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 a b s t r a c t

Human behavioral changes in response to observing disease in others play a crucial role in the spread of epi-
demics. These behaviors create selective pressures that influence a virus’s ability to survive. This study explores 
how human behavioral adaptations influence the co-evolution of symptomatic and asymptomatic pathogen 
strains during an epidemic. Using a deterministic Susceptible-Infectious-Removed (SIR) model, it examines the 
role of spontaneous social distancing (SD) in shaping the selection pressures on these strains. The analysis high-
lights how behavioral changes can drive shifts in the prevalence of symptomatic versus asymptomatic cases, 
offering insights into the evolutionary dynamics of pathogen variants. Individuals initiate SD after contact with 
symptomatic cases, either by reducing interactions with everyone or by specifically avoiding symptomatic in-
dividuals. The analysis shows that homogeneous contact reduction tends to favor symptomatic strain, while 
targeted avoidance of symptomatic cases promotes the selection of asymptomatic one. The study underscores 
the complex, non-linear dynamics of selections under different levels of social distancing. A global sensitivity 
analysis highlights the significance of behavioral parameters in controlling the overall size of the infection. The 
findings emphasize the need for public health strategies that account for human behavior to effectively limit the 
spread and evolution of viral strains.

1.  Introduction

During outbreaks of infectious diseases, individuals often undergo 
various behavioral changes to protect themselves and others from the 
spread of the disease. These behavioral changes are highly complex, de-
pending on factors such as information or misinformation sources [1,2], 
perceived risks linked to behavioral modifications, such as fear [3–5], 
government-mandated rules like lockdown, and social pressures, such 
as peer influence [6]. This perspective has coalesced into the field of be-
havioral epidemiology of infectious diseases [7], which examines how in-
dividual and collective responses shape transmission and control across 
epidemics. Foundational reviews synthesize mechanisms and evidence 
spanning risk perception, information flow, social influence, and policy 
context [8–11].

A wide range of models has explored how awareness and behavioral 
adaptation influence infection spread and control [12–20]. These studies 
range from compartmental ODE models [17,21,22] to individual-based 
network models [23–26], focusing on specific infections such as in-
fluenza and COVID-19  [18,27,28] as well as generic epidemic processes 
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[16,17,19,20,29]. Beyond distancing-focused responses, a substantial 
literature has examined vaccination behavior, refusal, and hesitancy as 
behavioral determinants of epidemic dynamics [30–32], underscoring 
that behavior can modify both contact patterns and per-contact risk. 
These models collectively show that while timely behavioral adaptation 
can temporarily reduce prevalence, it does not necessarily minimize 
the total epidemic size. This occurs because a decrease in incidence 
may reduce individuals’ motivation to maintain protective measures.

One recurring challenge in emerging and re-emerging infections is 
pathogen evolution. The initially circulating lineage in humans (i.e., 
an early or ancestral strain) is often relatively poorly adapted and ex-
hibits lower effective transmissibility [33]. As transmission continues, 
new lineages may arise with enhanced transmissibility. This evolution-
ary process can also alter the clinical profile of infection, sometimes 
shifting the proportion of symptomatic versus asymptomatic cases. For 
example, relative to Alpha (B.1.1.7), the Delta variant (B.1.617.2) of 
COVID-19 was associated with a higher likelihood of symptomatic and 
severe infections [34] and a substantially higher risk of hospital ad-
mission (e.g., adjusted hazard ratio ≈ 2.32, 95% CI 1.29–4.16, in UK 
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data) and increased emergency-care attendance [35,36]. By contrast, 
Omicron (B.1.1.529) combined higher transmissibility with markedly 
lower severity than Delta [37]: large UK analyses estimated a 45–75% 
lower risk of hospital admission overall, with age-specific adjusted HRs 
in the range ∼ 0.25 − −0.55, and similar reductions for severe outcomes 
[38–40]. Comparative reports also note Omicron’s greater reproduction 
number relative to prior variants [39].) The study of competing viral 
strains has a deep foundation dating back to the 1990s, with multi-strain 
theory developed for influenza and other pathogens [41,42] and broader 
evolutionary–epidemiological treatments [43]. Subsequent work exam-
ined how population structure and contact patterns shape replacement 
or coexistence [44] and how antigenic and clinical differences map into 
fitness [28]. During COVID-19, this framework was extensively applied 
to quantify the transmissibility and replacement dynamics of variants of 
concern [45–48].

Environmental changes, including shifts in population density [49], 
behavioral changes, or public health interventions [43,44,50], have 
been linked to the emergence of new variants that differ in the pro-
portion of symptomatic versus asymptomatic cases. As a result, human 
behavioral adaptations, while not directly, can indirectly influence the 
selective pressures on symptomatic and asymptomatic strains of the 
virus [51]. Mathematical modeling of infectious diseases is a core pillar 
of public health practice, informing surveillance, forecasting, resource 
allocation, and policy-e.g., estimating reproduction numbers, project-
ing healthcare demand, evaluating intervention trade-offs, and compar-
ing intervention strategies. It has underpinned responses to, including 
but not limited to, influenza [52–54], dengue fever [55,56], and HIV 
[57]. However, the relationship between human behavior and pathogen 
strain selection deserves more attention. In particular, the minimal de-
composition of transmission rate into contact frequency and per-contact 
transmissibility-standard in empirical contact studies [58,59]-provides 
a transparent lens to study how behavior shifts selection between strains 
with different clinical profiles. Given this context, the central question 
guiding our research is as follows: How do alterations in human behav-
ior influence the selection of symptomatic and asymptomatic strains of a 
pathogen?

This paper explores the influence of human behavioral changes 
on the co-evolution of the resident (symptomatic) and the emerging 
(asymptomatic) versions of one variant of a virus. These strains ex-
hibit differences in their initial fitness, impacting individual behaviors 
and potentially conferring a selective advantage to one of them. Using 
the standard Susceptible-Infectious-Removed (SIR) model, we investi-
gate how individuals’ adaptation to the outbreak, reflected in behav-
ioral changes, affects the co-dynamics of these two viral strains. Various 
aspects of human behavior contribute to behavioral changes, such as 
relational exchange (e.g., replacing sick individuals with healthy ones 
in the workplace) [60], personal hygiene practices [61], voluntary vac-
cination, and vaccination compliance [62]. Additionally, distinguishing 
between “risky” and “careful” individual behaviors [13,24,51,63,64], 
as well as the concept of Social Distancing (SD), plays a role. In our 
context, behavior change refers specifically to one form of spontaneous 
SD-voluntary adjustments to contact patterns in response to perceived 
risk-following the convention of Poletti et al. [20]; This contrasts with 
enforced (mandated) distancing policies. That is, for simplicity, factors 
such as social psychology and policy changes are not considered. Spon-
taneous SD involves individuals choosing to reduce their contacts when 
they perceive a risk of infection, such as when they encounter a symp-
tomatic infected person. We will use SD and behavioral change inter-
changeably in this context. Accordingly, we position our contribution 
at the interface of behavioral epidemiology and competing-strain dy-
namics: we analyze how spontaneous behavioral responses that modify 
contact patterns shift selection between symptomatic and asymptomatic 
strains. While our main focus is on contact-based responses, and we sit-
uate our findings alongside established behavioral mechanisms (aware-
ness contagion and vaccination behavior) synthesized in prior reviews 
[7–11,30–32].

Fig. 1. Schematic of the Model Eq. (7). Compartments are represented by geo-
metric shapes: Susceptible classes are represented by black boxes in the yellow-
shaded area, infectious classes are depicted in red/orange boxes within the red-
shaded area, and removed classes are displayed in black within the green-shaded 
area. Arrows indicate the flow between compartments, with orange and red ar-
rows representing infection transmission, and green arrows indicating behavior 
change.

2.  Method

We modeled a closed population of 𝑁 individuals, divided into three 
primary classes: Susceptible, Infectious, and Removed.

The susceptible class comprises two groups: normal susceptible in-
dividuals (𝑆) with an average contact rate of 𝑐, and altered susceptible 
individuals (𝐷), who have adopted distancing behavior (here, 𝐷 denotes 
distanced) and therefore reduce their contacts to lower their exposure 
risk.

The infectious class consists of three groups: Asymptomatically in-
fected individuals (𝐼𝑎), who exhibit no symptoms and behave simi-
larly to normal susceptible individuals with a contact rate 𝑐. Individ-
uals in class 𝐷𝑎 are asymptomatic individuals who reduce their con-
tact for self-protection. Finally, 𝐼𝑠 denotes the symptomatically infected 
class, with an average contact rate 𝑐𝑠 (usually ≤ 𝑐). Individuals in this 
class show symptoms, triggering behavioral changes in susceptible and 
asymptomatic infected individuals.

The removed classes 𝑅𝑎 and 𝑅𝑠 include individuals who have recov-
ered from asymptomatic and symptomatic infections, respectively, and 
those who have died due to disease-related mortality.

These individuals interact, contributing to the spread of infec-
tion and behavioral changes through a Susceptible-Infected-Recovered 
(SIR) structure. The overall structure of the model is illustrated in 
Fig. 1, while all state variables and parameters are summarized 
in Table 1, and the model is described in detail in the following
subsections.

In this work, we focus on behavioral change expressed through al-
tered contact patterns in the 𝐷 and 𝐷𝑎 groups. Individuals who adopt 
distancing reduce their overall contact rate from 𝑐 to (1 − 𝜎)𝑐, 𝜎 ∈ [0, 1], 
and may additionally practice targeted avoidance of symptomatic in-
dividuals, reducing the number of contacts involving 𝐼𝑠 from 𝑐𝑠 to 
(1 − 𝛼)𝑐𝑠, 𝛼 ∈ [0, 1]. These behavioral modifications determine how con-
tact volume and mixing patterns are reshaped in response to symptom 
visibility. 

Behavioral responses may also act by reducing the per-contact trans-
mission probability (e.g., through improved hygiene, masking, or other 
precautionary actions). Because such mechanisms modify infectious-
ness rather than contact patterns, they alter the force of infection 
differently from the distancing behaviors modeled here. To contrast 
these behavioral pathways, we include a brief additional analysis in 
the Supplementary Material (Section S2), where transmission proba-
bilities are reduced while contact rates are held fixed for the altered
cohorts. 
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Table 1 
Model variables and parameters, notations, descriptions, and units.

 Description  Unit
𝑆  Size of susceptible individuals  human
𝐷  Size of altered susceptible individuals  human

 State 𝐼𝑎  Size of asymptomatically infected individuals  human
 Variables 𝐷𝑎  Size of altered asymptomatically infected individuals  human

𝐼𝑠  Size of symptomatically infected individuals  human
𝑅𝑎  Size of asymptomatic recovered individuals  human
𝑅𝑠  Size of symptomatic recovered or dead individuals  human
𝑁  Population size  human
𝛽𝑠  Per contact  prob. of trans. for symp. infected individuals  1/contact
𝛽𝑎  Per contact  prob. of trans. for asymp. infected individuals  1/contact

 Epidemiological 𝑐𝑠  Number of contacts per day for symp. cases  contact/day
 Parameters 𝑐  Number of contacts per day for susceptibles and asymp. individuals  contact/day

𝛾  Recovery rate  1/day
 Behavioral 𝑞  Fraction of susceptible and asymptomatic infected individuals who practice SD upon contact with symptomatic infected individuals  1
 Change 𝜔  SD waning rate  1/day
 Parameters 𝜎  Contact reduction level for 𝐷 and 𝐷𝑎 individuals: fraction of contacts reduced with all individuals  1

𝛼  Contact avoidance level for 𝐷 and 𝐷𝑎 individuals: fraction of contacts reduced with symptomatic individuals  1

2.1.  Infection spreading

In our model, transmission preserves the phenotype of the infecting 
variant: infections caused by the symptomatic (𝐼𝑠) and asymptomatic 
(𝐼𝑎) strains remain symptomatic or asymptomatic, respectively. This as-
sumption reflects two phenotypic manifestations of the same pathogen 
rather than two independent pathogens, with one strain always pro-
ducing symptomatic cases and the other always causing asymptomatic 
cases.
𝑆 → 𝐼𝑠𝑆 → 𝐼𝑠𝑆 → 𝐼𝑠 transition. Individuals in class 𝑆 may move to class 𝐼𝑠 after an 
infectious contact with the symptomatic individuals, 𝐼𝑠. The force of 
infection for the symptomatic strain is given by

𝜆𝑠 = 𝑐𝛽𝑠
𝑐𝑠𝐼𝑠
𝐶𝑡

, 𝐶𝑡 = 𝑐(𝑆 + 𝐼𝑎 + 𝑅) + (1 − 𝜎)𝑐(𝐷 +𝐷𝑎) + 𝑐𝑠𝐼𝑠, (1)

which depends on the number of contacts 𝑆 an individual has per unit 
time, 𝑐, the probability of transmission for the symptomatic strain per 
contact, 𝛽𝑠, and the likelihood of having contact with 𝐼𝑠 individuals, 
𝑐𝑠𝐼𝑠∕𝐶𝑡. Here, the term 𝐶𝑡 is defined as the total effective contacts for all 
classes: 𝑐 is the contact rate for normally behaved individuals in 𝑆, 𝐼𝑎, 
and 𝑅 (= 𝑅𝑠 + 𝑅𝑎) classes, 𝜎 ∈ (0, 1] is the fraction of reduction in con-
tacts for altered individuals in classes 𝐷 and 𝐷𝑎 (and 1 − 𝜎 represents 
the remaining fraction that accounts for effective contacts), and 𝑐𝑠 is the 
contact rate for symptomatic individuals in class 𝐼𝑠. This formulation 
follows the preferential mixing framework, which generalizes the clas-
sical proportionate mixing assumption [65–67]. In the classical case, all 
individuals have the same contact rate, and contact probabilities are pro-
portional to group size. Here, since contact rates differ among groups-
normal (𝑐), altered ((1 − 𝜎)𝑐), and symptomatic (𝑐𝑠)-the frequency of 
contacts is weighted by group-specific contact rate while maintaining 
symmetric mixing between the groups. The denominator 𝐶𝑡, thus, rep-
resents the total effective number of contacts, and the fraction 𝑐𝑠𝐼𝑠∕𝐶𝑡
represents the probability for an individual from the 𝑆 group to have 
contacts with the 𝐼𝑠 group.

We note that, if compartment sizes are held fixed, increasing 𝜎 re-
duces 𝐶𝑡, and thereby raises the instantaneous symptomatic force of in-
fection; However, since 𝜎 also reshapes population composition and in-
cidence over time, the overall symptomatic transmission and epidemic 
outcomes do not necessarily increase.
𝑆 → 𝐼𝑎𝑆 → 𝐼𝑎𝑆 → 𝐼𝑎 transition. Similarly, individuals in the 𝑆 class can transition to 
the 𝐼𝑎 class following contact with asymptomatic individuals in classes 
𝐼𝑎 or 𝐷𝑎. The force of infection for the asymptomatic strain is given by

𝜆𝑎 = 𝑐𝛽𝑎
𝑐𝐼𝑎 + (1 − 𝜎)𝑐𝐷𝑎

𝐶𝑡
, (2)

which depends on the contact rate 𝑐, the probability of transmission for 
the asymptomatic strain per contact, 𝛽𝑎, and (𝑐𝐼𝑎 + (1 − 𝜎)𝑐𝐷𝑎)∕𝐶𝑡 rep-
resents the likelihood of having contact with people from the asymp-
tomatic classes with the impact of SD. We assumed that asymptomatic 
infected individuals enter the 𝐼𝑎 class first. Individuals in class 𝐷𝑎 adhere 
to SD measures, thus contributing to the infecting susceptible individu-
als at a lower level than that of individuals in class 𝐼𝑎 due to the reduced 
contacts (1 − 𝜎)𝑐.
𝐷 → 𝐼𝑠𝐷 → 𝐼𝑠𝐷 → 𝐼𝑠 transition. Individuals in class 𝐷 practice SD by reducing their 
overall contact rate (contact reduction) while also avoiding interactions 
specifically with symptomatic individuals (contact avoidance). This re-
flects the fact that individuals have little incentive or ability to avoid 
all contacts, but are more likely to avoid visibly symptomatic persons 
[68,69]. As a result, the force of infection they are exposed to is differ-
ent from that in the normal susceptible class. They move to class 𝐼𝑠 at 
the per-capita rate

𝜆′𝑠 = (1 − 𝜎)𝑐𝛽𝑠
(1 − 𝛼)𝑐𝑠𝐼𝑠

𝐶𝑟
, 𝐶𝑟 = 𝑐(𝑆 + 𝐼𝑎 + 𝑅) + (1 − 𝜎)𝑐(𝐷 +𝐷𝑎)

+ (1 − 𝛼)𝑐𝑠𝐼𝑠, (3)

which depends on the reduced contact rate (1 − 𝜎)𝑐, and the transmis-
sion for the symptomatic strain per contact, 𝛽𝑠. The fraction in Eq. (3) 
gives the likelihood for individuals in 𝐷 class to have contact with 𝐼𝑠. 
We assumed that altered people avoid contact with symptomatic indi-
viduals with an intensity of 𝛼 ∈ [0, 1]. Thus, the total number of effective
contacts from the 𝐼𝑠 individuals is (1 − 𝛼)𝑐𝑠𝐼𝑠. Note that the 𝐼𝑠 group 
of individuals will only alter their behavior by decreasing their contact 
from 𝑐 to 𝑐𝑠. Hence, they make 𝑐𝑠𝐼𝑠 contacts per unit of time. However, 
due to the avoidance of the 𝐷 class against them, only a fraction (1 − 𝛼)
may take effect between 𝐼𝑠 and 𝐷 individuals. Similarly, we defined the 
total number of effective contacts from the entire population, which is 
given by 𝐶𝑟 in Eq. (3). It is less than 𝐶𝑡 in Eq. (1) due to the reduced 
effective contribution from 𝐼𝑠.
Here we briefly clarity the interpretations of 𝜎 and 𝛼. The parameter 𝜎
represents uniform contact reduction, setting the overall contact volume 
for altered individuals as (1 − 𝜎)𝑐. In contrast, 𝛼 represents selective con-
tact avoidance, which modifies the mixing pattern (who interacts with 
whom), and it redistributes contacts away from symptomatic individ-
uals, thereby determining the realized pool composition of contact op-
portunities after behavioral adjustments, 𝐶𝑟. Although one could alter-
natively embed the (1 − 𝛼) factor into the transmission probability 𝛽𝑠 to 
represent the reduced transmissibility from 𝐼𝑠 to 𝐷, however, this would 
not be equivalent to the current approach, as 𝛼 alters the composition 
of the effective contact pool, 𝐶𝑟. 
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𝐷 → 𝐼𝑎𝐷 → 𝐼𝑎𝐷 → 𝐼𝑎 transition. Individuals in class 𝐷 can move to class 𝐼𝑎 after com-
ing into contact with individuals in classes 𝐼𝑎 or 𝐷𝑎. The force of infec-
tion for 𝐷 to 𝐼𝑎 is given by

𝜆′𝑎 = (1 − 𝜎)𝑐𝛽𝑎
𝑐𝐼𝑎 + (1 − 𝜎)𝑐𝐷𝑎

𝐶𝑟
. (4)

Here, the number of contacts for the 𝐷 class is (1 − 𝜎)𝑐. Additionally, all 
asymptomatic infected individuals, including those who do not practice 
𝑆𝐷 (𝐼𝑎) and those who do practice it (𝐷𝑎), contribute to the force of 
infection with varying weights determined by their respective number 
of contacts.
𝐼𝑠 → 𝑅𝑠 (𝐼𝑎, 𝐷𝑎 → 𝑅𝑎)𝐼𝑠 → 𝑅𝑠 (𝐼𝑎, 𝐷𝑎 → 𝑅𝑎)𝐼𝑠 → 𝑅𝑠 (𝐼𝑎, 𝐷𝑎 → 𝑅𝑎) transitions. Individuals in both symptomatic and 
asymptomatic infection classes recover at the per capita rate 𝛾. To fo-
cus on behavioral and evolutionary dynamics, we assume the disease-
induced mortality rate to be negligible, which is reasonable when the 
disease-induced death rates are much lower than recovery rates.

Furthermore, our model assumes that recovery from either the symp-
tomatic or asymptomatic strain confers lifelong immunity against both 
strains of the pathogen. This assumption leads our model to adopt an 
SIR structure.

2.2.  Behavioral change

Individuals in classes 𝑆 and 𝐼𝑎 can alter their behavior by practic-
ing SD and transition to classes 𝐷 and 𝐷𝑎, respectively.  Three main 
families of modeling approaches are commonly used to represent behav-
ioral change in infectious disease dynamics: (i) Information-index models, 
where switching depends on a dynamic signal such as encounter prob-
ability with infectious individuals, reported incidence or prevalence, 
or media/awareness processes that accumulate and decay over time 
[8,10,70,71]; (ii) Game-theoretic or payoff-based models, where individ-
uals adopt or imitate strategies that balance distancing costs against in-
fection risks, often formulated using evolutionary game theory [18,19]; 
(iii) Heuristic or cue-based models, where simple perceptual cues, such as 
visible symptoms, trigger protective behaviors, consistent with disease-
avoidance psychology [68,69].

We adopt the third approach: behavior change is assumed to be 
symptom-driven: individuals initiate self-distancing (𝑆 → 𝐷, 𝐼𝑎 → 𝐷𝑎) 
upon encountering symptomatic individuals (𝐼𝑠). This formulation cap-
tures a heuristic response to visible cues. In our setting, there is no cen-
tralized control or public communication about disease spread; behav-
ioral responses emerge solely from local perception of visible symptoms. 
Individuals switch to self-distancing when a risk signal-the information 
index of d’Onofrio et al. [70]-exceeds a cue. Here, the index is the proba-
bility of encountering a symptomatic case under the current mixing pat-
tern, a population-averaged cue that reflects symptom visibility without 
assuming perfect knowledge of others’ activity.

The details of the model are as follows.
𝑆 → 𝐷𝑆 → 𝐷𝑆 → 𝐷 transition. Individuals in class 𝑆 may move to class 𝐷 after con-
tact with symptomatic individuals 𝐼𝑠, and if they do not become in-
fected. The force of awareness for this class is given by

𝜆𝑑 = 𝑐𝑞(1 − 𝛽𝑠)
𝑐𝑠𝐼𝑠
𝐶𝑡

, (5)

where 𝑐 is the contact rate of a susceptible individual, (1 − 𝛽𝑠) is the 
probability that infection transmission does not occur during the con-
tact, 𝑞 ∈ [0, 1] is the fraction of these individuals who change their be-
havior and move to class 𝐷, and 𝑐𝑠𝐼𝑠∕𝐶𝑡 represents the probability of a 
symptomatic individual under the current mixing pattern.

Therefore, 𝑐𝑠𝐼𝑠∕𝐶𝑡 serves as the adopted information index-a 
population-averaged measure of symptom visibility that reflects the 
expected likelihood of encountering a symptomatic individual. This 
heuristic cue represents what individuals can perceive locally (e.g., visi-
ble symptoms during interactions), rather than requiring perfect knowl-
edge of all symptomatic individuals or their contact activity.
𝐼𝑎 → 𝐷𝑎𝐼𝑎 → 𝐷𝑎𝐼𝑎 → 𝐷𝑎 transition. Similarly, individuals in class 𝐼𝑎 can have contact 
with people in class 𝐼𝑠. Although this contact does not result in infection 

transmission, it raises awareness for individuals in class 𝐼𝑎. The force of 
awareness for class 𝐼𝑎 is defined as

𝜆′𝑑 = 𝑐𝑞
𝑐𝑠𝐼𝑠
𝐶𝑡

, (6)

where 𝑞 is the fraction of people who change their behavior after being 
exposed to the 𝐼𝑠 individuals.

Because awareness in our model is symptom-triggered, as more indi-
viduals move into the 𝐷 or 𝐷𝑎 classes, the denominator 𝐶𝑡 increases and 
the probability of contacting a symptomatic individual decreases. This, 
in turn, lowers the per-capita rates 𝜆𝑑 and 𝜆′𝑑 . Therefore, the decline in 
those rates under widespread distancing reflects a reduced opportunity
to encounter symptomatic infections, rather than a reduced willingness 
to distance.
𝐷 → 𝑆𝐷 → 𝑆𝐷 → 𝑆 and 𝐷𝑎 → 𝐼𝑎𝐷𝑎 → 𝐼𝑎𝐷𝑎 → 𝐼𝑎 transitions. Being altered (remaining in classes 𝐷
and 𝐷𝑎) can be temporary. On average, individuals stay in altered classes 
for 1𝜔  days. Therefore, 𝜔 represents the SD waning rate.

Combining all the factors and assumptions described above, we ob-
tain the following system:
𝑑𝑆
𝑑𝑡

= − (𝜆𝑠 + 𝜆𝑎)𝑆 − 𝜆𝑑𝑆 + 𝜔𝐷,

𝑑𝐷
𝑑𝑡

= − (𝜆′𝑠 + 𝜆′𝑎)𝐷 + 𝜆𝑑𝑆 − 𝜔𝐷,

𝑑𝐼𝑎
𝑑𝑡

=𝜆𝑎𝑆 + 𝜆′𝑎𝐷 − 𝛾𝐼𝑎 − 𝜆′𝑑𝐼𝑎 + 𝜔𝐷𝑎,

𝑑𝐷𝑎
𝑑𝑡

=𝜆′𝑑𝐼𝑎 − 𝜔𝐷𝑎 − 𝛾𝐷𝑎,

𝑑𝐼𝑠
𝑑𝑡

=𝜆𝑠𝑆 + 𝜆′𝑠𝐷 − 𝛾𝐼𝑠,

𝑑𝑅𝑎
𝑑𝑡

=𝛾(𝐼𝑎 +𝐷𝑎),

𝑑𝑅𝑠
𝑑𝑡

=𝛾𝐼𝑠.

(7)

Overall, in model (7), transmission proceeds through two phenotypic 
variants of the same pathogen: a symptomatic strain (subscript 𝑠) and 
an asymptomatic strain (subscript 𝑎). These strains are coupled in the 
force of infection terms, representing their competition for the pool of 
normal susceptible and altered hosts (𝑆 and 𝐷), yet they don’t directly 
interact with each other beyond the initial infection dissemination stage.

2.3.  Basic reproduction number

Using the next-generation matrix approach [72], the next-generation 
matrix is block-diagonal, yielding the phenotype-specific basic repro-
duction numbers (here we call them initial fitness) as

0𝑎 =
𝑐𝛽𝑎
𝛾

, 0𝑠 =
𝑐𝑠𝛽𝑠
𝛾

.

Each quantity measures a strain’s ability to spread within the popula-
tion: for instance, 0𝑎, the initial fitness of the asymptomatic strain (𝐼𝑎), 
depends on its ability to infect hosts (𝑐𝛽𝑎) and the duration of infectious-
ness, represented by the expected time an individual remains in the 𝐼𝑎
compartment before recovery ( 1𝛾 ). A similar rationale applies to 0𝑠, 
which describes the fitness of the symptomatic strain (𝐼𝑠), factoring in 
both the transmission potential (𝑐𝑠𝛽𝑠) and the infectious period ( 1𝛾 ).

The overall invasion threshold for the system is then given by
0 = max{0𝑎,0𝑠}.

In the absence of joint introduction, the early dynamics follow the sub-
model corresponding to the introduced phenotype. When both strains 
are introduced simultaneously, the initial growth of infections is gov-
erned by the phenotype with the larger basic reproduction number. Ac-
cordingly, if either 0𝑎 > 1 or 0𝑠 > 1, the pathogen can successfully in-
vade and spread in the population, consistent with classical multi-strain 
epidemic theory. 
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Global sensitivity analysis

We assess robustness to parameter uncertainty using PRCC and 
eFAST global sensitivity analyses. Full methodology, parameter ranges, 
and all additional figures/tables are provided in the Supplementary Ma-
terial (Section S3).

3.  Result

3.1.  Parameterization

We parameterized the model based on respiratory infections, such 
as COVID-19. Recovery rate for COVID-19  was estimated to be around 
0.1 [73], and basic reproduction number 0 was estimated in the range 
from 1.5 to 6.49, with an average of 4.2 [74,75]. The literature reports 
considerable variability in estimates of the relative infectiousness of 
symptomatic versus asymptomatic strains [76]. Some studies suggest 
that the asymptomatic strain has higher fitness [77,78], while others 
report the opposite [79,80], and some find no significant difference in 
dominance [81]. In this study, we focus on the impact of fitness differ-
ences between the two strains. To isolate these effects, we assume that 
both strains have the same initial fitness (= 4.2), in the absence of any 
behavioral changes. We consider three distinct scenarios to capture a 
range of possible outcomes:

• B(Baseline): Initial fitness of both strains are equal: 4.20 = 0𝑠 =
0𝑎. This scenario loosely reflects early-stage coexistence of simi-
lar strains, when multiple COVID-19  lineages co-circulated without 
clear selective dominance [81]. These patterns support the modeling 
assumption of roughly equal fitnesses.

• AS: Initial fitness of the asymptomatic strain is higher: 4.20 = 0𝑎 >
0𝑠. This is consistent with evidence that individuals who remain 
without symptoms can still transmit efficiently. For COVID-19, stud-
ies report that a large share of infections and onward transmissions 
originated from people who never developed symptoms [82,83]. Be-
cause such individuals are less likely to self-isolate or be detected, 
they sustain higher effective transmissibility at the population level. 

• SS: Initial fitness of symptomatic strain is higher: 4.20 = 0𝑠 > 0𝑎. 
Several modeling studies estimated that symptomatic individuals 
are 1.75 − 2.33 times more likely to transmit the virus than asymp-
tomatic ones [79,80], supporting their selective advantage and a 
higher fitness.

We adjusted the infection spread parameters for each scenario, while 
adhering to the assumptions 𝛽𝑠 ≥ 𝛽𝑎 (due to the higher viral load of 
the symptomatic strain [84]) and 𝑐𝑠 ≤ 𝑐 (due to a higher likelihood of 
isolation for the symptomatic strain), in order to achieve fitness 4.2. All 
other parameters are set to replicate the recent emerging infections of 
COVID-19. The values are summarized in (Table 2).

We initially assumed that symptomatic and asymptomatic infections 
each comprised 0.5% of the population, with the remaining 99% being 
susceptible. All the numerical simulations were conducted in MATLAB 
(R2020b) using the ode45 solver for the integration of the ODE model 
(7), with relative and absolute tolerances set to 10−10.

3.2.  Positive selection of the symptomatic strains within different contact 
reduction scenarios

We investigated the influence of behavioral changes via contact re-
duction on the transmission of symptomatic and asymptomatic viral 
strains. In particular, the involved behavioral change parameters in-
clude the proportion of individuals practicing SD (𝑞), the level of con-
tact reduction (𝜎), and the duration of SD (1∕𝜔). We assumed no contact 
avoidance (𝛼 = 0). In this scenario, individuals engage in SD by reducing 
contact with everybody, triggered by the contact they made with symp-
tomatic infected members within their social circle. This SD behavior is 

Table 2 
Parameter values (with units as defined in Table 1) used 
in the three scenarios: B - equal initial fitness (0𝑎 = 0𝑠);
AS - asymptomatic strain has higher fitness (0𝑎 > 0𝑠);
SS - symptomatic strain has higher fitness (0𝑠 > 0𝑎). 
Values listed under All Scenarios are common across 
all settings. Infection parameters 𝛽𝑠, 𝛽𝑎, 𝑐, and 𝑐𝑠 were 
chosen to produce 0𝑎 = 0𝑎 = 4.2, aligning with early 
COVID-19  estimates [74,75]. Parameter choices satisfy 
𝛽𝑠 ≥ 𝛽𝑎 and 𝑐𝑠 ≤ 𝑐, reflecting plausible assumptions about 
transmissibility [84]. Behavioral parameters (𝜎, 𝛼, 𝑞, 𝜔) 
lack empirical estimates and were selected to cover a 
broad range of plausible behaviors. Sensitivity analyses 
confirm that the results are robust to variation across this 
parameter space. 

 Scenario  Parameter  Value (per scenario)
𝛽𝑠 0.082

 B: 𝛽𝑎 0.057
0𝑠 = 0𝑎 𝑐𝑠 5.10

𝑐 7.34
𝛽𝑠 0.085

 AS: 𝛽𝑎 0.055
0𝑠 < 0𝑎 𝑐𝑠 4.500

𝑐 7.500
𝛽𝑠 0.082

 SS: 𝛽𝑎 0.055
0𝑠 > 0𝑎 𝑐𝑠 5.100

𝑐 7.000
𝑁 10, 000 (Assumed)
𝛾 0.100

 All 𝜎  Varying in [0, 1]
 Scenarios 𝛼  Varying in [0, 1]

𝜔  Varying in {0, 1
30
, 1
90
, 1
180

, 1
360

}
𝑞  Varying in [0, 1]

explored under three distinct scenarios as outlined in Section 3.1 and Ta-
ble 2. The final sizes of symptomatic and asymptomatic infections were 
defined as the cumulative number of infected individuals for each class 
over the course of the outbreak, denoted by 𝑍𝑠 and 𝑍𝑎, respectively:
𝑍𝑠 = 𝑅𝑠(𝑇 ), 𝑍𝑎 = 𝑅𝑎(𝑇 ),

where 𝑇  represents the end of the epidemic.
Numerically, 𝑇  is determined as the earliest time when the cumula-

tive number of removed individuals
𝑅(𝑡) = 𝑅𝑎(𝑡) + 𝑅𝑠(𝑡),

effectively stops increasing. Specifically, the integration is terminated at 
the first time 𝑇  satisfying
𝑅̇(𝑇 ) = 𝛾

(

𝐼𝑎(𝑇 ) +𝐷𝑎(𝑇 ) + 𝐼𝑠(𝑇 )
)

< 𝜀𝑅, 𝜀𝑅 = 10−10.

For our analysis, we define and study

𝜌𝑠 =
𝑍𝑠

𝑍𝑠 +𝑍𝑎
.

Given the cross-immunity assumption in our model, the definition of 
𝜌𝑠 provides a complementary view to the absolute final sizes 𝑍𝑠 and 
𝑍𝑎. It summarizes the competition outcome between symptomatic and 
asymptomatic cases by indicating the fraction of all infections ultimately 
attributable to the symptomatic type. In our analysis, however, 𝜌𝑠 is not 
used in isolation but rather included as an additional summary measure 
to highlight the relative success of the two strains.
B(Equal initial fitness for strains): The variation in 𝑍𝑠, 𝑍𝑎, and 𝜌𝑠
with changing 𝜎 in the range of [0, 1] is illustrated in Fig. 2.  The results 
for 𝑍𝑎 are straightforward: in both finite-duration and infinite-duration 
SD, 𝑍𝑎 decreases monotonically as 𝜎 increases, since individuals in this 
group reduce their contact more intensively under stronger distancing. 
Therefore, our discussion focuses on 𝑍𝑠 and 𝜌𝑠, whose non-monotonic 
trends reveal richer dynamics. 
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Fig. 2. Final size of symptomatic infection, 𝑍𝑠, (first row), final size of asymptomatic infection, 𝑍𝑎, (middle row), and relative final size of symptomatic cases, 𝜌𝑠, 
(last row) vs. level of SD 𝜎 for various fraction of individuals practice SD 𝑞 ∈ {0.2, 0.5, 0.8}, and different duration of SD, 𝜔 ∈ {0, 1

30
, 1
90
, 1
180

}. Both strains exhibit 
similar initial fitness (0𝑠 = 0𝑎).

There is a non-monotonic trend in both 𝑍𝑠 and 𝜌𝑠 when individuals 
engage in SD indefinitely (𝜔 = 0): the final size of symptomatic cases in-
creases to a maximum point as 𝜎 rises. Beyond certain high values of 𝜎
(dependent on 𝑞), however, it begins to decline. The rising portion of the 
plot is attributed to the fact that increasing 𝜎 not only leads individuals 
in class 𝐷 to engage more intensely in social distancing but also prompts 
altered asymptomatic individuals (those in class 𝐷𝑎) to provide greater 
protection. That is, by practicing stricter social distancing, individuals 
in the 𝐷𝑎 class contribute less to the spread of infection in the popula-
tion. This leads to the symptomatic cases prevailing in the competition 
for susceptible individuals. Conversely, the declining part of the plot is 
a consequence of both symptomatic and asymptomatic cases being sup-
pressed due to an extremely high (approaching isolation) level of SD. At 
such elevated values of 𝜎, the effective reproduction number remains 
below one.

When SD duration is finite (𝜔 > 0), there exists a consistent pattern 
for up to moderate values of 𝜎. However, for high levels of 𝜎, there is a 
discrepancy in the results compared to those of permanent SD (𝜔 = 0). 
As 𝜎 increases, 𝑍𝑠 initially rises to a local maximum point, then starts 
decreasing due to infection suppression. However, it increases again by 
increasing 𝜎 for a very high level of SD, 𝜎 > 0.75. To understand this 
behavior, we plotted the time-series of symptomatic infected cases 𝐼𝑠(𝑡)
on the left y-axis of Fig. 3 for high levels of 𝜎 and observed the second 
or more peaks after SD relaxation. We also approximated the effective 

reproduction number of the symptomatic strain, denoted by 𝑠(𝑡). Since 
only individuals in classes 𝑆 and (1 − 𝜎)𝐷 are effectively susceptible to 
infection, and the overall contact pool is reduced due to the decreased 
contact rate of individuals in class 𝐷, this yields the following expres-
sion:

𝑠(𝑡) = 0𝑠 ⋅
𝑆(𝑡) + (1 − 𝜎)𝐷(𝑡)

𝑁 − 𝜎𝐷(𝑡)
. (8)

The time series of 𝑠(𝑡) is plotted on the right 𝑦-axis of Fig. 3. The results 
show a correlation between 𝑠(𝑡) and the rebound behavior of symp-
tomatic cases: When 𝜎 is not big enough (the first column of Fig. 3), 
𝑠(𝑡) always stays below one, and 𝐼𝑠(𝑡) dies out after passing the first 
peak. However, when 𝜎 is very big (the second and third columns of 
Fig. 3), 𝑠(𝑡) goes beyond one, and with a short time lag, another peak 
of symptomatic infection occurs. One striking result is that the number 
of rebounds (the peaks after the first peak) is equal to the number of 
times 𝑠(𝑡) goes beyond one. The reason is SD relaxation, where indi-
viduals practice SD for a limited time, and after passing the limited time, 
they return to class 𝑆, thus increasing 𝑆 while decreasing 𝐷. Because 
the coefficient (1 − 𝜎) is small, the term (1 − 𝜎)𝐷 is also small, and 𝜎𝐷
is negligible compared to 𝑁 . Consequently, the 𝐷 class does not sig-
nificantly affect 𝑠(𝑡). This increment in the 𝑆 class provides a more 
susceptible pool for symptomatic infection spread, as the asymptomatic 
strain died out during the first intense SD times.
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Fig. 3. The time-series illustrating symptomatic cases and the symptomatic reproduction number for different combinations of the parameters 𝜎 and 𝜔, as well as 
other parameters defined in scenario B. The parameter 𝜔 is set at 𝜔 = 1

90
, 𝜔 = 1

180
, and 𝜔 = 1

360
 in the first, second, and third row, respectively. The parameter 𝜎 varies 

across the columns with values 𝜎 = 0.7, 𝜎 = 0.8, and 𝜎 = 0.9 in the first, second, and third columns, respectively. The time axis begins after the first peak (𝑡 = 100). 
The black curves, depicting the proportion of symptomatic cases 𝐼𝑠(𝑡)

𝑁
, are aligned with the left y-axis. Meanwhile, the blue curves, representing the symptomatic 

reproduction number 𝑠(𝑡), are aligned with the right y-axis. The dashed red line indicates the point where 𝑠(𝑡) = 1. We note that the extended time horizon (up to 
2500 days) is shown only to capture all rebounds and eventual extinction under fixed model parameters, and is not intended to imply persistence of epidemics for 
seven years in practice.

We also point out that because the model has an SIR structure with-
out waning or demographic turnover, the susceptible population is not 
replenished. The behavioral feedback between 𝑆 and 𝐷 is bounded and 
delay-free, depending on the current encounter probability with symp-
tomatic individuals and relaxing at a constant rate. As a result, the feed-
back introduces dissipation rather than phase lag, leading to damped 
rebounds rather than sustained oscillations.

The apparent kinks in 𝑍𝑠(𝜎) for 𝜔 > 0 therefore occur when increas-
ing 𝜎 moves the system across thresholds where the post-relaxation ef-
fective reproduction number 𝑠(𝑡) crosses one. At these threshold val-
ues, the epidemic trajectory changes qualitatively—for instance, from 
a single wave to multiple waves—leading to visible kinks in the final-
size curve. The curve itself remains continuous, but its slope changes 
abruptly, which gives the appearance of non-smoothness.
AS (Initial fitness of asymptomatic strain is bigger than that of 
symptomatic one): The variation in 𝑍𝑠, 𝑍𝑎, and 𝜌𝑠 with changing 𝜎
in the range of [0, 1] is illustrated in Fig. 4.  The results for 𝑍𝑎, similar 
to the previous scenario, are straightforward: higher levels of SD lead to 
a more pronounced decrease in the asymptomatic final size. The results 
for 𝑍𝑠 and 𝜌𝑠, however, are worth further explanation. 

When the duration of social distancing (SD) extends to 90 days or 
more, the non-monotonic behavior of 𝑍𝑠 concerning 𝜎 becomes evident. 
This is illustrated in the left panel of Fig. 4. The rationale behind the non-
monotonic behavior of 𝑍𝑠 aligns with the previous scenario: The upward 
trend is attributed to the fact that an increase in 𝜎 leads to enhanced pro-
tection from altered asymptomatic individuals (those in class 𝐷𝑎), cre-
ating conditions for symptomatic cases to target more susceptible cases. 
Conversely, the downward trend is a result of virus suppression through 
a high level of SD. However, due to the fact that 0𝑎 > 0𝑠, there are 

more asymptomatic infected cases than symptomatic ones. This, in turn, 
causes the change in non-monotonic behavior of 𝑍𝑠 in scenario AS to 
exhibit a slower pace than in scenario B. In other words, the variation in 
𝑍𝑠 in scenario AS is less pronounced than that in scenario B. Also, dom-
inance of initial fitness for asymptomatic strain keeps the symptomatic 
burden low, so the threshold-crossing mechanism that generates the ob-
served kink at scenario B is effectively masked here. 

For a shorter SD duration (𝜔 = 1
30 ), the value of 𝑍𝑠 increases and 

levels off to a constant value as 𝜎 increases. The upward trend is con-
sistent with the previous explanation. However, the reason it does not 
decrease for high values of 𝜎 is that the intense level of SD is compen-
sated by its short duration. In other words, individuals return to their 
normal behavior shortly after a brief period, before the number of in-
fected cases becomes sparse. This prevents the effective suppression of 
infection through sustained SD practices.

In contrast to scenario B, the proportion of symptomatic cases (𝜌𝑠) 
consistently rises as 𝜎 increases, see right panel of Fig. 4. This trend 
is attributed to the combined effects of a) the growing portion of 𝑍𝑠
and b) a more substantial decline in asymptomatic cases during virus 
suppression (the decreasing segment of 𝑍𝑠) owing to its higher initial 
fitness.
SS (Initial fitness of symptomatic strain is bigger than that of 
asymptomatic one): The last scenario studies the case that the initial 
fitness of the symptomatic strain is higher than that of the asymptomatic 
one (0𝑠 > 0𝑎), see Fig. 5. In this scenario, we observe a consistent de-
crease in 𝑍𝑠 and 𝑍𝑎. While a decrease in 𝑍𝑎 is due to more intense SD, 
the reason behind the decrease in 𝑍𝑠 lies in the smaller initial fitness of 
asymptomatic cases, leading to a majority of the infected population ex-
hibiting symptoms. Consequently, there are fewer asymptomatic cases 
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Fig. 4. Final size of symptomatic infection, 𝑍𝑠, (top left panel), final size of asymptomatic infection, 𝑍𝑎, (top right panel), and relative final size of symptomatic cases, 
𝜌𝑠, (bottom panel) vs. level of SD 𝜎 for various fraction of individuals practice SD 𝑞 ∈ {0.2, 0.5, 0.8}, and different duration of SD, 𝜔 ∈ {0, 1

30
, 1
90
, 1
180

}. Asymptomatic 
strain exhibits higher initial fitness than the symptomatic one (0𝑠 < 0𝑎).

competing with symptomatic ones. As a result, the system behaves al-
most similarly to a single-strain model, where the implementation of 
any type of SD causes a reduction in the final size. It is important to 
note that despite being smaller than 0𝑠, 0𝑎 is still greater than one. 
Thus, an outbreak of the asymptomatic strain occurs, but it is negligible 
compared to the symptomatic one.

3.3.  Contact avoidance selects for asymptomatic strain

To explore how (partially) avoiding symptomatic cases, controlled 
by the parameter 𝛼, affects the outcomes discussed in the previous sub-
section, we conducted simulations using the Model Eq. (7) across various 
levels of SD, 𝜎 and 𝛼, within three distinct scenarios B, AS, and SS.
B (Equal initial fitness for strains): Fig. 6 illustrates the final sizes of 
strains for the case where 𝑞 = 0.5, 𝜔 = 0 (the first row) and 𝜔 = 1

30  (the 
second row), with the transmission parameter selected under scenario
B.

When individuals practice SD indefinitely (𝜔 = 0), the final size of 
symptomatic cases 𝑍𝑠 shows a clear non-monotonic dependence on 𝜎
at low avoidance levels, reproducing the rebound pattern of Fig. 2. As 
avoidance increases, the effect of 𝜎 weakens and 𝑍𝑠 decreases overall, 
so the non-monotonicity is gradually lost, see top left panel of Fig. 6. 
The one–dimensional summary of this two–dimensional pattern in the 
heatmap clarifies how the apparent color gradients translate into the 
shape of 𝑍𝑠(𝜎) at fixed 𝛼. This inset extracts two horizontal slices of 
the heatmap-at 𝛼 = 0.1 (solid) and 𝛼 = 0.6 (dashed)-and plots the corre-
sponding curves 𝑍𝑠(𝜎) on common axes. The horizontal dashed guide in 
the panel indicates the slice at 𝛼 = 0.6. This makes explicit that, for weak 
avoidance, 𝑍𝑠(𝜎) initially increases and then decreases (a rebound), 

whereas under stronger avoidance the non-monotonicity is diminished. 
On the other hand, the final size of asymptomatic cases 𝑍𝑎 shows an 
intuitive result; it is  maximized at the top left corner; when individuals 
strictly avoid symptomatic cases but maintain contact with others, i.e., 
when 𝜎 is very small and 𝛼 is high. The arrow in the top-left panel of 
Fig. 6 indicates the direction that leads to larger values of 𝑍𝑎. 

For temporary SD (𝜔 = 1
30 ), the second row in Fig. 6 show opposite 

strategies for maximizing the two strains. Maximizing 𝑍𝑠 (while mini-
mizing 𝑍𝑎) occurs when 𝜎 is high and 𝛼 is low, i.e., when individuals re-
duce their overall contacts strongly, but do not specifically avoid symp-
tomatic cases. In this regime, symptomatic infections remain socially ac-
tive and capture more of the susceptible pool. Conversely, maximizing 
𝑍𝑎 (while minimizing 𝑍𝑠) occurs when 𝜎 is low and 𝛼 is high, i.e., when 
individuals maintain most of their contacts but strongly avoid visibly 
symptomatic cases. Here, avoidance of symptomatic individuals leaves 
a larger pool of susceptibles available for the asymptomatic strain. Be-
cause the total final size does not decrease much for such short distanc-
ing, these patterns highlight the competition between the two strains, 
with 𝜎 and 𝛼 representing two distinct behavioral pathways that deter-
mine which strain dominates. Notably, the kink observed in the longer 
SD case ( Fig. 2) is not pronounced here, as the shorter distancing period 
limits the rebound dynamics.

The result for overall final size, 𝑍𝑠 +𝑍𝑎 in both cases of 𝜔 = 0 or 1
30

are shown in supplementary material, first row of Fig. S1.
AS (Initial fitness of asymptomatic strain is bigger than that of 
symptomatic one): Fig. 7 depicts the same experiment as shown in 
Fig. 6, for the case that the transmission parameters are chosen under 
scenario AS, higher initial fitness for the asymptomatic strain. First, an 
examination of the color bar values reveals that the majority of the total 
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Fig. 5. Final size of symptomatic infection, 𝑍𝑠, (first row), final size of asymptomatic infection, 𝑍𝑎, (middle row), and relative final size of symptomatic cases, 𝜌𝑠, 
(last row) vs. fraction of individuals practice SD, 𝑞, vs. intensity of SD, 𝜎, for different duration of SD, 𝜔 ∈ {0, 1

30
, 1
90
, 1
180

}, when 0𝑠 > 0𝑎.

final size is attributed to asymptomatic cases due to their higher initial 
fitness. Although the quantity of 𝑍𝑠 is negligible compared to that of 
𝑍𝑎, it can still be controlled by 𝛼 and 𝜎.

Similar to scenario B, with indefinite SD (𝜔 = 0) in the first row of 
Fig. 7, the final size of symptomatic cases 𝑍𝑠 depends non-monotonically 
on 𝜎 when avoidance is weak, showing the non-monotonicity seen in 
Fig. 4. As 𝛼 increases, the influence of 𝜎 on 𝑍𝑠 increases, while the non-
monotonicity trend disappears. The inset in the top left panel of Fig. 7 
extracts two horizontal slices of the heatmap-at 𝛼 = 0.05 (solid) and 
𝛼 = 0.5 (dashed)-and plots the corresponding one–dimensional curves 
𝑍𝑠(𝜎) on common axes. This makes explicit that for weak avoidance 
(𝛼 = 0.05), 𝑍𝑠(𝜎) initially increases and then decreases (a rebound), 
whereas for stronger avoidance (𝛼 = 0.5) it is monotone increasing. Miti-
gating symptomatic cases with varying intensity (by altering 𝛼) does not 
significantly affect 𝑍𝑎 since there are not too many symptomatic cases 
compared to asymptomatic ones. But, decreasing 𝜎 results in a larger 
proportion of asymptomatic cases.

When the duration of SD is short (𝜔 = 1
30  in the second row of Fig. 7), 

the non-monotonicity in 𝑍𝑠(𝜎) disappears entirely. As in scenario B, in-
creasing 𝜎 and decreasing 𝛼 produce more symptomatic cases, though 
the effect is weaker due to the higher fitness of asymptomatic cases. 
The behavior of 𝑍𝑎 remains the same as under indefinite SD: varying 𝛼
has little influence because symptomatic cases are few, while reducing 
𝜎 increases the proportion of asymptomatic cases.

The result for overall final size, 𝑍𝑠 +𝑍𝑎 in both cases of 𝜔 = 0 or 1
30

are shown in supplementary material, second row of Fig. S1.
SS (Initial fitness of symptomatic strain is bigger than that of 
asymptomatic one): The final experiment pertains to a scenario de-
noted as SS, where the initial fitness of the symptomatic strain surpasses 
that of the asymptomatic one. The outcomes of this experiment are il-
lustrated in Fig. 8.

The first row of Fig. 8 corresponds to 𝜔 = 0, i.e., permanent SD. 𝑍𝑠
is maximized at low SD (small 𝛼 and 𝜎) and declines as SD (in any type) 
intensifies. In contrast, 𝑍𝑎 remains small across most SD levels due to 
its lower fitness but rises when 𝜎 is low and 𝛼 is very high (top-right 
corner), since individuals avoid symptomatic cases while still allowing 
spread of the asymptomatic strain. The arrows in Fig. 8 indicate the 
directions in (𝜎, 𝛼) space that maximize 𝑍𝑠 (left panel) and 𝑍𝑎 (right 
panel).

The second row of Fig. 8 pertains to temporary SD with 𝜔 = 1
30 . The 

behavior of 𝑍𝑎 remains consistent with the previous case of 𝜔 = 0, be-
cause of the dominance of infection by the symptomatic strain. For 𝑍𝑠, 
the dynamics are more nuanced. First, for any value of 𝜎, increasing 
𝛼 reduces 𝑍𝑠. This reduction weakens as 𝜎 grows, and for 𝜎 ≳ 0.8 the 
marginal influence of 𝛼 becomes negligible. Second, the effect of 𝜎 on 𝑍𝑠
depends on 𝛼: when 𝛼 is small, 𝜎 reduces 𝑍𝑠 (i.e., 𝑍𝑠(𝜎) decreases), con-
sistent with Fig. 5. In contrast, at higher 𝛼, the trend reverses-𝑍𝑠(𝜎) in-
creases with 𝜎. This is because strong avoidance of symptomatic cases by
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Fig. 6. Final sizes vs. SD levels 𝛼 and 𝜎, Left: 𝑍𝑠 (symptomatic); Right: 𝑍𝑎 (asymptomatic). This is done for various levels of SD strategies (𝜎 and 𝛼). The parameter 
values are set at 𝑞 = 0.5, 𝜔 = 0 (first row), and 𝜔 = 1

30
 (second row), with transmission parameters selected based on scenario B in Table 2.

𝛼 leaves 𝜎 acting mainly on asymptomatic transmission, indirectly favor-
ing symptomatic spread and thus opposing 𝛼. The inset in the left panel 
extracts two horizontal slices of the heatmap-at 𝛼 = 0.05 (solid) and 
𝛼 = 0.8 (dashed)-and plots the corresponding one–dimensional curves 
𝑍𝑠(𝜎) on common axes. The solid curve shows the decreasing relation-
ship at weak avoidance (𝛼 = 0.05), whereas the dashed curve shows the 
reversed, increasing trend under strong avoidance (𝛼 = 0.8). The prox-
imity of the two curves for large 𝜎 also visualizes how the impact of 𝛼
vanishes at high contact reduction.

The result for overall final size, 𝑍𝑠 +𝑍𝑎 in both cases of 𝜔 = 0 or 1
30

are shown in supplementary material, third row of Fig. S1.

3.4.  Global sensitivity analysis

The sensitivity analysis (Section S3 in Supplementary material) 
shows transmission parameters dominate, with notable effects of the be-
havioral parameters 𝜎 and 𝛼. Increasing 𝜎 (uniform contact reduction) 
has little effect on the symptomatic final size but reduces the asymp-
tomatic final size, lowering the total. Increasing 𝛼 (targeted avoidance 
of symptomatics) decreases the symptomatic final size while increasing 
the asymptomatic one; the total still declines, but less than under higher 
𝜎. Thus, broad contact reduction is more effective for minimizing overall 
contagion.

Although final sizes show limited dependence on behavioral param-
eters, time-resolved sensitivity reveals periods when the symptomatic 
share 𝜌𝑠 and effective reproduction number 𝑅𝑠(𝑡) are highly responsive 
to behavior. Higher transmission probability (or lower SD) produces an 
early surge in sensitivity that later declines (Supplementary Material, 
Fig. S4, top), consistent with [85]. By contrast, the SD level begins with 
negligible sensitivity and then stabilizes at a higher, sustained influence 
(Fig. S4, bottom).

4.  Discussion

4.1.  Motivation and innovation in this study

As documented by various studies [12,27,86–89], human behavior 
can undergo changes in response to diseases observed in their surround-
ings. These behavioral shifts play a crucial role in the spread of epi-
demics [8,90–92]. It has been observed that human behavioral traits 
related to disease avoidance undergo selection in the presence of in-
fectious diseases [51]. In this context, we explored how behavioral re-
sponses to symptoms can shift the relative fitness of symptomatic versus 
asymptomatic strains of the same pathogen.

We employed an SIR-structured ODE model that incorporates two 
distinct dynamics: infection dynamics and behavioral changes. This 
model was utilized to investigate the spread of two co-circulating virus 
strains, namely symptomatic and asymptomatic. We implemented a 
form of spontaneous social distancing, as described in Azizi et al. [89]. In 
this approach, susceptible and asymptomatic infected individuals make 
decisions to protect themselves based on the infection status of their 
contacts. Specifically, they reduce a certain fraction of their contacts if 
they come across a symptomatically infected individual among them.

4.2.  Impact of behavioral change on strains’ final size

The impact of behavioral change parameters on the final size of each 
strain was investigated through simulations in three different scenarios: 
a) equal initial fitness for both strains, b) higher initial fitness for the 
asymptomatic one, and c) higher initial fitness for the symptomatic one. 
For the first two cases, where the initial fitness of the symptomatic strain 
is smaller or equal to that of the asymptomatic one, the symptomatic 
final size 𝑍𝑠 and its proportion 𝜌𝑠 exhibit a non-monotonic behavior 
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Fig. 7. Final sizes vs. SD levels 𝛼 and 𝜎, Left: 𝑍𝑠 (symptomatic); Right: 𝑍𝑎 (asymptomatic). This is done for various levels of SD strategies (𝜎 and 𝛼). The parameter 
values are set at 𝑞 = 0.5, 𝜔 = 0 (first row), and 𝜔 = 1

30
 (second row), with transmission parameters selected based on the scenario AS in Table 2.

with respect to SD level denoted by 𝜎, see Figs. 2 and 4. In these cases, 
as altered individuals reduce their contact more intensely, the share of 
symptomatic cases increases unless the reduction in contact is substan-
tial enough to suppress both strains. Notably, when altered individuals 
practice SD temporarily but intensely, a shift in symptomatic cases oc-
curs; The symptomatic strain experiences a second or subsequent peaks, 
while the asymptomatic strain almost diminishes with only one peak. 
However, when the initial fitness of the symptomatic strain is higher, 
the model behaves like a single-strain one, where an increase in SD 
level leads to a decrease in the final size of the infection. As an intuitive 
consequence, all non-monotonic (or monotonic) trends of symptomatic 
final size as a function of 𝜎 in three different scenarios are mitigated 
toward reducing symptomatic cases when altered individuals partially 
avoid contacting symptomatic cases (𝛼 > 0).

4.3.  Limitations of the study and future work

The proposed model, akin to other studies in mathematical model-
ing, benefits from the ability to explore biological issues in a virtual 
environment, striving to replicate real-world scenarios. But, the results 
should not be interpreted as an accurate quantitative prediction of real-
world outcomes. Instead, they are framed as an explorative scenario 
analysis; that is, the purpose of the simulation is to understand the po-
tential dynamics and effects of different parameters rather than provide 
precise predictions.

Modeling human behavior is inherently challenging, and our frame-
work necessarily relies on simplifying assumptions. One limitation 
of our study is that we focus on a single behavioral trigger-direct 
encounters with symptomatic individuals-implemented via a heuristic 
symptom–cued rule. We do not explicitly model awareness–contagion 
or incidence-based information, which are central in other behavior–

disease frameworks [71]. Our results should therefore be viewed 
as a baseline characterization of selection under symptom visibility 
alone. Extending the model to couple symptom-based cues with richer 
information processes (awareness spread, risk perception from reported 
incidence, and institutional messaging) is an important direction for 
future work. We also assume that individuals cut off contact once they 
detect a symptomatically infected person in their social circle, without 
distinguishing between different types of contact. We omit demographic 
and socioeconomic factors that could influence people’s ability to adopt 
protective behaviors, as well as interventions such as vaccination or 
government-mandated social distancing. To address these limitations, 
future work will expand the model by integrating a coupled infection–
information framework, where social distancing and vaccination are 
triggered by the spread of (mis)information. It also will incorporate 
reporting delays/noise and heterogeneity in awareness, and allow 
time-varying SD to capture a more realistic behavioral change model. 
Finally, our current model fixes symptom propensity at the strain level: 
infections remain either symptomatic or asymptomatic throughout 
a transmission chain, and no mutation between strains is allowed. 
While this assumption captures stable strain-level differences, future 
extensions could incorporate host-modulated switching or evolutionary 
transitions between strains to test the robustness of our conclusions.

Despite these limitations, our analysis robustly demonstrates that hu-
man behavior in response to an infection outbreak can influence the 
various manifestations of a virus [89]. Specifically, exercising caution 
when coming into contact with symptomatic cases can contribute to the 
emergence ofa virus that induces more symptomatic disease. Although 
we have not specifically modeled a particular infection, our modeling 
approach is designed to depict generic respiratory infections transmitted 
through physical contact. As a result, it holds relevance for the future 
emerging or reemerging infections.
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Fig. 8. Final sizes vs. SD levels 𝛼 and 𝜎, Left: 𝑍𝑠 (symptomatic); Right: 𝑍𝑎 (asymptomatic). This is done for various levels of SD strategies (𝜎 and 𝛼). The parameter 
values are set at 𝑞 = 0.5, 𝜔 = 0 (first row), and 𝜔 = 1

30
 (second row), with transmission parameters selected based on the scenario SS in Table 2.
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