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Significance

 Climate change is reshaping the 
distribution and seasonality of 
zoonotic infectious diseases, yet 
mechanistic frameworks linking 
environmental variation to 
zoonotic spillover risk remain 
rare. We present a Bayesian 
framework which integrates 
climate-driven host population 
ecology into disease modeling. 
Applied to the Natal 
multimammate mouse and its 
associated arenaviruses, the 
framework recovers key 
transmission parameters from 
field data—including an empirical 
estimate of vertical transmission 
probability—and reveals how 
rainfall-driven recruitment pulses 
generate periodic infection 
peaks. By recalibrating the model 
with Nigerian climate data, 
predicted rodent infection 
dynamics reproduce the 
seasonality of Lassa fever 
outbreaks, suggesting the 
framework recovers key 
ecological insights that generalize 
across systems; with possible 
broad applicability to other 
climate-sensitive zoonotic 
disease systems. 

Mechanistic frameworks linking climate to zoonotic disease risk through host ecology 
remain rare, limiting transferable insights across systems. We develop a Bayesian frame-
work combining an integral projection model of rodent demography with a compartmen-
tal disease model. Applied to capture- mark- recapture data from the Natal multimammate 
mouse (Mastomys natalensis; N = 20,249 captures, 1994–2023) and serological data on 
the Lassa virus- related Morogoro arenavirus (N = 7,850 tests, 2010–2017), the frame-
work jointly estimates climatic, demographic, and transmission parameters. Rainfall 
was a dominant driver of rodent recruitment, with seasonal rainfall explaining 52.1% 
(95% CrI 2.1 to 79.0%) of modeled recruitment variation. In a field- first, we estimate 
that 79.1% (95% CrI 69.3 to 88.9%) of infected pregnancies result in vertical transmis-
sion, identifying this as the primary mechanism maintaining viral persistence between 
breeding seasons. We assess framework transferability to capture the seasonal dynamics 
of Lassa fever outbreaks in Nigeria (N = 6,469 laboratory- confirmed cases, 2018–2025), 
substituting model climate inputs without refitting any parameters. Predicted peaks in 
rodent subadult infections preceded observed outbreaks by 0.92 mo (95% CrI −2.76 to 
0.92), with 83% of predicted and observed peaks falling within ±28 d [Pr(Δ ≤ 28d) = 
0.83], substantially outperforming seasonal rainfall or rodent demography [Pr(Δ ≤ 28d) 
≤ 0.11]. Infected adult peaks lagged observed outbreaks by 0.92 mo [Pr(Δ ≤ 28d) = 0.56], 
suggesting subadults might primarily be responsible for zoonotic hazard. Outbreak 
magnitude was not reproduced, likely reflecting human behavioral and surveillance 
factors beyond the model’s scope. These results illustrate how mechanistic frameworks 
grounded in reservoir host ecology can yield transferable insights into zoonotic risk, 
with potential application across other climate- sensitive host–pathogen systems. 

zoonotic disease | rodent- borne disease | population dynamics | arenaviruses | lassa fever 

 Climate variability is a well-established driver of human infectious disease risk, shaping 
the timing, magnitude, and geographic distribution of outbreaks across numerous path-
ogens (1). However, the mechanisms through which environmental variation translates 
to disease risk remain poorly understood, limiting our ability to obtain insights that are 
transferable across systems and regions (2). This challenge is particularly acute for zoonotic 
diseases, where the pathway from climate variability to human infection runs via animal 
host ecology; adding biological complexity that purely statistical approaches cannot cap-
ture. By contrast, mechanistic frameworks are well established for vector-borne disease 
systems: Ross-MacDonald-type models linking temperature-dependent mosquito devel-
opment to pathogen transmission have improved outbreak forecasting (3) and enabled 
predictions under climate change scenarios (4). Filling the equivalent gap for zoonotic 
systems is pressing. Rodents host more zoonotic pathogens than any other mammalian 
order (5), their populations respond rapidly to environmental fluctuation (6), and 
rodent-borne diseases impose a substantial burden of morbidity and mortality concen-
trated in low-income settings with limited surveillance capacity (7). Yet mechanistic models 
linking climate to rodent demography and infection dynamics remain rare (8, 9). 

 Rodents’ “fast” life-history traits allow rapid demographic responses to resource avail-
ability (10), with populations regulated by both density-dependent processes, e.g., com-
petition and predation, and density-independent climatic variation acting directly (e.g., 
through overwinter survival), and indirectly via resource availability (6, 8, 11–13). These 
climate-population links have been associated with disease risk across multiple systems, 
from masting-driven nephropathia epidemica outbreaks in Europe (12), to El Niño-driven 
hantavirus pulmonary syndrome in the Americas (12). Yet, most existing work is corre-
lational rather than process-based (9, 14–17), with few studies jointly modeling host 
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demography and infection dynamics as interacting processes 
driven by shared environmental inputs (8). This limits our ability 
to identify which mechanisms link climate variation to outbreak 
risk and transfer models across systems. One such rarely quantified 
mechanism is vertical transmission, the direct passage of pathogen 
from infected mother to offspring, which may sustain pathogen 
persistence between breeding seasons even when horizontal trans-
mission is low (18, 19). Quantifying this transmission mechanism 
requires a process-based framework explicitly linking environmen-
tal drivers to host demography and infection dynamics. 

 Lassa fever (LF) is a climate-sensitive zoonotic disease endemic 
to West Africa, responsible for an estimated 2.1 to 3.4 million 
human infections annually (20), most of which remain undiag-
nosed (21). The Natal multimammate mouse (Mastomys natalen-
sis , MN) is the principal reservoir of Lassa mammarenavirus 
(LASV), the etiological agent of LF, and human cases arise pre-
dominantly from direct or indirect contact with infected MN 
(22); meaning human risk is closely tied to rodent ecology. 
Strong seasonal patterns in both rodent arenavirus seroprevalence 
(19, 23, 24) and reported LF cases (25) suggest that climate 
seasonality drives infection dynamics through the rodent host, 
yet the mechanisms linking climate, MN demography, and 
human outbreak timing remain unresolved. This makes LF an 
ideal but challenging system in which to develop a mechanistic 
framework: ideal because the ecological pathway from climate 
to human risk is clear and the disease burden is substantial; 
challenging because field data on LASV-carrying MN in West 
Africa are scarce due to biohazard and ethical constraints (26, 
27), hindering our ability to build and parameterize inferential 
frameworks. 

 A solution lies in Eastern and Southern Africa, where MN has 
been extensively studied as an agricultural pest and host of several 
nonpathogenic arenaviruses (19, 23, 28, 29). These arenaviruses 
share key biological properties with LASV—infections are non-
pathogenic in MN (23, 30) and establish as either acute or per-
sistent depending on age at infection (18, 23)—and are 
well-validated surrogates for the LASV system (23, 31, 32), having 
informed LASV vaccine development (31, 32) and LASV predic-
tions under anthropogenic change (33). MN populations in 
Eastern and West Africa show comparable seasonal fluctuations 
(33), supporting the potential transferability of a framework devel-
oped using data-rich East African populations to Lassa-endemic 
regions. An intensively studied population in Morogoro, Tanzania, 
with a three-decade capture-mark-recapture (CMR) dataset (29) 
and paired serological data on the LASV-related Morogoro are-
navirus (MORV) (19), provides the empirical foundation for this 
approach. 

 Here we develop and apply a mechanistic framework integrat-
ing climate-driven host population dynamics with pathogen trans-
mission, parameterized via Bayesian inference on long-term CMR, 
serological, and climate data from Morogoro. The framework’s 
core structure rests on embedding a compartmental epidemiolog-
ical model within an integral projection model (IPM) (34), allow-
ing demographic and epidemiological processes to be driven by 
shared climate inputs while capturing demographic heterogeneity 
and explicitly separating horizontal from vertical transmission 
(SI Appendix, Fig. S1) (18, 23). This framework’s three objectives 
are to 1) quantify the demographic and climatic drivers of MN 
population dynamics; 2) estimate vertical and horizontal trans-
mission parameters for MORV; and 3) test transferability to 
observed LF outbreak patterns in Nigeria; serving as proof of 
concept for whether mechanistic host–pathogen models can yield 
transferable insights across regions and systems without requiring 
calibration against human case data. 

Results 

Climate and Demography. In the first framework stage (Fig. 1, 
Demography), Bayesian generalized linear models (GLMs) were 
fitted to CMR data (N = 20,249 captures, 1994–2023) (29) 
alongside lagged, decomposed climate variables (35, 36), with 
performance evaluated against climate- free alternatives, to quantify 
how climate and density- dependent processes shape MN body 
weight, recruitment, and survival. 

 Climate was an important predictor of all demographic pro-
cesses. Models without climate predictors ranked in the lowest 
12.5% of candidates by marginal log-likelihood (8/64; 
SI Appendix, Figs. S2–S4), and best-performing models incor-
porated both demographic predictors (population size and 
weight) and climatic predictors: precipitation seasonality and 
trend for body weight change; precipitation seasonality and var-
iability for recruitment; and precipitation seasonality and tem-
perature trend for survival (Fig. 2A and SI Appendix, Figs. S5–S10 
and Table S1).          

 Rainfall was the dominant climatic driver, with its influence 
strongest on recruitment (Fig. 2A and Table 1); the process most 
consequential for subsequent infection dynamics, discussed below. 
Seasonal precipitation explained 52.1% (95% CrI 2.1 to 79.0%) 
of recruitment variation, with population size accounting for a 
further 26.4% (95% CrI 1.8 to 55.1%), likely reflecting 
density-dependent constraints on breeding. Body weight change 
was jointly driven by previous weight and seasonal precipitation, 
while survival showed limited dependence on any individual pre-
dictor (Table 1 and Fig. 2B and SI Appendix, Fig. S11). Together, 
these results establish recruitment as the demographic process 
most climate-sensitive and most likely to propagate environmental 
variation into infection dynamics, a hypothesis we evaluate in the 
next framework stage. 

Transmission Dynamics. In stage two (Fig.  1, Transmission), 
we estimate transmission by simulating the IPM (SI Appendix, 
Fig. S1) with demographic estimates from stage one while sampling 
transmission parameters from prior distributions (SI Appendix, 
Table  S1), with the resulting joint posterior evaluated against 
MORV seroprevalence data (N = 7,850 tests, 2010–2017) (19). 
This yields empirical estimates of vertical transmission probability 
and horizontal transmission rate in any rodent- arenavirus system 
(SI  Appendix, Table  S1). Vertical transmission probability was 
estimated at 79.1% per infected pregnancy per 28- d (95% CrI 
69.3 to 88.9%) (Fig.  3A), indicating the dominant role that 
mother- to- offspring transmission plays in maintaining viral 
persistence between breeding seasons. 

 Seroprevalence predictions were validated in two ways (Fig. 1, 
 Validation ). First, we assessed the proportion of trapping sessions 
with overlapping observed and predicted seroprevalences (cov-
erage). Coverage was 88.3% for 2010–2016 training data 
(106/120; 95% CI 81.4 to 92.9%) and 88.2% for 2017 hold-out 
data (15/17; 95% CI 65.7 to 96.7) (Fig. 3B and SI Appendix, 
Fig. S12), indicating good calibration and no evidence of over-
fitting (training coverage  ≈    hold-out coverage). Second, a 
Bayesian binomial GLM regressing median predicted seroprev-
alence against hold-out seroprevalence yielded moderate explan-
atory power (posterior coefficient = 0.98, 95% CrI 0.62 to 1.34), 
outperforming an intercept-only null model (SI Appendix, 
Supplementary Results); confirming the framework captures sea-
sonal signal rather than average seroprevalence. 

 We next evaluate the hypothesis that rainfall-driven recruitment 
is the dominant process linking climate to arenavirus outbreak 
dynamics. By examining conditions preceding major seroprevalence D
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Fig. 1.   Modeling framework. The framework proceeds in four stages. Demography: CMR data on M. natalensis  (29) and daily climate records (35, 36) are 
processed to extract demographic processes and decomposed climate components (trend, seasonal, variable). These are used to fit Bayesian demographic 
GLMs via Markov Chain Monte Carlo (MCMC), yielding climate- demographic posteriors. Transmission: these posteriors, together with prior distributions on 
transmission parameters (φ, vertical transmission probability; β, horizontal transmission rate), are passed to an IPM (34) via Bayesian adaptive grid sampling to 
estimate the joint climate- demographic- transmission posterior; seroprevalence data (19) from 2010 to 2016 (black bar) inform estimation and 2017 data (gray 
bar) are withheld for validation. Validation: posterior draws are propagated through the IPM via Bayesian melding (37) and Morogoro seroprevalence estimates 
validated by 1) proportional overlap between predicted and observed intervals (“coverage”); and 2) regression of predictions against hold- out seroprevalence 
via a Bayesian binomial GLM, with fit assessed by expected log- predictive density (ELPD) comparison to a null model. Transferability: the IPM is recalibrated with 
Nigerian climate data (from five high- burden states) without refitting parameters, and predicted rodent infection peaks compared to inferred LF infections via 
a peak difference analysis [Pr(Δ ≤ k)]. Estimates are also compared to null comparators. LF cases (25) are Poisson- sampled to propagate reporting uncertainty 
and back- projected to infection dates via an incubation period posterior (SI Appendix). Text colors: data (green), processes (gray), intermediate products (purple), 
key outputs (gold). Arrows: direct input/output (straight), sampling (squiggle), external validation data (dotted). Circular nodes represent intermediate sampled 
data products. The IPM is described mathematically in Materials and Methods and depicted in SI Appendix, Fig. S1. 

peaks in 2015 and 2017 (Fig. 3B), we find that rainfall anomalies 
in 2014 and 2016 elevated recruitment probability (Fig. 2B and 
SI Appendix, Fig. S13), explaining 17.1% and 17.5% of recruitment 
variance respectively; substantially exceeding variance explained in 
smaller outbreak years (8.3 to 11.2%) or the overall model (11.5%; 
Table 1 and SI Appendix, Fig. S11). Mechanistically, elevated 
recruitment amplified vertical transmission events and, through the 
subsequent influx of naïve juveniles, horizontal transmission; with 
the 2016 peak in horizontally infected adults approximately twice 
that of 2015 (Fig. 3C and SI Appendix, Figs. S14 and S15). No 
equivalent shifts were detected in predictors of weight change or 
survival prior to these outbreaks (SI Appendix, Fig. S11), confirming 
that recruitment, amplified by episodic excess rainfall, is the primary 
mechanism by which climate drives arenavirus transmission peaks.  

Framework Transferability: LF in Nigeria. In the final stage (Fig. 1, 
Transferability), we recalibrate the IPM with climate data (35, 36) 
from the five Nigerian states with the highest LF burden (Fig. 4A), 
substituting climate inputs without refitting any parameters, and 

compare predicted infection dynamics to reported LF cases from 
2018–2025 (N = 6,469) (25). Since vertically infected subadults 
are the primary output of rainfall- driven recruitment pulses, we 
compare observations to predictions for this cohort under the 
hypothesis that they represent the main zoonotic risk to humans. 

 Predicted subadult infection dynamics reproduced the seasonal 
timing of LF outbreaks (Fig. 4B), with mean predicted peaks 
preceding observed peaks by 0.92 mo (95% CrI −2.76 to 0.92; 
Fig. 4C). Across all states and LF seasons, predicted and observed 
peaks fell within ±28 d of each other in 83% of bootstrap replicates 
[Pr(Δ ≤ 28 d) = 0.83] and within ±56 d in 97% [Pr(Δ ≤ 56 d) = 
0.97; Fig. 4D]. By contrast, outbreak timing was not captured by 
seasonal precipitation or simpler demographic outputs [Pr(Δ ≤ 
28 d) ≤ 0.11; Fig. 4E and SI Appendix, Fig. S16], arguing against 
coincident seasonality and suggesting the full mechanistic chain 
of events—climate, demography, transmission—is necessary to 
capture outbreak timing. 

 We next evaluated whether the signal of zoonotic hazard is 
diluted in the adult cohort, as would be expected if subadults D
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Fig. 2.   Estimating the demographic and climatic predictors of rodent 
demography. (A) Estimated posterior distributions of unit- scaled coefficients 
from demographic process models. The density of each posterior distribution 
is shown alongside a posterior median (point), 80% credible interval (thick 
horizontal line), and 95% credible interval (thin horizontal line). The vertical 
dashed line represents no effect. For visual clarity, the uninformative 
normal prior distributions are not shown in the figure but can be found in 
SI Appendix, Table S1. Notation: b

w
  , body weight; b

N
  , population size; b

ptrend
  , 

precipitation trend; b 
pseas

  , precipitation seasonality; b 
pvar

  , precipitation 
variability; b 

ttrend   , temperature trend. (B) Estimates from N = 1,000 posterior 
predictive simulations of the IPM showing the median contributions of 
demographic and climatic effects to each demographic process (with colors 
corresponding to the parameters in panel (A). Bars show the time- specific 
contribution of each covariate to the demographic process, benchmarked 
against the response that would be predicted if all marginal effects took 
their minimum value (Baseline). For survival, this baseline value includes the 
proportion of rodents estimated to be alive despite never being recaptured 
(SI Appendix). The total height of stacked bars is the time- specific predicted 
response. Units for body weight change are the time- specific predicted 
weights (grams) made proportional to the mean modeled weight over 
time (dashed horizontal line), while units for recruitment and survival are 
probabilities. Demographic process models were fit to decomposed climate 
data (35, 36) and M. natalensis CMR data (29) using a No- U- Turn Sampler 
algorithm in Stan (38). Posterior predictions were generated using Bayesian 
melding (37) whereby demographic samples were reweighted based on their 
consistency with seroprevalence data (19). 

represent the primary risk. Peaks in infected adults lagged LF 
outbreaks by 0.92 mo [95% CrI 0 to 2.76; Pr(Δ ≤ 28 d) = 0.56], 
with total infections (subadults and adults) lagging by a similar 
margin [Pr(Δ ≤ 28 d) = 0.80] (Fig. 4E). These results suggest that 
infected subadults may provide an earlier signal of zoonotic hazard 
than adults or aggregate population metrics and may be the cohort 
responsible for human zoonotic risk. 

 Outbreak magnitude, however, was not predicted, consistent 
with this being governed by human factors outside the framework’s 
current scope. Predicted peak sizes exceeded observed peaks by 
0.02 on average (95% CrI −0.52 to 0.64), with peak sizes falling 
within ±0.2 relative units in only 43% of bootstrap replicates 
[Pr(Δ ≤ 0.2) = 0.43; SI Appendix, Fig. S17].   

Discussion 

 By combining long-term ecological data with a mechanistic mod-
eling framework, we demonstrate how climate and demography 
interact to shape the population and infection dynamics of a major 
zoonotic reservoir; and show that such frameworks can yield 

transferable insights across systems and regions without requiring 
calibration against human case data which are often biased and 
patchy. 

 Our models identify precipitation as a key driver across MN 
demographic processes, consistent with broad evidence linking 
rainfall to rodent abundance in resource-limited environments 
(39). The positive relationship between recruitment and episodic 
rainfall likely reflects increased food availability driving rapid 
breeding responses (40, 41); a mechanism that becomes increas-
ingly ecologically consequential as climate change alters the fre-
quency and intensity of rainfall anomalies in semiarid systems like 
Morogoro (42). The strong El Niño event of 2015–2016, which 
brought exceptional rainfall to East Africa (43), coincided with 
the predicted recruitment spike of 2016 (Fig. 2B). The potential 
for such events to become more frequent or severe underscores 
the value of mechanistic frameworks that can translate projected 
climate inputs into predictions of reservoir population and infec-
tion dynamics. 

 While two-thirds of the variation in recruitment was explained 
through precipitation it was also substantially constrained by pop-
ulation size; reflecting density-dependent regulation of breeding 
(6, 44). Population size also had negative effects on weight gain— 
likely reflecting competition—but a positive effect on survival, 
possibly due to dilution of per-capita predation risk in larger pop-
ulations (45). Weight was an important predictor of survival and 
reproduction, consistent with evidence that body condition buff-
ers starvation risk and enhances fecundity (6, 8, 46). These results 
indicate that climate drivers act within the ecological context of 
the system. 

 Our framework builds on previous foundational work (19) to 
provide empirical estimates of arenavirus vertical transmission 
probability. Our estimate that 79.1% (95% CrI 69.3 to 88.9%) 
of infected pregnancies transmit MORV to offspring is broadly 
consistent with laboratory estimates for LASV (99.3%) and 
MORV (100%) (18, 23), with discrepancies plausibly attributable 
to genetic and immunity differences between wild and laboratory 
rodents (47). Our result agrees with previous studies identifying 
vertical transmission as a dominant mechanism sustaining viral 
persistence between breeding seasons, when horizontal transmis-
sion rates are low due to reduced encounter rates between infec-
tious and susceptible individuals (18, 19, 23, 24). This has direct 
implications for control strategies: Fertility management could 
simultaneously reduce the number of new recruits and the number 
of vertically infected offspring, whereas untargeted culling is 
unlikely to be effective since many juveniles are already infected 
(19, 44). 

 Vertical transmission is likely underappreciated as a mechanism 
of interseasonal pathogen persistence across zoonotic systems more 
broadly. Relevant examples span rodent, bat, and vector-borne 
systems: Tick-borne encephalitis virus has been detected in up to 
90% of offspring from naturally infected red voles (48); vertical 
transmission is suspected to contribute to the enzootic mainte-
nance of Ebola virus in bats (49); and vertical transmission in 
 Aedes  mosquitoes contributes to Rift Valley fever persistence (50), 
with emerging evidence of vertical transmission in ruminant hosts 
(51). Our framework could in principle quantify this route across 
such systems, provided three data requirements are met: longitu-
dinal serology with age or reproductive-stage information; demo-
graphic data at sufficient temporal resolution to estimate 
demographic processes; and a host in which vertically and hori-
zontally infected individuals are distinguishable via antibody or 
shedding dynamics.

 The LF transferability test illustrates a key strength of the frame-
work: calibrating models on a data-rich system yields ecological D
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Table 1.   The drivers of rodent demography 
Body weight change Recruitment Survival 

Weight 10.82 (1.67 to 27.86) 5.86 (0.74 to 17.02) 0.53 (0.11 to 1.05) 
Population size 1.34 (0.10 to 2.40) 26.43 (1.77 to 55.11) 0.37 (0.02 to 1.63) 
Climate trend 0.83 (0.01 to 1.68) NA 0.62 (0.04 to 2.99) 
Climate seasonality 11.42 (0.40 to 20.59) 52.12 (2.11 to 78.96) 4.55 (0.20 to 5.34) 
Climate variability NA 11.46 (1.97 to 28.82) NA 
Abbreviations: NA, not applicable (covariate not in model). 
Percentage of the variation in modeled demographic process explained by each covariate. Estimates are given as the median posterior predictions with 95% credible intervals (N = 1,000 
posterior predictive simulations). 

insights on a data-sparse endemic setting (52). Correspondence 
between predicted infected subadult rodents and LF outbreak 
timing—but not climatic or demographic drivers alone—argues 
against coincident seasonality and identifies rodent infection 
dynamics as the proximate determinant of zoonotic hazard (22, 
53). Concordant results despite phylogeographic differences 
between LASV-carrying MN in Nigeria and MORV-carrying MN 
in Tanzania (28) may reflect their comparable demographic 
responses to climatic cues (33). 

 Our finding that the framework, without being fit to human 
case data, successfully recovers approximate outbreak timing but 
not magnitude suggests that rodent infection dynamics set the 
temporal window of zoonotic hazard, while human factors deter-
mine how much of that hazard is realized as reported cases. Our 

result that subadult infection peaks precede human outbreaks, 
while adult infection peaks do not, may be due to the prolonged 
shedding of chronically infectious subadults compared with tran-
siently infectious adults (18, 19, 23, 24), or may be a limitation 
of the model’s 4-wk time step. 

 Key limitations of our study bear acknowledgment. Agricultural 
practices influencing MN movement and abundance (40) were 
excluded due to data unavailability; their future inclusion could 
inform finer-scale models linking rodent ecology to human exposure 
(54). The assumption of a homogenously mixed population is con-
sistent with MN’s nonterritorial social structure (55) but may not 
capture fine-scale spatial heterogeneity in contact rates (56, 57). 

 Future studies wishing to build mechanistic forecasting tools 
for LF could adapt our framework by adding an interface to 

A 

B 

C 

Fig. 3.   Estimating the drivers of arenavirus transmission. (A) Approximate posterior distributions of the horizontal transmission rate ( 𝛽 ) and the probability of 
vertical transmission from an infected pregnancy ( 𝜑 ), with associated prior distributions (uniform and beta, respectively). Units are (28 d)−1. Points represent 
the posterior medians, thick inner lines the 80% credible intervals, and thin outer lines the 95% credible intervals. (B) Fit of modeled seroprevalence to observed 
M. natalensis Morogoro arenavirus seroprevalence data for subadults (N = 6,904 tests) and adults (N = 946 tests) (19). Points and error bars represent observed 
means and binomial 95% CI for each trapping session, while lines and shaded areas show posterior predictive medians and 95% credible intervals (N = 1,000 
posterior draws). The IPM was fit to seroprevalence data from 2010–2016 (blue), with 2017 withheld for validation (red). Posterior predictions were generated 
using Bayesian melding (37) whereby demographic samples were reweighted based on their consistency with seroprevalence data (19). Fit quantification is 
given in SI Appendix, Fig. S12. (C) Posterior predictions (medians and 95% credible intervals) from the fitted model of subadult and adult population size by 
infection compartment: horizontally infected (H) and vertically infected (V) (N = 1,000 posterior draws). D
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A 

B 

C 

D E 

Fig. 4.   Assessing transferability across arenavirus systems. Nigeria posterior predictive simulations (N = 1,000) using the recalibrated model. (A) The five 
included Nigerian states; colors correspond to state names in panel B. (B) Median (line) and 95% credible interval (CrI; shaded area) of the predicted relative 
number of infected subadult rodents (color) vs. the relative number of laboratory- confirmed LF cases transformed to infections (gray; N = 6,469 cases) (25), 
shown separately for each state. Uncertainty in reported cases was represented by N = 1,000 Poisson- distributed realizations of weekly case counts; estimated 
infection dates were obtained by convolving each realization with a LF incubation period distribution (sampling N = 1,000 random parameter sets from the 
incubation period posterior; see SI Appendix). Predictions and inferred infections were scaled to their respective maxima. Data from the 2020/21 season were 
omitted due to interruptions in case reporting during the COVID- 19 pandemic (dark gray shaded area) (25). (C) Differences in peak timing (months) between 
the predicted number of infected subadult rodents and observed LF outbreaks by state and LF season, with the overall estimate (black) pooled across all states 
and seasons. The dashed horizontal lines indicate perfect agreement. Peak timing comparisons used N = 10,000 bootstrap samples drawn independently 
from model and observation posterior distributions. (D) Probability of concordance between predicted and observed peak timing by state and season across 
three agreement thresholds: exact agreement (0 d), within ±28 d, and within ±56 d. Dotted horizontal lines show the overall probability of concordance at 
each threshold, pooled across all states and seasons. (E) Peak timing differences summarized across all states and LF seasons for: seasonal precipitation, 
demographic predictions (body condition and recruitment probability), and infection predictions (subadults, adults, and total). Estimates are shown alongside 
probability of peak timing concordance within ±28 d. “Infected subadults” is the same metric used in panels B–D. In panels C and E, points represent medians 
and error bars 95% CrIs. LF seasons were defined as July–June to capture the typical December–April outbreak period (25). 

human infection dynamics while estimating rodent–human con-
tacts using LF case data (58). Such an approach would need to 
further consider the differences between the Nigerian and 
Tanzanian systems—in factors such as host specificity (18, 59), 
virus species (23, 31, 32), habitat use (58), and rodent contact 
rates (56, 57)—otherwise risk conflating rodent–human contact 
rates with other confounding variables. Ultimately, it is likely that 

data unavailability (52) will require some assumption of congru-
ence to be made between these disparate rodent systems. 

 In conclusion, we present a mechanistic framework linking 
climate, host demography, and pathogen transmission; parame-
terized from field data and transferable across systems without 
requiring human case data for calibration. The framework offers 
a template for bridging the methodological gap between 
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well-developed vector-borne disease models and the far larger set 
of zoonotic systems where equivalent approaches remain rare, with 
potential to inform outbreak preparedness tools under a chang-
ing climate.  

Materials and Methods 

Data. We extracted publicly available CMR data on MN from a 29- y study in 
Morogoro, Tanzania (29). Trapping occurred every 28 d over three consecutive 
nights, yielding 377 sessions over 1,083 trap days (29). We excluded records 
with missing or erroneous values, classified individuals as subadults or adults 
based on reproductive condition (29), and calculated the Minimum Number 
Alive as an index of relative abundance (60). Analyses were restricted to females  
(N = 8,628 individuals, 20,249 captures, 1994–2023), under the assumption 
that male availability was not limiting for reproduction. 

We obtained MORV seroprevalence data collected 2007–2017 using indirect 
immunofluorescence (19), excluding observations from 2007–2009 due to qual-
ity issues (J. Mariën, pers. comm.) and records with missing/ambiguous serosta-
tus. Seroprevalence was estimated per session for subadults and adults with 95% 
binomial CI. As sex was not a significant predictor of exposure (multivariable GLM, 
P = 0.33), data were pooled across sexes, yielding 3,598 individuals and 7,850 
tests across 79 sessions. 

Daily precipitation and temperature was extracted at the trapping site (35, 36) 
and used to calculate 28- d rolling averages. We applied seasonal- trend decom-
position via LOESS (61) to extract trend, seasonal, and residual (hereafter “vari-
able”) components; window parameters and data cleaning steps are described 
in SI Appendix. 

Demographic Models. We developed Bayesian hierarchical GLMs in Stan (38) for 
body weight change (hereafter “growth”), recruitment, and survival, each modeled 
as a function of individual body weight Xw  , time- specific population size XN (t)  
[allowing for density- dependent effects like competition and predation (6, 44)], 
and decomposed climate covariates, ci . For each process, the linear predictor was 

g(𝜇) = a + bw X w + bN X N (t) + 
∑ 

i 

∑ 

k 

b i 𝜔 k c i (t − L i,k ), [1] 

where g(𝜇) is the link function (identity for growth, logit for recruitment, and 
survival), a is an intercept, bw and bN are coefficients on body weight and popu-
lation size, b i  is a coefficient on climate component i  , L i,k  is the k th temperature/
precipitation lag (0 to 168 d in 28- d intervals) corresponding to climate covariate 
i  , and 𝜔k is the associated lag weight. Estimating 𝜔k allows past climates to 
contribute to current demographic rates in proportion to their explanatory power. 

Growth was estimated from paired captures of nonpregnant, nonlactating 
females using a heteroskedastic normal GLM. Recruitment was defined as indi-
viduals captured as nonpregnant, nonlactating at time t  and pregnant or lactating 
at t + 1 , or lactating at t + 2 (62). Survival was not directly observable; recapture 
probability was estimated from individual recapture histories and adjusted to 
give survival (SI Appendix). Covariates were unit- scaled with weakly informative 
zero- centered prior distributions (SI Appendix, Table S1). For each process, 64 can-
didate models were fitted representing all combinations of six climate predictors; 
the top- ranked model by marginal log- likelihood (63) was used for inference. 
MCMC fitting details, convergence diagnostics, and posterior predictive checks 
are described in SI Appendix. 

Population and Infection Model. The fitted demographic GLMs Eq. Eq. 1 were 
used to construct an IPM (34) of rodent population and pathogen dynamics 
(https://github.com/gcmilne/lassa-popdyn and SI Appendix, Fig.  S1), tracking 
the body weight distribution in discrete 28- d time steps: 

n 
( 
w ′ , t + 1 

) 
= ∫

[

P(w ′ , w, t) + F (w ′ , w, t) 
] 
n(w, t)dw, [2] 

where n(w, t) is the density of individuals of weight w at time t  , P(w ′ , w, t) is 
the weight- dependent probability of survival and growth to weight w ′  at t + 1 , 
and F (w ′ , w, t) is the density of recruited individuals at weight w ′  from parents 
of weight w. 

A compartmental model was embedded within the IPM with compartments 
susceptible ( S ), horizontally infected ( H ), vertically infected ( V  ), and recovered 
( R ) updated by 

S t + 1 = 
( 
1 − 𝜆 t 

) 
pS,t S t + 𝜂pS,t R t + B S,t , 

H t + 1 = (1 − 𝛾 )pS,t H t + 𝜆 t pS,t St , 

V t + 1 = pS,t V t + B V ,t , 

R t + 1 = (1 − 𝜂)pS,t R t + 𝛾pS,t H t + B R,t , [3] 

where pS,t  is the survival probability from Eq. 1; 𝜆t  is the horizontal force of infec-
tion; and B S,t   , B V ,t   , and B R,t   are births entering each compartment. Births from 
H  and V   mothers produce vertically infected offspring with vertical transmission 
probability 𝜑  and susceptible offspring with probability 1 − 𝜑  , while recovered 
mothers produce offspring with transient antibodies that wane at rate 𝜂  (19, 
64). Horizontally infected individuals recover at rate 𝛾  , while vertical infection 
is lifelong (18, 23, 24). Horizontal transmission is implemented by estimating a 
density- dependent horizontal transmission rate 𝛽(t) [consistent with MN’s non-
territoriality (55)] and then approximating the effective per- time- step force of 
infection 𝜆t  (SI Appendix). Within the IPM, the compartments and births become 
densities across body weights and survival probability becomes weight- specific 
(SI Appendix). 

Transmission Estimation and Posterior Prediction. We approximated 
the joint posterior distribution of ( 𝜑, 𝛽  ) using a Bayesian adaptive grid search 
alongside MORV seroprevalence data (withholding 2017 for validation; Fig. 1, 
Transmission) (19). The algorithm estimated the posterior probability surface 
PDi (𝜑, 𝛽 ) across climate- demographic posterior draws ( i ∈ {1, 2, . . , 1000} ) 
given prior distributions (SI Appendix, Table S1) and seroprevalence predictions 
[[N(t) − S(t)]/N(t), reflecting life- long seropositivity (23)]. An initial coarse grid 
search was refined iteratively to yield a smoother PDi (𝜑, 𝛽 ) used for posterior 
predictions. 

Posterior predictions were generated using Bayesian melding (Fig. 1, Validation 
and Transferability) (37), sampling from climate- demographic posteriors and trans-
mission posteriors while ensuring climate- demographic draws consistent with the 
seroprevalence data receive higher weight. Briefly, for i ∈ {1, 2, . . , 1000} itera-
tions, demographic posterior draw i  was resampled with probability proportional 
to its marginal posterior mass PDi(𝜑, 𝛽) .  Conditional on draw i  , a (𝜑, 𝛽 ) pair was 
sampled from PDi (𝜑, 𝛽 ) and the IPM simulated. Outputs were summarized as 
medians and 95% CrIs (0.5, 0.025, and 0.975 quantiles). 

Validation. To validate seroprevalence predictions (Fig. 1, Validation), we first 
estimated the proportion of observation 95% CrIs overlapping predicted 95% 
CrIs (hereafter “coverage”). We compared coverage for training data (2010–2016) 
and hold- out data (2017), assessing overfitting (training coverage >> hold- out 
coverage) versus out- of- sample predictive skill (hold- out coverage ≈ training 
coverage) (SI Appendix, Fig. S12). Second, we regressed median predicted sero-
prevalence 𝜃̂gt against hold- ut observations using a Bayesian binomial GLM 
with identity link, fitted via MCMC in brms (65): 

M gt ∼ Bin(n gt, a + b𝜃̂ gt), [4] 

where Mgt is number of seropositive rodents for gro

o

up g (subadults and adults) 
at time t  , and ngt is number of rodents tested. A posterior coefficient b of 1 indi-
cates 1:1 prediction:observation concordance. We compared this model to an 
intercept- only null model by approximate leave- one- out cross- validation on 
expected log- predictive densities (65). 

Framework Transferability. We assessed framework transferability to capture 
LF dynamics (Fig. 1, Transferability), substituting Morogoro’s for Nigeria’s climate 
(35, 36) extracted at the centroid of the five highest- burden states (Fig. 4A), without 
refitting any parameters. We compared N = 1,000 posterior predictions of infected 
subadults ( H + V   ) to laboratory- confirmed LF cases (2018–2025, N = 6,469) (25, 
66), using data ≥2018 due to changes in testing capacity (67) and excluding 
2020/21 due to reporting interruptions caused by COVID- 19 (25). 
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We propagated uncertainty in true case burden by generating Poisson- 
distributed realizations of weekly reported cases: 

Ŷ s,j 
(

d
) 
∼ Pois 

(

𝜆 = Y s 
(

d 
)) 
, 

where Ys 
(

d
)

 is the reported count on day d in state s . To obtain an estimated 
LASV infection time series Is,j 

(

d
)

 , we back- projected each realization Ŷs,j 
(

d
)

 by 
drawing, for each j ∈ {1, 2, . . . , 1000} , a single parameter set 𝜃j  from a LF 
incubation period posterior distribution (SI  Appendix), defining a lognormal 
distribution pI ( ∙ ;𝜃j ): 

I s,j 
(

d
) 

= 
30 
∑ 

i=1 
Ŷ s,j 

(

d + i
) 
pI (i;𝜃 j ), 

where pI (i;𝜃j ) is the probability that an infection occurring on day d becomes 
symptomatic i  days later. Each Is,j 

(

d
) 
 was aggregated into 28- d windows and 

scaled to its maximum to yield a relative metric comparable to scaled model 
predictions. 

We extracted the window in which predictions and observations peaked 
for each iteration/realization, state and LF season, then drew N = 10,000 inde-
pendent bootstrap pairs from these distributions and computed differences as  
Δ = model—observed peak window. Differences were summarized as posterior 
medians and 95% CrIs and concordance was quantified as Pr(|Δ| ≤ k) for windows 
k ∈ {0, 1, 2} (exact agreement, ±28 d, ±56 d). 

To evaluate the added value of the full mechanistic chain, model peak timing 
was compared against three null comparators: seasonal precipitation, recruitment 
probability, and adult body condition; using Pr(|Δ| ≤ 1) as the primary concord-
ance metric. Peak timing was additionally compared separately for infected adults 
to assess age- class specificity of the outbreak signal. 

Data, Materials, and Software Availability. Morogoro arenavirus seropreva-
lence data are available as grouped data in ref. 19; the individual-level data can 
be found in a Dryad repository (68). Capture-mark-recapture data are available 
as previously published open-source data from ref. 29. Daily climate data are 
available from refs. 35 and 36. The code used for the analyses performed in this 
paper can be found in Github (69). 
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