity across facilities. For the full list of parameter priors and justification, please refer to the prior specification table in Nelli et al. (2024), and in Supplementary appendix 3.


Supplementary information appendix 2: Extensions to the FFI model 
Several extensions to the basic FFI model were introduced in this study to reflect heterogeneity in malaria surveillance across Cabo Verde and to incorporate independent data sources for validation. These modifications allowed us to account for systematic differences between health facilities and to strengthen inference on malaria transmission in a low-burden setting.
(i) Risk strata
To capture heterogeneity in malaria transmission potential across Cabo Verde, each health facility was assigned to a risk stratum based on the island where it is located. Classification was informed by historical outbreak reports, situational analyses of malaria elimination progress, WHO certification materials, and entomological surveys of Anopheles arabiensis distribution (DePina et al. 2019; DePina et al. 2020; DePina et al. 2025; WHO 2024; Da Veiga Leal et al. 2024).
· High-risk islands: Santiago (site of the 2017 outbreak and historically the highest burden) and Boa Vista (documented local transmission and presence of Anopheles arabiensis).
· Mid-risk islands: Fogo and Maio (sporadic local cases in the past, ecological suitability for transmission, but no sustained outbreaks in recent years).
· Low-risk islands: Sal, São Vicente, Santo Antão, Brava, and São Nicolau (no confirmed local transmission in recent decades; only imported cases observed).
Risk strata were incorporated both in the state process (as modifiers of the endemic force of infection) and in the observation process (as modifiers of the testing probability). Specifically, we included two indicator variables for mid- and high-risk strata, with low risk serving as the reference category:



This allowed the model to reflect that (a) the underlying force of infection may differ systematically across settings, and (b) the probability of being tested may also vary with perceived risk.
(ii) Imported infection detection capacity
In the years preceding malaria elimination in Cabo Verde, the majority of confirmed cases were imported, particularly on islands with international airports and ports. The ability of facilities to detect and report imported infections is therefore a key indicator of surveillance quality: it signals that the system is sufficiently sensitive to capture cases that are not reflective of ongoing local transmission.
To reflect this, we introduced a binary covariate ​, denoting whether facility  had the capacity to detect imported cases. This capacity reflects a combination of infrastructure, diagnostic practices, and historical evidence of correctly identifying imported malaria.
The probability of testing febrile patients was then expressed as:
.
The interaction with ensures that the effect of imported-detection capacity scales with facility size. Larger facilities, with higher patient throughput, are more likely to encounter and correctly identify imported cases, so the boost to testing probability is greater. Smaller facilities, by contrast, may rarely encounter such cases, and the scaling prevents them from being disproportionately penalised for this.
This allowed the model to reflect that (a) imported-detection capacity is a marker of enhanced surveillance sensitivity, and (b) its impact depends on the size and operational scope of the facility.
(iii) Active case detection (PCR data)
While the FFI model is primarily designed around passive case detection (PCD), in this study we were also able to draw on active case detection (ACD) campaigns where individuals were systematically screened using PCR. PCR has a much higher sensitivity than routine diagnostics and provides a direct measure of current parasite prevalence, including low-density infections that may be missed by RDTs or microscopy.
We therefore used PCR data as an independent validation likelihood, anchoring the latent force of infection estimated in the state process to observed prevalence in a subset of facilities. For each facility  with PCR data, the number of PCR positives was modelled as:

where is the number of individuals tested by PCR, and ​ is the underlying prevalence estimated from the model. To reflect that PCR samples represent a short-term snapshot, prevalence was defined as the average force of infection over the final three surveillance months:
.
Active case detection surveys were conducted in October and November 2021, which in our temporal index correspond to months  and . To capture potential infections occurring slightly earlier, we averaged over months 94–96. This provides a conservative estimate, ensuring that the model’s predicted force of infection reflects infection dynamics in the period immediately surrounding the PCR survey.
This extension aimed to improve the calibration of the model against directly observed infection prevalence and reduces reliance on routine case data, which may be sparse in elimination settings such as Cabo Verde.
(iv) Serology data
Serological markers provide complementary information on malaria exposure, since antibody responses persist beyond the short detection window of PCR or RDTs. Here, serological surveys were conducted in late 2021 and included both short-lived antibody markers (reflecting recent exposure) and long-lived antibody markers (reflecting historical exposure). These data were integrated into the FFI framework as additional likelihoods conditional on the latent force of infection.
Recent exposure (short-term antibodies).
Recent antibodies reflect exposure within approximately the past 12 months. For each facility  with serology data, the probability of remaining unexposed during this period was defined as the product of the complement of the monthly force of infection:

The number of individuals seropositive for recent markers was then modelled as:



where is the number of individuals tested at facility .
Historical exposure (long-term antibodies).
Long-lived antibodies reflect cumulative exposure over multiple years, and provide an estimate of historical malaria burden. The probability of remaining unexposed over the entire observation window was defined as


and the number of seropositive individuals for historical markers was modelled as:


By integrating serology alongside PCR and routine case data, the FFI model is able to capture both short-term infection dynamics (through PCR and recent markers) and long-term exposure histories (through persistent antibodies). This strengthens inference on malaria transmission and provides an additional line of evidence to assess elimination progress in low-burden settings.
Together, these extensions enabled the FFI model to integrate facility-level heterogeneity and independent infection markers, strengthening inference on both malaria transmission and surveillance system sensitivity in Cabo Verde.


Supplementary information appendix 3: Full prior specification
Table S3 – Description of model parameters and prior distributions used in the Freedom From Infection (FFI) framework and Cabo Verde model extensions. The table summarises parameters governing the latent state process (malaria transmission), observation process (malaria detection through the health system), and study-specific extensions including risk stratification and imported infection detection capacity. Priors were informed by a combination of expert knowledge, literature evidence, and empirical data, following the original FFI framework with modifications described for the Cabo Verde application.
	Process
	Parameter
	Descirption
	Prior

	State
	
	Average endemic cases
	∼ Gamma (1, 1)

	
	
	Autoregressive term 1
	∼ Norm (0, 1000)

	
	
	Autoregressive term 2
	∼ Norm (0, 1000)

	
	
	Effect of mid-risk stratum on endemic force of infection
	∼ Norm (0, 1000)

	
	
	Effect of high-risk stratum on endemic force of infection
	∼ Norm (0, 1000)

	
	
	Overdispersion parameter
	∼ Norm (0, 1/) 
 ∼ Gamma (1, 1)

	
	
	Overdispersion parameter
	∼ Norm (0, 1/) 
 ∼ Gamma (1, 1)

	
	
	Synchrony parameter
	∼ Beta (1, 10)

	
	
	Decay rate	
	∼ Gamma (1, 0.1)

	Observation
	
	Proportion of ill people (non-malaria)
	∼ Beta (1, 10)

	
	
	Proportion of ill people (non-malaria) with fever
	∼ Beta (1, 10)

	
	
	Probability of care-seeking
	Modelled as a function of covariates measured at the health facility (Ahmad et al. 2022). 

	
	
	Probability of symptomatic malaria
	, corresponding to a mean of 0.8 and sd 0.05 (Koepfli et al. 2021)

	
	
	Probability of being tested
	Modelled as a function of covariates measured at the health facility (Ahmad et al. 2022).

	
	
	Effect of mid-risk stratum on probability of being tested
	∼ Norm (0, 1000)

	
	
	Effect of high-risk stratum on probability of being tested
	∼ Norm (0, 1000)

	
	
	Effect of imported-infection detection capacity (scaled by facility size) on probability of being tested
	∼ Gamma (10, 1)
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