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Abstract: Human respiratory syncytial virus (RSV) remains a leading cause of pediatric acute respiratory
infections worldwide, with epidemiological patterns shifting in the aftermath of the COVID-19 pandemic.
This study evaluates the independent and combined effects of pharmacological interventions and a targeted
communication campaign aimed at modifying population behavior to reduce infection rates, applying an
impulsive SEIRS differential equation model. The findings underscore the importance of integrated prevention
strategies that combine pharmaceutical and non-pharmaceutical measures to achieve sustained control of RSV
transmission and mitigate the risk of seasonal hospital surges.
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1. Introduction

Human respiratory syncytial virus (RSV) is a primary cause of acute respiratory infections (ARIs) in
infants and children under two years of age [1]. Classified within the Pneumoviridae family, RSV is
responsible for a significant proportion of pediatric hospitalizations for bronchiolitis and pneumonia,
especially in low- and middle-income countries [2]. This virus is divided into two main antigenic
subtypes: A and B, which co-circulate seasonally. Studies have reported that both subtypes can cause
severe infections. Although previous research suggested that subtype A might be associated with greater
clinical severity [3], more recent evidence indicates that there are no conclusive differences in overall
seriousness between the two [4]. However, specific variations in clinical symptoms, immune response,
and viral load have been observed by age and sex [5]. These characteristics underscore the importance
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of continuous epidemiological monitoring and sustained preventive strategies, particularly given the
potential for mutations that could alter their clinical or epidemiological behavior.

In recent years, there has been a shift in the classic patterns of RSV circulation, with atypical
outbreaks and earlier seasonal onset in several countries following the COVID-19 pandemic [6, 7]. In
Latin America, this phenomenon has been documented in the Southern Cone, where countries such
as Chile, Argentina, and Uruguay have reported an earlier and more aggressive increase in cases than
in previous seasons [8]. Chile is of particular interest due to its consolidated surveillance system,
access to public data, and a public health structure that combines mass communication strategies with
non-pharmaceutical measures.

Chile became the first country in the Americas to officially incorporate passive immunization with
nirsevimab in newborns and infants into the public health system as part of its national RSV control
strategy. This long-acting monoclonal antibody is effective in preventing severe illness in infants during
their first seasonal exposure to the virus [9, 10]. However, the winter of 2025 in Santiago revealed its
limitations: A significant epidemic outbreak was recorded in the one- to four-year-old population, not
covered by the strategy, with a positivity rate of 20% in epidemiological week 25 and with RSV being
the predominant respiratory agent, according to 1618 samples processed between June 16 and 22 [11].

International evidence supports the use of universal immunization with nirsevimab as a cost-effective
measure that can significantly reduce hospitalizations and intensive care admissions [12–17]. These
findings reinforce the relevance of the Chilean strategy and the need for local economic evaluations to
optimize its sustainability, thereby expanding coverage and enhancing preventive planning.

Mathematical models are essential tools for understanding and predicting the transmission dynamics
of infectious diseases. Their selection depends on the availability and quality of data, as well as the
biological and epidemiological characteristics of the pathogen under study [1, 18]. In the case of RSV,
compartmental SEIRS-type models (susceptible–exposed–infected–recovered) have been widely used,
allowing the incorporation of specific parameters to suit the analytical objective. When abrupt changes
in dynamics occur, induced by external factors such as prevention campaigns or seasonal variations, the
use of impulsive differential equations provides a more realistic representation by integrating discrete
events that suddenly modify transmission or recovery rates. Validation and calibration of these models
with real epidemiological data enhance the accuracy of projections and support the design of control
strategies tailored to different contexts [19–21].

There is a wide variety of mathematical models that simulate the dynamics of RSV, including
SEIR-type compartmental models, models based on classical ordinary differential equations [22–24],
and fractional differential equations with optimal control [25, 26], among others. The model presented
in this proposal employs impulsive differential equations and incorporates hospital capacity as one of its
compartments, distinguishing it from existing models.

The objective of this study is to analyze, using a mathematical model based on SEIRS-type impulsive
differential equations, the combined impact of pharmacological interventions, such as passive immu-
nization with nirsevimab, and non-pharmacological interventions, such as prevention campaigns aimed
at modifying population behavior, on the transmission dynamics of RSV in the Chilean child population,
incorporating the interaction between epidemiological and behavioral variables and hospital capacity.

AIMS Public Health Volume 13, Issue 3, 864–880.



866

2. Materials and method

An important aspect to consider in modeling with strategic (generalist) infectious disease models
based on the SEIRS compartmental model is that, in general, these models assume constant transmission
and recovery rates. In this case, for each outbreak (new year), the curve of new cases per unit of time,
or prevalence, shows the traditional bell-shaped pattern, where a higher transmission rate (β) implies
an earlier and higher peak. Thus, for example, the graphs in Figure 1 (with data extracted from Chile)
for 2019, 2022, and 2023 could be explained by an increasing β, resulting from the combination of
decreasing mitigation measures and seasonal and population behavior.

(a) (b)
Figure 1. Graphs created from data reported by MINSAL [11].

Thus, the general dynamics of the proposed model, which represents RSV, are expressed by the
susceptible (S ), exposed (E), infectious (I), and recovered (R) states, the latter with temporary immunity.
The initial (fixed) transmission rate is β∗, where we propose a dynamic rate [27–32] expressed by
βp,q = β

q
∗(P∗/P) where P is the behavior influenced by individuals’ risk perception regarding the RSV,

P∗ is the quantified average population’s behavior, and the superscript q is the epidemiological three-
month period of the year, with q ∈ {1, 2, 3, 4}. The functional form of the transmission rate is based on
a simplification of the works by [33, 34], which has been applied in various epidemiological contexts
in the work by [27, 35–37]. The average time that an individual remains in the exposed and infectious
states is 1/δ and 1/γ, respectively. Parameter 1/ψ is the average time that an individual remains immune
before becoming susceptible to the disease again (see first row of Figure 2). In addition, hospitalization
(H), whose rate is given by σq, and hospital collapse (Hc), which represents the number of people who
need hospitalization and cannot access it, are incorporated. Hospital collapse is triggered by the function
Γ(H) defined by [H/H∗]|σq − γh|, where [·] is integer part function and H∗ is the hospital bed capacity.
The proposed function (Γ(H)) is designed to “activate” when the population size of hospitalized patients
H exceeds hospital capacity H∗, thereby initiating hospital collapse; this is why we have used the integer
part function, and once it is activated, it will depend primarily on the difference between the flows that
increase or decrease hospital collapse at three of the σ-γh rates. The entry (births) and exit rates of
the risk group are given by Λ and µ, respectively. The mortality rate is given by d (natural deaths not
attributable to RSV disease, as provided in all compartments) (see Figure 2).
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Figure 2. Flowchart, where Θ = βp,qS Ik/N, Θv = β
p,q
v S vIk/N, Θk = β

p,q
k S k(I + Iv + Ik)/N, and

Γ = [H/H∗]|σq − γh|, where [·] is integer part function.

Individuals (risk group) who receive the monoclonal antibody to combat RSV are denoted by the
subscript v for any compartment (see second row of Figure 2). For simplicity of the model, we have
assumed that this method is applied to susceptible individuals at a rate of φq

ν, and the average time of
effectiveness is given by 1/φ. We have considered that there is the possibility of becoming infected
with RSV even when immunized at a variable transmission rate expressed by βp,q

v = β
q
∗,v(P∗/P), where

β∗,v is the initial (fixed) transmission rate with immunization. Regarding the average times of exposure,
infectivity, and immunity after infection, they are given by 1/δv, 1/γv, and 1/ψv, respectively. It should
be noted that by being immunized with this antibody, we assume that individuals infected with RSV
are not referred for hospitalization. This assumption stems from the fact that if there are cases, they
are typically cases of high-risk infants. Therefore, for the sake of simplicity of the model, we do not
consider those cases. Among those vaccinated, the rate of exit from the risk group is denoted by µv.

The non-risk group is denoted by the subscript k. This group is fed by people who leave the risk
group through rates µ and µv, from the unvaccinated and vaccinated, respectively. The transmission rate
is given by βp,q

k = β
q
∗,k(P∗/P), where β∗,k is the initial (fixed) transmission rate. Finally, 1/δk, 1/γk, and

1/ψk denote the average times for exposure, infectiousness, and removal, respectively (see third row of
Figure 2).

The dynamics of the disease are continuous in time, while the awareness campaigns (which improve
behavior P in a factor α) are discrete in time, i.e., every few instants. Therefore, the model is expressed
by a system of impulsive differential equations; see (2.1).
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Ṡ (t) = Λ − βp,qS Ik/N − (µ + φq
v + d)S + ψR + φS v

Ė(t) = βp,qS Ik/N − (δ + d)E
İ(t) = δE − (γ + σq + d)I

Ḣ(t) = σqI − (Γ + γh + d)H + γhHc

Ḣc(t) = ΓH − (γh + d)Hc

Ṙ(t) = γI + γhH − (ψ + d)R

Ṡ v(t) = φq
vS − βp,q

v S vIk/N − (µv + φ + d)S v + ψvRv

Ėv(t) = βp,q
v S vIk/N − (δv + d)Ev

İv(t) = δvEv − (γv + d)Iv

Ṙv(t) = γvIv − (ψv + d)Rv

Ṡ k(t) = µS + µvS v − β
p,q
k S k(I + Iv + Ik)/N − dS k + ψkRk

Ėk(t) = β
p,q
k S k(I + Iv + Ik)/N − (δk + d)Ek

İk(t) = δkEk − (γk + d)Ik

Ṙk(t) = γkIk − (ψk + d)Rk

Ṗ(t) = −λ1(P − P∗) + λ2(I + Iv + Ik + H + Hc)/N



t < {tn}

P(t+) = (1 + α)P
}

t ∈ {tn}.

(2.1)

where {tn} represents the finite set of intervention times for preventive campaigns. Note that the
equation governing the dynamics of perception P(t) in the first part of (2.1) accounts for two key
mechanisms: a natural prevention term (unrelated to educational interventions), proportional to the total
infectious population (with constant λ2), which may reflect fear-driven behavior; and a subtractive term
representing a gradual return to an intrinsic cultural-environmental baseline value P∗ with a rate λ1.
This structure reveals how the design of awareness campaigns draws inspiration from pharmacokinetic
principles. The summary of model states and parameters is summarized in Tables 1 and 2, respectively.
The data presented in Table 2 are supported by the cited scientific sources, which establish a range of
possibilities; consequently, a value close to the mean is generally taken as the baseline. The data used,
as detailed in Table 2, are divided into three categories: epidemiological data, hospitalization data, and
human behavior data. The epidemiological data were primarily drawn from studies and information
sources specific to Chile, supplemented by global literature. The hospitalization data came exclusively
from Chilean sources, while the data on human behavior were drawn from existing literature spanning
various contexts.
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Table 1. Variables of the model.

Susceptible Exposed Infectious Hospitalized Hosp. collapse Removed
No Vaccine S E I H Hc R
Vaccinated S v Ev Iv − − Rv

Risk-free S k Ek Ik − − Rk

Table 2. Model parameters (P). In the last column, ref1 indicates references [22, 38–40] and
ref2 the references [27, 35, 41]. In the last row, U denotes a dimensionless quantity. We use d
for days. AC stands for author chosen.

P Description / Unit Range Value ref.
Epidemiological parameters

Λ Risk group entry rate (birth rate) / d−1 1/(78*52*7)*[0,4] 1/(78*52*7) moore2014modelling
d Death rate not attributable to RSV disease / d−1 1/(78*52*7)*[0,4] 1/(2*52*7) AC
1/µx Average time in risk group

(with vacc., x = v) / d 1/µ [180, 728]
1/µv [180, 728]

1/δ 720
1/δv 720

[22]

φ
q
v Vaccination (vacc.) rate / d−1 (1/120)·[0, 0.25] q 1 2 3 4

φ
q
v

0.2∗0
120

0.2∗1
120

0.2∗1
120∗5

0.2∗0
120

[42]

1/φ Average immunization time after
vacc. / d [120,180] 180 [43]

β
p,q
∗,x Intrinsic transmission rate without vacc.

(with vacc. (x = v), non-risk group (x = k)) /d−1
β

p,q
∗ [0, 2.6]
β

p,q
∗,v [0, 2.6]
β

p,q
∗,k [0, 2.6]

q 1 2 3 4
β

p,q
∗ 0.257 0.424 0.243 0.202
β

p,q
∗,v β

p,1
∗ /8 β

p,2
∗ /8 β

p,3
∗ /8 β

p,4
∗ /8

β
p,q
∗,k β

p,1
∗ /2 β

p,2
∗ /2 β

p,3
∗ /2 β

p,4
∗ /2

ref1

1/δx Average latency time without minting

(with vacc. (x = v), non-risk group (x = k)) / d
1/δ [2, 6]
1/δv [2, 6]
1/δk [2, 6]

1/δ 4
1/δv 4
1/δk 4

ref1

1/γx Average time an individual remains infectious without vacc.

(with vacc. (x = v), non-risk group (x = k)) / d
1/γ [7, 15]
1/γv [7, 15]
1/γk [7, 15]

1/γ 10
1/γv 10
1/γk 10

ref1

1/ψx Average duration of natural immunity without vacc.

(with vacc. (x = v), non-risk group (x = k)) / d
1/ψ [200, 360]
1/ψv [200, 360]
1/ψk [200, 360]

1/ψ 230
1/ψv 230
1/ψk 230

ref1

Hospitalization parameters
1/γh Average length of time an individual

remains hospitalized / d [7,15] 8 [44]
σq RSV hospitalization rate / d−1 [0, 1] q 1 2 3 4

σ
q
c 0.31/7 0.19/7 0.25/7 0.26/7

[45]

Behavioral parameters
λ1 Rate of resistance to change / d−1 [0,1] 0.03 ref2

λ2 Reaction rate / d−1 [0,1] 0.03 ref2

P∗ Natural individual behavior / P 0.5 ref2

α Behavioral improvement toward RSV
disease / U [0,1] 0, 0.03 and 0.1 AC

tn Time instants where prevention campaigns occur. / d 7∗52 ∗ k, k ∈ N0 AC

3. Results

The numerical results of the model are presented. Time is given by (epidemiological) weeks, and
the population has been normalized (N = 1) and constant (Λ = d), focusing on the risk group zero to
two years of life. The initial conditions used for this section were S (0) = 0.01499, I(0) = 0.00001,
S k(0) = 0.985, P(0) = P∗, and all others were zero (E(0) = H(0) = Hc(0) = R(0) = S v(0) = Ev(0) =

Iv(0) = Rv(0) = Ek(0) = Ik(0) = Rk(0) = 0).
Figure 3 illustrates the dynamics of RSV disease following the implementation of a vaccination

system, excluding prevention campaigns aimed at modifying behavior toward the disease. The total
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number of RSV cases is shown in light blue, i.e., the sum of infectious (I and Iv, red line), hospitalized
(H, blue line), and persons in hospital collapse (Hc, black line). Figure 3(a) illustrates the base case, i.e.,
without vaccination or prevention campaigns, where an epidemiological curve is observed annually,
varying the number and the instant at which the peak of contagion occurs. The three curves show a
hospital collapse (see the black curves), with the highest value corresponding to the amplitude and peak
of the infectious curve. Figures 3b–d incorporate a vaccination system applied in the second and third
quarters of the epidemiological year, i.e., when the disease has the highest number of active cases. After
using a vaccination rate of 0.2/120 during the second quarter and one-fifth (0.2/(120*5)) during the
third quarter (see Figure 3b), a decrease in cases is observed in all four years. However, from the second
year onward, hospitals become overwhelmed again, though to a lesser extent than in the base case,
which can be attributed to a “relaxation” in the population. After an increase in the vaccination rate in
the second and third quarters (a fivefold increase in each quarter) to reach a higher percentage of the
target population, a significant decrease in the number of cases is observed (see Figure 3c), leading to a
substantial reduction in hospital collapse (“disappears”) from the first year after vaccination. However,
in the fourth year, it reappears at a lower level than in the base case. Finally, in Figure 3d, after doubling
the vaccination rate compared to case (c), it can be seen that, given even greater coverage of people in
the risk group (which is ideal), hospital collapse disappears from the first year of implementation of the
vaccination system and does not reappear.
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Figure 3. RSV cases after vaccination. Figure (a) without vaccination, (b) vaccination with
rates given in Table 2, (c) vaccination rate increased five times, (d) vaccination rate increased
10 times.

Figure 4 illustrates the impact of people’s behavior on the disease, excluding vaccination. Figure
4a shows the base case. In cases where non-pharmaceutical prevention campaigns are implemented
(Figures 4b–d), a 3% increase (α = 0.03) in the quantified improvement in behavior has an impact on
the outbreak in the first and third years, smoothing and decreasing the epidemiological curve (even
eliminating hospital queues). However, in the second and fourth years there is a reduction, although not
significant (see Figure 4b). In cases where campaigns are developed that positively impact people’s
behavior (resulting in a 10% increase (α = 0.1)), there is a significant decrease in cases, also in the first
and third years. Still, during the second and fourth years, the reduction remains insignificant (see Figure
4c). For case (c), if we assume that the reaction speed also improves from 0.03 to 0.09, we obtain a case
similar to the previous one, with a reduction in the peaks in the curves (see Figure 4d). The dynamics of
people’s behavior (P) are shown in Figure 4e. It can be seen that, although prevention campaigns are
carried out every year, people tend to return to their natural behavior. This effect has implications for
the transmission rate, which varies with behavior (see Figure 4f).
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Figure 4. RSV cases are changing people’s behavior towards the disease (without considering
vaccination). Figure (a) base case, (b) increase in behavior (quantified) by 3%, (c) increase in
behavior (quantified) by 10%, (d) increase in behavior (quantified) by 10% and an increase in
speed of reacting (λ2) from 0.03 to 0.09, (e) the curve of people’s behavior (P(t)) based on
cases (a)–(d), and (f) the transmission rate dependent on people’s behavior based on cases
(a)–(d).
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Figure 5 illustrates the impact of integrating vaccination campaigns with non-pharmaceutical pre-
vention measures that positively influence people’s behavior. The base case is shown in Figure 5a.
In Figures 5b–d correspond to Figures 3b–d respectively, after considering an increase in behavior
(quantified) by 10% (α = 0.1) and an increase in the speed of reacting (λ2) from 0.03 to 0.09. Observe
that the decrease in positive cases is significantly higher and that the hospital collapse in case (c) is
practically null. In particular, after achieving broad vaccination coverage and non-pharmaceutical
prevention campaigns that positively impact the population (see Figure 5d), the disease is controlled
(with small outbreaks), with few hospital cases, leading to no hospital collapse.
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Figure 5. RSV cases after the application of vaccination and changes in people’s behavior
towards the disease. a) base case, (b) vaccination with rates given in Table 2, an increase in
behavior (quantified) by 10% and an increase in the speed of reacting (λ2) from 0.03 to 0.09.
(c) vaccination rate increased by five times, an increase in behavior (quantified) by 10% and an
increase in the speed of reacting (λ2) from 0.03 to 0.09, and (d) vaccination rate increased by
10 times, an increase in behavior (quantified) by 10% and an increase in the speed of reacting
(λ2) from 0.03 to 0.09.
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The results presented in Figures 3–5 show that the strategies incorporated into the impulsive model
indicate that risk-perception measures have a lesser impact than pharmaceutical measures. However,
these strategies serve as an essential complement to ensure that pharmaceutical measures have a greater
impact on reducing hospital admissions. A comparison of simulated and observed cases is evident when
Figure 1, which presents cases in Chile from 2019 to 2025, is contrasted with the simulation results
shown in Figures 3–5.

3.1. Sensitivity analysis

A local sensitivity analysis was conducted to examine the influence of various parameters on hospital
burden. The parameters analyzed were those that vary quarterly during the epidemiological year (those
marked with the superscript q) and those associated with human behavior (see Figure 6).
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Figure 6. Local sensitivity analysis.

Figure 6 shows that the parameters with the greatest influence on the peak number of RSV-associated
hospitalizations are σq and βq

∗, particularly those corresponding to the epidemiological period in the
third quarter of the year. If these parameters increase by 1% during that period, the peak number of
hospitalizations rises by 74% and 69%, respectively.

The greatest protective effect against the peak in hospitalizations is demonstrated by the parameter φv,
corresponding to vaccination during the second quarter, which highlights the importance of vaccinating
before the peak in infections occurs (which occurred in the third quarter). Furthermore, among the
preventive measures, this parameter in the model appears to be the most effective.

The remaining parameters have sensitivities close to zero, so their influence on the peak in hospital
admissions is not significant under the conditions considered. In particular, since the parameters related
to human behavior also have low sensitivities, it can be concluded that pharmaceutical strategies have a
greater influence than non-pharmaceutical strategies on the peak in hospital admissions.

4. Discussion and conclusion

Human RSV remains a major cause of acute respiratory infections in young children worldwide,
particularly in low- and middle-income countries, where it is responsible for a high proportion of
hospitalizations due to bronchiolitis and pneumonia [1, 2]. Its endemic nature and predictable seasonal
circulation patterns have been disrupted in recent years, with atypical outbreaks and shifts in peak
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incidence reported following the COVID-19 pandemic [6, 7].
The modeling results presented here indicate that in the absence of preventive measures, pharmaceu-

tical or non-pharmaceutical, RSV transmission can escalate to levels capable of overwhelming hospital
capacity, as reflected in the base scenario (Figure 3a). Hospital overcrowding is context-dependent,
varying with the number of available beds, demographic structure, and healthcare accessibility. In
our simulations, the introduction of pharmaceutical prevention, represented by immunization with
monoclonal antibodies such as nirsevimab, reduced both incidence and hospitalization burden, with
hospital collapse disappearing once high coverage levels were achieved [9, 10, 12]. These findings align
with economic evaluations indicating that universal nirsevimab administration is cost-effective and can
substantially reduce severe outcomes [13, 17].

Non-pharmaceutical interventions, modeled here as behavioral modifications induced by public
health campaigns, also demonstrated a meaningful reduction in transmission and hospitalization rates
(Figure 4). This is consistent with evidence showing that community-level preventive behaviors, such
as reducing physical contact during peak circulation, can influence epidemic dynamics [8]. However,
our results indicate that such measures alone are insufficient to eliminate the risk of hospital collapse,
underscoring the need for integrated approaches.

When both pharmaceutical and non-pharmaceutical strategies were applied jointly, the model
projected the elimination of hospital collapse and a marked reduction in epidemic amplitude (Figure 5).
This synergistic effect is consistent with observations from Chile. After a significant RSV associated
hospital burden in 2023, the Ministry of Health implemented a national immunization program with
nirsevimab for infants under six months of age in 2024, complemented by public health communication
measures. Data from the Metropolitan Surveillance Network showed reductions in RSV positivity and
hospitalizations among high-risk groups during the subsequent winter season [11].

A key strength of this work is the incorporation of impulsive differential equations to capture the
discrete nature of behavioral interventions alongside the continuous dynamics of viral transmission.
This hybrid approach allowed us to model both the temporal targeting of prevention campaigns and the
seasonally variable transmission rate, integrating population behavior as an explicit dynamic variable.
Moreover, by including hospitalization and hospital collapse as model compartments, the framework
connects epidemiological projections directly with healthcare system impact, enhancing its relevance
for policy planning.

The model focuses on a high-risk pediatric subgroup (zero to two years old) whose primary source
of infection is through the non-risk group (over two years old). This was considered because empirical
evidence indicates that older age groups contribute substantially to RSV transmission. For example, [46]
found that household transmission often originates from parents or older siblings. In addition, epidemiological
surveillance in Chile during the 2025 RSV season documented a high caseload among children aged one to
four years, with a 20% RSV positivity rate reported in epidemiological week 25 [11].

Within the limitations of the model, we note that hospital capacity thresholds were modeled as fixed
values, without accounting for seasonal variability in healthcare resources or the system’s possible adap-
tive responses. It was assumed that vaccine efficacy and behavior change parameters were homogeneous
across the population, failing to capture heterogeneity in social determinants, geographic distribution, or
differential access to interventions. In addition, the simulations used Chilean epidemiological patterns
as a reference, which could limit direct generalization to countries with different climatic, demographic,
or health profiles.
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Another simplifying assumption in the model is that infants receiving nirsevimab are fully protected against
RSV-related hospitalizations during their first season. While clinical trials have reported high efficacy in
preventing medically attended RSV infections, including a 62% reduction in RSV-related hospitalizations
reported in the MELODY trial [47], breakthrough hospitalizations can still occur, particularly in high-risk
infants. Therefore, this assumption may lead to a slight overestimation of the intervention’s impact on hospital
demand. Future work could incorporate partial protection estimates, depending on real-world effectiveness
data from the Chilean immunization program as they become available.

Despite these limitations, the model offers a flexible framework for evaluating RSV control strategies
in diverse contexts. The results reinforce the necessity of integrated prevention approaches—combining
pharmaceutical interventions such as nirsevimab with sustained public health campaigns—to achieve
long-term control of RSV transmission and avoid seasonal hospital crises [8, 12, 13, 15]. For poli-
cymakers, this means prioritizing high coverage in target populations while maintaining year-round
communication strategies to sustain protective behaviors [6, 48].

For future research, the model could be extended to account for waning immunity in older cohorts,
co-circulation with other respiratory viruses, and real-time calibration using sentinel surveillance data [1,18].
Such enhancements would further improve predictive accuracy and support adaptive intervention strategies in
response to shifts in RSV epidemiology, such as those observed post-COVID-19 [7].

In conclusion, controlling RSV requires a sustained and coordinated public health strategy that
combines pharmaceutical interventions, such as immunization, with non-pharmaceutical measures that
promote and maintain protective behaviors within the community. This combined application reduces
transmission, limits the severity of outbreaks, and helps maintain the functionality of healthcare systems
during seasonal peaks. The results demonstrate that relying on a single intervention is insufficient;
long-term control depends on the consistent, simultaneous application of both strategies.
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37. Gutiérrez Jara JP, Muñoz Quezada MT (2022) Modeling of hantavirus cardiopulmonary syndrome.
Medwave 22: e002526. https://doi.org/10.5867/medwave.2022.03.002526

38. Weber A, Weber M, Milligan P (2001) Modeling epidemics caused by respiratory syncytial virus
(RSV). Math Biosci 172: 95––113. https://doi.org/10.1016/S0025-5564(01)00066-9

39. Acedo L, Diez-Domingo J, Morano JA, et al. (2010) Mathematical modelling of respiratory syncytial
virus (RSV): vaccination strategies and budget applications. Epidemiol Infect 138: 853––860.
https://doi.org/10.1017/S0950268809991373

AIMS Public Health Volume 13, Issue 3, 864–880.



880

40. Leecaster M, Gesteland P, Greene T, et al. (2011) Modeling the variations in pediatric respiratory
syncytial virus seasonal epidemics. BMC Infect Dis 11: 1––9. https://doi.org/10.1186/1471-2334-11-
105

41. Gutiérrez-Jara JP, Saracini C (2022) Risk perception influence on vaccination program on
COVID-19 in Chile: a mathematical model. Int J Environ Res Public Health 19: 2022.
https://doi.org/10.3390/ijerph19042022

42. Ministerio de Salud de Chile (MINSAL), Departamento de Estadı́sticas
e Información de Salud, 2024. [cited 2026 July 09]. Available from:
https://informesdeis.minsal.cl/SASVisualAnalytics/?reportUri=.

43. Ministerio de Salud de Chile (MINSAL), Estrategia de Inmunización Nirsevimab en el marco de la
Campaña de Invierno 2024, 2025. [cited 2026 July 09]. Available from: https://www.minsal.cl/93294-2/.

44. Zepeda J, Vásquez Jorge, Delpiano L (2018) Costos directos de infección respiratoria baja por VRS
en menores de un año. Revista chilena de pediatrı́a 89: 462––470. https://doi.org/10.4067/S0370-
41062018005000401

45. Ministerio de Salud de Chile (MINSAL), Informe de Circulación de Virus Respiratorios, 2025.
[cited 2026 July 09]. Available from: https://www.ispch.gob.cl/virusrespiratorios/.

46. Heikkinen T, Valkonen H, Waris M, et al. (2015) Transmission of respiratory syncytial virus infection
within families. Open Forum Infect Dis 2: ofu118. https://doi.org/10.1093/ofid/ofu118

47. Hammitt L, Dagan R, Yuan Y, et al. (2022) Nirsevimab for prevention of RSV in healthy late-preterm
and term infants. N Engl J Med 386: 837––846. https://doi.org/10.1097/01.aoa.0000853608.92586.4e

48. Pinquier D, Crepey P, Tissières P, et al. (2023) Preventing respiratory syncytial virus in chil-
dren in France: a narrative review of the importance of a reinforced partnership between par-
ents, healthcare professionals, and public health authorities. Infect Dis Ther 12: 317––332.
https://doi.org/10.1007/s40121-022-00737-2

© 2026 the Author(s), licensee AIMS Press. This
is an open access article distributed under the
terms of the Creative Commons Attribution License
(http://creativecommons.org/licenses/by/4.0)

AIMS Public Health Volume 13, Issue 3, 864–880.

http://creativecommons.org/licenses/by/4.0

	Introduction
	Materials and method
	Results
	Sensitivity analysis

	Discussion and conclusion

