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Abstract

Country-wide lockdowns often face resistance when perceived as overly broad or misaligned with local realities.
Designing effective, context-sensitive interventions requires understanding whether centralized national or decen-
tralized provincial measures are more appropriate. This study extends previous analyses by developing a stochastic
metapopulation model to simulate COVID-19 transmission across Mozambique’s 11 provinces during the first epi-
demic wave from March 22, 2020 to March 7, 2021. Human mobility was modeled via a radiation-based transition
matrix, and the model was calibrated using effective population estimates and reported active cases. Three core
intervention scenarios were evaluated including mobility without interventions, mobility with centralized national-
triggered interventions, and mobility with decentralized province-specific triggers. Additional simulations assessed
the robustness of interventions under varying physical distancing effectiveness 𝜖, national thresholds 𝜈𝐺, and provin-
cial thresholds 𝜈𝐿. Results indicate that decentralized interventions outperformed centralized approaches, delaying
provincial epidemic peaks by 29 to 82 days, with a national average of 37 days, and reducing cumulative infections
by 0.74−6.86% across provinces, with a national reduction greater than 2.49%. Sensitivity analyses show that higher
physical distancing effectiveness and stricter local thresholds further delay peaks, particularly in less-connected
provinces. Global sensitivity analysis highlights transmission rate, interprovincial connectivity, and intervention
efficacy as the most influential factors. These findings suggest that province-specific strategies provide a superior
balance between epidemic control and socioeconomic resilience in resource-limited settings and demonstrate the
importance of spatially explicit mobility-aware models to guide adaptive public health policies and future pandemic
preparedness under heterogeneous regional conditions.
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Resumo

Confinamentos em todo o país frequentemente enfrentam resistência quando percebidos como excessivamente amp-
los ou desalinhados com as realidades locais. Conceber intervenções eficazes e sensíveis ao contexto exige compreen-
der se as medidas centralizadas nacionais ou descentralizadas provinciais são mais adequadas. Este estudo amplia

⭐This article is an extended version of thework presented at the XXVIII NationalMeeting onComputationalModeling (ENMC)&XVIMeeting
on Science and Technology of Materials (ECTM), held in Montes Claros, Brazil, October 21–24, 2025.
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análises anteriores ao desenvolver ummodelo estocástico metapopulacional para simular a transmissão da COVID-
19 nas 11 províncias de Moçambique durante a primeira onda epidémica, de 22 de março de 2020 a 7 de março de
2021. A mobilidade humana foi modelada através de uma matriz de transição baseada em radiação, e o modelo foi
calibrado utilizando estimativas populacionais efetivas e casos ativos reportados. Foram avaliados três cenários cen-
trais de intervenção: mobilidade sem intervenções, mobilidade com intervenções centralizadas acionadas por gatil-
hos nacionais, e mobilidade com intervenções descentralizadas acionadas por gatilhos específicos de cada província.
Simulações adicionais avaliaram a robustez das intervenções sob diferentes valores da eficácia do distanciamento
físico 𝜖, do limiar nacional 𝜈𝐺 e do limiar provincial 𝜈𝐿. Os resultados indicam que as intervenções descentralizadas
superaram as abordagens centralizadas, atrasando os picos epidémicos provinciais em 29 a 82 dias, com uma média
nacional de 37 dias, e reduzindo as infeções acumuladas em 0,74 − 6,86% nas províncias, com uma redução na-
cional superior a 2,49%. Análises de sensibilidade mostram que maior eficácia do distanciamento físico e limiares
locais mais restritivos atrasam ainda mais os picos, particularmente em províncias menos conectadas. A análise
de sensibilidade global destaca a taxa de transmissão, a conectividade interprovincial e a eficácia da intervenção
como os fatores mais influentes. Estes resultados sugerem que estratégias específicas por província proporcionam
um equilíbrio superior entre controlo epidémico e resiliência socioeconómica em contextos com recursos limitados,
e demonstram a importância de modelos espacialmente explícitos e sensíveis à mobilidade para orientar políticas de
saúde pública adaptativas e o preparo para futuras pandemias em condições regionais heterogéneas.

Palavras-chave
COVID-19 ∙ Moçambique ∙ Intervenções descentralizadas ∙ Modelagem metapopulacional ∙ Intervenções não
farmacêuticas

1 Introduction
The coronavirus disease 2019 (COVID-19), caused by the severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2), triggered unprecedented global public health responses. To curb viral transmission during the early stages
of the pandemic, many countries implemented nonpharmaceutical interventions (NPIs) including testing, isolation,
contact tracing, quarantine, and movement restrictions [1, 2, 3]. In addition, governments adopted broad measures
such as school and workplace closures, restrictions on public gatherings, and population mobility limitations [4,
5]. When timely and effectively applied, these interventions can reduce the effective reproduction number (𝑅𝑒)
below unity, thereby slowing transmission, limiting infections, reducing strain on healthcare systems, and lowering
mortality [5, 6]. However, balancing epidemic control with socioeconomic stability remains a central challenge,
especially in low- and middle-income countries where prolonged nationwide lockdowns can exacerbate economic
inequality and social distress [7, 8].

In the context of Mozambique, the pandemic did not progress uniformly across the national territory. The first
confirmed casewas reported inMaputoCity onMarch 22, 2020, and subsequent spread occurred toMaputo Province,
Cabo Delgado, and eventually throughout the remaining provinces by mid-May 2020. By March 2023, the country
had reported over 233,000 cumulative cases and more than 2,200 deaths [9, 10]. Authorities responded with a series
of public health alerts and policy measures, including repeated States of Emergency and restrictions on economic
and social activities. Despite these efforts, due to economic necessity and limited social protection mechanisms,
compliance with some NPIs was uneven, particularly among populations dependent on informal employment [11,
12]. These socioeconomic realities underscore the complex trade-offs inherent in epidemic policymaking in contexts
marked by vulnerability and informality.

The economic and social consequences of prolonged broad lockdowns can be severe. In Mozambique, estimates
suggest that household poverty increased substantially, driving millions into deeper vulnerability, while national
GDP growth contracted and employment declined [13, 14]. School closures, although necessary to limit transmis-
sion, adversely affected educational attainment, particularly in rural areas with limited connectivity and resources
[15, 16]. These indirect costs highlight the need for more nuanced strategies that can balance epidemiological effec-
tiveness with socioeconomic feasibility.

An emerging body of research suggests that regionally targeted and localized interventions can achievemore effi-
cient epidemic control with lower social and economic disruption than blanket national policies. Empirical studies
of localized lockdowns, such as those implemented in Chile, indicate that localized measures can slow transmis-
sion while imposing lower overall societal costs, though their effectiveness is modulated by spillover effects from
neighboring regions [17]. Spatially explicit modeling approaches also show that regional heterogeneity and mobil-
ity patterns significantly shape epidemic trajectories, and that tailored interventions can improve outcomes relative
to uniform strategies [18, 19]. In addition, data-driven metapopulation models from other settings (e.g., Belgium)
demonstrate how social mixing and mobility reductions influence epidemic dynamics under phased exit strategies
[20]. Furthermore, recent theoretical work emphasizes the importance of mobility and inter-regional travel in de-
termining the effectiveness of local interventions and thresholds for action [21].
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Despite these advances, there is a limited understanding of how centralized versus decentralized approaches
perform in spatially heterogeneous environments such asMozambique, where subnational variation in connectivity,
population density, and socioeconomic conditions is pronounced. Existing metapopulation models that account for
mobility and spatial structure provide a promising framework for evaluating such differential strategies [22, 23], but
applications in low-resource settings remain scarce.

Given this gap, this study develops a stochastic metapopulation SEIAHRD model incorporating interprovincial
mobility and heterogeneous contact patterns to evaluate the relative effectiveness of centralized (national) and de-
centralized (provincial) COVID-19 intervention strategies inMozambique. The specific objectives are: (i) to compare
the timing and magnitude of epidemic peaks under centralized and decentralized scenarios; (ii) to assess how inter-
vention trigger thresholds influence epidemic dynamics; (iii) to quantify the role of contact reduction effectiveness
in peak delay; and (iv) to identify key model parameters driving variability in epidemic timing via global sensitivity
analysis. Through these analyses, we aim to provide evidence-based insights to inform adaptive, context-specific
epidemic policy design in resource-limited and spatially heterogeneous settings.

2 Material andMethods

2.1 Metapopulation Epidemic Model
This study builds on the work of Joaquim et al. [24], who proposed a stochastic, discrete-time metapopulation epi-
demic model to simulate COVID-19 transmission in Mozambique. In that earlier model, the national territory was
structured as a network of interconnected subpopulations, each corresponding to one of the eleven provinces of the
country. In the present study, we extend that framework by modifying the force of infection to incorporate con-
tainment measures designed to distinguish between the impacts of centralized (national-level) and decentralized
(province-level) intervention strategies. This extension was essential to evaluate how policy coordination (or its ab-
sence) influences the timing of epidemic peaks, the cumulative number of infections, and the overall burden on the
health system, especially in a spatially heterogeneous and economically informal context such as Mozambique.

Themodel comprises 11 interacting subpopulations (provinces), with disease dynamics occurring independently
within each province 𝑖, while interprovincial mobility allows the spatial spread of infection. The SEIAHRD model
denotes a compartmental structure that divides individuals into seven disease-related states:S (susceptible), E (ex-
posed), I (symptomatic infectious), A (asymptomatic infectious), H (hospitalized), R (recovered), and D (reported
deaths). Each compartment reflects a key phase of disease progression and enables a more detailed representation
of transmission patterns, health outcomes, and policy-relevant indicators such as hospitalization and death. The
probability of infection is expressed by the force of infection 𝜆𝑖(𝑡), defined as:

𝜆𝑖(𝑡) = 1 − [1 − 𝛽𝑖 (𝜉 +
1 − 𝜉
𝑁𝑖

)]
𝑁+
𝑖

, (1)

where 𝛽𝑖 is the infection rate, 𝑁𝑖 denotes the total number of individuals in the subpopulation 𝑖, and 𝑁+
𝑖 = 𝐼𝑖(𝑡) +

𝐴𝑖(𝑡) + 𝐻𝑖(𝑡) represents the number of active cases. The parameter 𝜉 regulates the type of incidence: for 𝜉 = 0, the
model follows the standard incidence; for 𝜉 = 1, it follows density-dependent incidence, as discussed in Karatayev
et al. [25].

Figure 1 illustrates the transition diagram of the SEIAHRD model in each node of the metapopulation network.
As the epidemic progresses, individuals move between subpopulations. For each compartment𝑋 ({S, E, I, A, R})

in subpopulation 𝑖 and time 𝑡, after determining 𝑋𝑖𝑗(𝑡), which represents the number of individuals traveling from
𝑖 to 𝑗. ∑𝑗 𝑋𝑖𝑗(𝑡) represents the total number of individuals in compartment 𝑋 leaving subpopulation 𝑖 for other
subpopulations 𝑗. On the other hand, ∑𝑗 𝑋𝑗𝑖 indicates the total number of individuals entering 𝑖 from different
subpopulations 𝑗. In each compartment 𝑋, an individual has the possibility to move from subpopulation 𝑖 to one of
𝐽 = 10 other subpopulations. So, incorporating interprovincial mobility terms, leading to the following metapopu-
lation model for COVID-19 transmission, described by the system of Eq. (2).
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Figure 1: Transition diagram of the SEIAHRD epidemic model in each subpopulation.
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𝑗
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𝐷𝑖(𝑡 + ℎ) = 𝐷𝑖(𝑡) + 𝐵57(𝑡),

(2)

where

𝐵12(𝑡) ∼ Bin(𝑆𝑖(𝑡), 𝑃12(𝑡)), 𝐵23(𝑡) ∼ Bin(𝐸𝑖(𝑡), 𝑃23(𝑡)), 𝐵24(𝑡) ∼ Bin(𝐸𝑖(𝑡), 𝑃24(𝑡)),
𝐵35(𝑡) ∼ Bin(𝐼𝑖(𝑡), 𝑃35(𝑡)), 𝐵36(𝑡) ∼ Bin(𝐼𝑖(𝑡), 𝑃36(𝑡)), 𝐵46(𝑡) ∼ Bin(𝐴𝑖(𝑡), 𝑃46(𝑡)),
𝐵56(𝑡) ∼ Bin(𝐻𝑖(𝑡), 𝑃56(𝑡)), 𝐵57(𝑡) ∼ Bin(𝐻𝑖(𝑡), 𝑃57(𝑡)).

The random variables above involve binomial distributions B(𝑛, 𝑝) with the following transition probabilities:
𝑃12(𝑡) = 𝜆𝑖(𝑡), where 𝜆𝑖(𝑡) is the force of infection; 𝑃23 = 𝛼(1 − 𝜌), with 𝛼 as the incubation rate and (1 − 𝜌) the
proportion of symptomatic cases; 𝑃24 = 𝛼𝜌, where 𝜌 is the proportion of asymptomatic cases; 𝑃35 = 𝛾1𝜇, with 𝛾1 as
the recovery rate and 𝜇 the proportion hospitalized; 𝑃36 = 𝛾1(1 − 𝜇); 𝑃46 = 𝛾2, the recovery rate for asymptomatic
cases; 𝑃56 = 𝛾3(1 − 𝜔), where 𝛾3 is the recovery rate for hospitalized cases and 1 − 𝜔 the proportion recovered;
𝑃57 = 𝛾3𝜔, with 𝜔 as the mortality rate post-hospitalization.

For a more detailed description of the base epidemic model, the interprovincial mobility dynamics, and the for-
mulation of the resulting metapopulation model from the coupling of these components, we refer the reader to the
methodological sections presented in previous works [23, 24].

2.2 Intervention Measures
To incorporate containment measures into the numerical model, we considered the closure and subsequent reopen-
ing of schools and workplaces. This dynamic was modeled using the function 𝐶𝑖(𝑡), which defines the activation of
interventions based on time and case thresholds:
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𝐶𝑖(𝑡) =

⎧
⎪
⎨
⎪
⎩

1 if 𝑡𝑛=1 < 𝑡 < 𝑡initial,
1 if 𝑡 > 𝑡initial + 𝑡𝑛=1 and (𝑁+

𝐺 > 𝜈𝐺 or 𝑡 < 𝑡𝐺 + 𝛿𝐶),
1 if 𝑡 > 𝑡initial + 𝑡𝑛=1 and (𝑁+

𝑖 > 𝜈𝐿 or 𝑡 < 𝑡𝐿,𝑖 + 𝛿𝐶),
0 otherwise.

(3)

In this function, presented in Eq. (3), 𝑡𝑛=1 represents the period when the country had 𝑛 = 1 active case; 𝑡initial is
the period of the first school closure;𝑁+

𝐺 and𝑁
+
𝑖 denote the national and local numbers of active cases, respectively;

𝜈𝐺 and 𝜈𝐿 are the thresholds for national and provincial closure; 𝑡𝐺 and 𝑡𝐿,𝑖 correspond to the dates of the last national
and local decrees, respectively; and 𝛿𝐶 = 30 represents the minimum closure duration.

This function is then integrated into the modeling of the fraction of contacts remaining after the implementation
of the interventions, represented by:

𝐹𝑖(𝑡) = 𝑤[1 − 𝜖𝐶𝑖(𝑡)] + (1 − 𝑤), (4)

where 𝑤 is the weight assigned to contact reduction in formal settings (schools and workplaces), and 𝜖 denotes the
effectiveness of the implemented measures.

By introducing 𝐹𝑖(𝑡) into the infection force equation, we obtain:

𝜆𝑖(𝑡) = 1 − [1 − 𝐹𝑖(𝑡)𝛽𝑖 (𝜉 +
1 − 𝜉
𝑁𝑖

)]
𝑁+
𝑖

, (5)

which captures the direct impact of non-pharmaceutical interventions on the transmission dynamics.
To evaluate the impact of policy coordination, twomain intervention strategies were analyzed. In the centralized

strategy, containment measures were triggered based on national epidemiological thresholds, leading to simultane-
ous interventions across all provinces. In contrast, in the decentralized strategy, interventions were implemented
independently by provincial authorities based on local case thresholds. This comparison allows us to quantify how
policy synchronization affects epidemic timing, spatial spread, and peak healthcare demand.

2.3 Model Parameters and Sensitivity Analysis
The parameter values used in the simulation of intervention measures are shown in Table 1 and Table 2.

Table 1: Additional parameter values for simulations with global intervention measures.

Parameter Definition Value Source Province
𝑤 Proportion of contacts in schools and workplaces 0.32 [26, 27, 28]

All
𝜖 Effectiveness of physical distancing 0.64 [25]
𝛿𝐶 Minimum closure duration period 30 [29]
𝜈𝐺 Threshold to close the country 3249 [30]

Detailed information on the data, calibration procedures, and the other parameter values is available in our
previous study [24], where these processes are thoroughly described.

The robustness of the model inferences was assessed through a global sensitivity analysis based on Sobol indices
(first-order and total), with the time of the infection peak (𝑇peak,𝑖) in each province as the quantity of interest. This
quantity is particularly relevant from a public health perspective, as delaying the epidemic peak is directly associated
with the health system’s preparedness capacity and the effectiveness of non-pharmaceutical interventions [31, 32].

First-order Sobol indices (𝑆𝑖) measure the direct contribution of each parameter to the output variance, while
total indices (𝑆𝑇𝑖 ) also incorporate all interactions of that parameter with others [33, 34]. The difference 𝑆𝑇𝑖 − 𝑆𝑖
indicates the fraction of variance due exclusively to interactions involving parameter 𝑖.

To quantify uncertainty, we considered the transmission rate 𝛽𝑖 , the incidence control parameter 𝜉, the pro-
portion of contacts in schools and workplaces 𝑤, and the effectiveness of physical distancing measures 𝜖. For this
process, we first defined a range of [−30%, +30%] for each of the aforementioned parameters. Next, we generated
a sample matrix combining parameter values within this range using the .sample_sobol() function, based on the
work of Sobol [35] and implemented in the Python SALib library developed by Herman and Usher [36]. Using the
sample of parameter value combinations, we instantiated and ran the epidemiological submodels corresponding to
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Table 2: Additional parameter values for simulations in Scenario 2.

Parameter Definition Value Source Province
𝑤 Proportion of contacts in schools and workplaces 0.32 [26, 27, 28]

All𝜖 Effectiveness of physical distancing 0.64 [25]
𝛿𝐶 Minimum closure duration period 30 [29]

𝜈𝐿 Threshold to close the province

81

[30]

Niassa
63 Cabo Delgado
113 Nampula
177 Zambézia
113 Tete
10 Manica
42 Sofala
27 Inhambane
29 Gaza
723 Maputo
1871 Maputo City

each province, employing the .evaluate() function, which is also implemented in the Python SALib library byHer-
man and Usher [36]. After running each submodel, we performed sensitivity analysis using the .analyze_sobol()
function from the same library.

The sensitivity analysis of the intervention thresholds reveals a clear relationship between the timing of policy
activation and the resulting epidemic dynamics.

To assess the impact of the national threshold on epidemic progression, we simulated different values of 𝜈𝐺,
ranging from very restrictive to permissive. The sensitivity analysis of the intervention thresholds reveals a clear
relationship between the timing of policy activation and the resulting epidemic dynamics. As shown in Table 3,
lower national thresholds lead to substantial delays in the national epidemic peak. When a very restrictive threshold
of active cases is adopted, the peak occurs at day 251, representing a delay of 98 days relative to the no-intervention
scenario. In contrast, amore permissive threshold leads to a peak at day 198, corresponding to a delay of only 45 days.
These results indicate that earlier activation of nationwide interventions significantly enhances their effectiveness
in slowing epidemic growth.

Table 3: Variation of the national threshold 𝜈𝐺.

Scenario 𝜈𝐺 National peak average (days) Delay relative to baseline
Very restricted 1000 251 +98

Baseline 3249 235 +82
Moderate 5000 219 +66
Permissive 10000 198 +45

A similar pattern emerges in the analysis of provincial thresholds (𝜈𝐿). To illustrate this effect, we varied the
provincial threshold forManica, a provincewith a notably low baseline threshold. Table 4 summarizes the outcomes.

When the intervention threshold is low, the epidemic peak occurs at day 305, representing a delay of 162 days
relative to the baseline scenario. As the threshold increases, the peak occurs progressively earlier, reaching at day
221. This reduction of more than 80 days highlights the strong influence of local decision thresholds on epidemic
timing.
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Table 4: Variation of the provincial threshold 𝜈𝐿 (example in Manica).

Scenario 𝜈𝐿 Peak date in Manica Delay relative to baseline
Baseline (Lower) 10 305 +162
Moderate 50 287 +144
High 200 251 +108
Very high 500 221 +78

3 Results and Discussion
In addition to comparing centralized and decentralized intervention strategies during the first wave of COVID-19
infections in Mozambique, which was the focus of our previous work [37], the present study extends the analysis by
examining the robustness of intervention outcomes under different policy and behavioral conditions. Specifically,
we investigated how variations in physical distancing effectiveness, national intervention thresholds, and provincial
thresholds influence epidemic dynamics. The simulation period covered 350 days, from March 22, 2020, to March
7, 2021, corresponding to the early phase of the pandemic when non-pharmaceutical interventions constituted the
primary control strategy.

3.1 Effectiveness of Centralized and Decentralized Interventions
The comparison of intervention strategies reveals clear differences in their effectiveness. As illustrated in Fig. 2, de-
centralized interventions consistently delayed the epidemic peakmore than centralized policies across all provinces.
Additional delays ranged from 29 days in Niassa to 82 days inManica, with a national average delay of approximately
37 days relative to centralized interventions.

These findings highlight the importance of spatial heterogeneity in epidemic dynamics. Mozambique exhibits
substantial regional variation in population density, mobility patterns, and socioeconomic conditions. Provinces
such as Maputo City and Maputo Province function as major economic and transportation hubs with high levels of
daily mobility, while northern and central provinces such as Niassa or Manica are less connected and have lower
population densities. In such settings, epidemic growth is unlikely to occur uniformly across the national territory.
Locally triggered interventions allow authorities to respond earlier to regional increases in transmission, thereby
interrupting infection chains before the epidemic spreads to other provinces.

In contrast, centralized strategies rely on national epidemiological thresholds that may delay intervention in
provinces experiencing early outbreaks. When control measures are activated only after national case numbers ex-
ceed a predefined threshold, provinces with faster epidemic growth may already be well into the exponential phase
of transmission. Similar patterns have been reported in spatial epidemic models showing that the timing and geo-
graphic targeting of interventions strongly influence epidemic trajectories in network-structured populations [38].

From a public health perspective, delaying the epidemic peak is particularly valuable in countries with limited
healthcare resources. Mozambique’s health system operates with constrained hospital capacity and limited intensive
care infrastructure, particularly outside major urban centers. A delay of several weeks in the epidemic peak can
provide critical time to mobilize additional resources, expand treatment capacity, and strengthen surveillance and
testing systems.

3.2 Spatial Heterogeneity in Epidemic Burden
The analysis of cumulative infections (Table 5) shows that decentralized interventions also produced modest re-
ductions in the overall epidemic burden, with provincial reductions ranging from 0.74% to 6.86%. Although these
reductions are relatively small compared with the large delays observed in peak timing, they still represent mean-
ingful improvements in epidemic control.

Importantly, the magnitude of these reductions varied across provinces. Less connected provinces such as Cabo
Delgado, Niassa, and Gaza experienced greater benefits from decentralized interventions, whereas highly urban-
ized provinces such as Maputo City showed smaller differences between strategies. This pattern reflects the role of
mobility networks in shaping epidemic diffusion. Highly connected regions tend to experience faster and more syn-
chronized epidemic waves due to frequent population movement and dense contact networks. In contrast, regions
with weaker connectivity often exhibit slower epidemic propagation, allowing localized interventions to interrupt
transmission more effectively.
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Figure 2: Comparison of epidemic peak timing between centralized and decentralized intervention scenarios across
Mozambican provinces and at the national level. The green and blue dashed lines indicate the simulated peak days
for the centralized and decentralized scenarios, respectively.

Table 5: Comparison of cumulative case counts between centralized and decentralized intervention scenarios across
all Mozambican provinces and at the national level.

Province Global Measures Local Measures
Niassa 1990 1931

Cabo Delgado 2478 2308
Nampula 2458 2377
Zambézia 3871 3671
Tete 1693 1630

Manica 1703 1611
Sofala 2578 2443

Inhambane 1616 1604
Gaza 1572 1523
Maputo 9500 9419

Maputo City 21123 20807
Total 50582 49324

These findings are consistent with previous studies of spatial epidemic diffusion showing that heterogeneity in
mobility and population distribution can generate substantial regional variation in epidemic timing and intensity
[20, 39]. For countries such as Mozambique, where economic activity and population density are concentrated
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in a small number of urban centers, these structural differences should be carefully considered when designing
intervention strategies.

3.3 Impact of Behavioral Interventions
The sensitivity analysis of physical distancing effectiveness demonstrates a strong influence on epidemic dynamics.
Across all provinces, higher effectiveness of distancing measures substantially delayed the infection peak (Fig. 3). In
some provinces the delay exceeded 100 days when distancing effectiveness increased from 25% to 75%.
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Figure 3: Time to peak infection by province under different values of physical distancing effectiveness.

However, the magnitude of this effect varied geographically. Provinces with lower population density and re-
duced mobility connectivity exhibited larger delays, whereas densely populated urban areas showed smaller im-
provements. This pattern reflects the fact that high-density environments sustain transmission even when behav-
ioral interventions reduce contacts. Urban centers such asMaputo City therefore require stronger or complementary
measures, including targeted mobility restrictions, testing, and isolation policies.

These results reinforce the critical role of behavioral interventions in epidemicmitigation, particularly in settings
where pharmaceutical interventions such as vaccines are initially unavailable or limited. Previous modeling studies
have similarly shown that physical distancing and mobility reductions can significantly alter epidemic trajectories
and delay peak healthcare demand [40, 41, 42].

3.4 Importance of Early Intervention Thresholds
The threshold sensitivity analysis further highlights the importance of early policy activation. Lower thresholds
for national and provincial interventions substantially delayed epidemic peaks. For example, a restrictive national
threshold of 𝜈𝐺 = 1000 delayed the peak by nearly 100 days relative to the baseline scenario.

This finding reflects a fundamental principle of epidemic control: interventions implemented early in the epi-
demic trajectory are typicallymore effective than those introduced afterwidespread transmission has occurred. Once
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the epidemic enters its exponential growth phase, delays in policy implementation can allow large numbers of sec-
ondary infections to occur before control measures take effect. The results therefore emphasize the importance of
rapid surveillance and responsive policy triggers in controlling emerging infectious diseases.

3.5 Key Drivers of Epidemic Dynamics
The global sensitivity analysis based on Sobol indices (Fig. 4 and Fig. 5) confirms that the transmission rate is the
most influential parameter governing the timing of epidemic peaks. This result is expected, as transmission intensity
directly determines the speed at which infection spreads through the population.
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Figure 4: First-Order Indices (𝑆𝑖) for the time of the infection peak.

Although individual effects of contact structure and distancing effectiveness appear smaller in the first-order
analysis, the total-order indices reveal important interactions among parameters. In particular, the combination
of high transmission potential and moderate intervention effectiveness can substantially alter epidemic trajecto-
ries. These interactions highlight the importance of considering both epidemiological parameters and behavioral
responses when evaluating intervention strategies.

Overall, the results underscore the importance of mobility-aware, spatially explicit epidemic models for under-
standing disease dynamics in geographically diverse countries. By incorporating regional heterogeneity in popula-
tion structure,mobility, and intervention responses, suchmodels can provide valuable insights for designing adaptive
public health policies in resource-limited settings.

4 Conclusion
This study investigated the impact of centralized and decentralized COVID-19 intervention strategies in Mozam-
bique using a stochastic metapopulation SEIAHRD model that incorporates interprovincial mobility and heteroge-
neous contact patterns. By explicitly accounting for spatial structure and population movement between provinces,
the model provides a realistic framework for evaluating how policy coordination influences epidemic dynamics in
geographically diverse and resource-constrained settings.
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Figure 5: Total Sensitivity Indices (𝑆𝑇𝑖 ) for the time of the infection peak.

Our results show that decentralized intervention strategies, triggered at the provincial level, consistently outper-
form centralized national responses in delaying epidemic peaks. Across provinces, decentralized policies delayed
peak infections by 29 to 82 days, with an average national delay of approximately 37 days. These delays are par-
ticularly important in the Mozambican context, where health system capacity is limited and additional time can
significantly improve preparedness, resource allocation, and hospital response during epidemic surges.

Although decentralized interventions produced only modest reductions in cumulative infections, the benefits
varied substantially across provinces. Less connected and lower-density provinces experienced larger improvements,
while highly urbanized and highly connected regions such as Maputo City showed smaller differences between
strategies. This finding highlights the role of spatial heterogeneity and mobility patterns in shaping epidemic out-
comes and suggests that uniform nationwide policies may not always be optimal in countries with diverse regional
characteristics.

Sensitivity analyses further demonstrate that the effectiveness of behavioral interventions and the timing of policy
activation are critical determinants of epidemic dynamics. Higher effectiveness of physical distancing measures and
lower trigger thresholds for intervention substantially delay infection peaks. Global sensitivity analysis confirms that
transmission intensity remains the dominant driver of epidemic timing, while interactions between contact patterns
and intervention effectiveness can significantly amplify or mitigate policy impacts.

Taken together, these findings emphasize the importance of spatially adaptive and mobility-aware policy design
in epidemic management. In the Mozambican context, decentralized intervention frameworks that allow provinces
to respond rapidly to local transmission conditions may provide a more flexible and effective strategy than uniform
national lockdowns. Such approaches can help balance epidemic control with socioeconomic considerations, par-
ticularly in settings where large segments of the population depend on informal economic activities.

Future research could extend this framework by incorporating additional real-world complexities, including age-
structured contact patterns, vaccination dynamics, and behavioral adaptation over time. Integrating these factors
into spatially explicit epidemic models will further improve the ability of policymakers to design targeted, evidence-
based interventions for future public health emergencies.
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