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 A B S T R A C T

The COVID-19 pandemic has underscored the crucial role of computational simulation in understanding, 
predicting, and controlling infectious disease dynamics, as well as supporting data-driven decision-making 
in public health. Within this context, the biologically inspired membrane computing has been shown to be 
promising for modeling complex epidemiological systems, due to its population-based inherent parallelism 
and compartmental structure.

Two models stand out for their complementary strengths among the existing works that adopt this 
paradigm. One, known as LOIMOS, focuses on detailed representations of infection and symptom progression, 
offering a biologically rich modeling of disease stages. The other, referred to as MVT, introduces behavioral 
dynamics, allowing individuals to adapt their actions based on perceived risk, personal willingness to vaccinate, 
and inter-provincial mobility preferences.

This work combines the core ideas of LOIMOS and MVT into a unified simulation framework, referred to 
as TEAM (Transmission of Epidemic Among Membranes), which integrates biological accuracy with behavioral 
flexibility. The goal is to create a general-purpose model adaptable to various infectious diseases beyond 
COVID-19, usable as a decision support system. Central challenges included resolving formal and structural 
differences between the two source models and harmonizing their rule-based dynamics.
1. Introduction

Membrane computing is a branch of natural computing inspired 
by the structure and function of biological cells [1–3], through the 
metaphor of nested membranes and chemical reactions occurring within 
compartments [4].

P systems (introduced by Gheorghe Păun [5]) offer an inherently 
parallel and non-deterministic framework [6] that has attracted in-
terest from both fields of theoretical computer science and systems 
biology [7]. Each membrane defines a region containing multisets of 
objects (representing chemical substances) and is subject to evolu-
tion rules that govern transformations, communications, and structural 
operations.

Various classes of P systems have been advanced in the litera-
ture, while P systems with active membranes are particularly expres-
sive [8,9]. They extend the basic framework by introducing addi-
tional features such as membrane polarization, membrane division, 
and dissolution, enabling dynamic structural changes and enhanced 
computational power [10]. Division rules are particularly powerful, by 
allowing membranes to duplicate together with their contents. This fea-
ture enables exponential workspace growth, a critical asset in solving 
computationally hard problems such as the HPP and SAT [11–13].

∗ Corresponding author.
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Recent advancements in membrane computing have introduced 
significant refinements to the semantics of evolution rules, enabling 
more expressive and biologically realistic models. To provide finer 
control over the application of rules, three key mechanisms have been 
proposed:

• Input Population Percentage, which specifies the proportion of 
objects or membranes to which a rule is applied, enabling partial 
or population-level interactions;

• Rule Priority Index, which resolves conflicts between applicable 
rules based on their relative precedence, allowing deterministic 
selection;

• Rule Probability, which assigns a likelihood to rule execution 
when given conditions are met, by introducing controlled non-
determinism and reflecting the probabilistic nature of many bio-
logical processes.

While expanding the model expressive power, these mechanisms re-
main consistent with the foundational principles of membrane comput-
ing, namely local interactions and rule-based rewriting.
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Some works have employed P systems to simulate epidemiological 
phenomena and the spread of infectious diseases under various condi-
tions [14–18] . Building upon these foundations, we here introduce the 
TEAM epidemiological model, which extensively incorporates the three 
features above. We propose this model with the main aim to integrate 
the strengths and to tune or eliminate the limits of two prior recent 
models of the literature, LOIMOS [14] and MVT [15], into a unified 
framework, that enhances flexibility and expressiveness in simulating 
infection diffusion processes through membrane computing.

LOIMOS is a Greek word meaning pestilence, which more figura-
tively recalls pestilent fellows. It is the name for the epidemiological 
model developed at the Universitad Politècnica de València, which 
introduces a rich biological layer and a predictive statistical structure. 
In this context, the LOIMOS simulator should not be confused with 
another agent based tool from the literature sharing the same name.1 
It models epidemiological states in detail, assigning individuals to a 
broader set of location types while tracking a finer granularity of 
attributes, such as age group, viral load, symptom severity, and immune 
status. Infection in LOIMOS involves thousands of rules and complex 
object dynamics, where individuals generate and interact with virus, 
antivirus, specialized immune elements, and further components. In 
TEAM, these mechanisms are partially simplified in order to retain the 
main epidemiological dynamics while reducing the number of rules 
and improving the manageability of the simulation model. In LOIMOS, 
disease progression is influenced by both viral load and immune effi-
ciency, producing various symptomatic trajectories, ranging from home 
isolation to hospitalization or ICU admission, each with associated 
recovery or mortality probabilities. LOIMOS also models four distinct 
infection types based on combinations of innate or acquired immunity 
and symptom intensity, reflecting more nuanced biological variabil-
ity. LOIMOS enjoys realistic features and nice system properties, and 
achieves notable simulation results reported in [16,19]. In TEAM, some 
of these distinctions are abstracted into a smaller set of epidemiological 
states to obtain a more compact rule system while preserving the main 
behavioral patterns of the disease progression.

MVT is a rule-based simulator of disease spread across provinces 
implemented in Python. The name MVT reflects the collaborative work 
among the universities of Milano-Bicocca, Verona, and Trieste. In MVT, 
the population is distributed across multiple provinces among a limited 
set of location types: schools, workplaces, hospitals, and common areas. 
Each individual carries structured attributes including age, mobility 
data, and epidemiological status, while infection evolves according to 
simplified disease phases: latent period, active infection, and immu-
nity. Behavioral adaptation [20] is a main feature of this approach, 
indeed it plays a central role, with individuals responding to local 
infection prevalence by altering movement patterns and risk behaviors, 
a mechanism captured by newly introduced Caution Parameter. This 
model basically integrates disease dynamics with geographic mobility, 
enabling exploration of how different vaccination strategies, different 
social restriction rules, and different behavioral responses, affect out-
comes in the population. Successful simulations of this model among 
provinces of the Lombardy region in Italy are presented in [21].

MVT and LOIMOS provide complementary insights: the former 
focuses on adaptive behavior and geographic mobility, while the latter 
models immune response and symptomatology in greater biological 
detail. These models serve as a conceptual and technical foundation 
for TEAM, the unified framework presented in this paper. The name 
is inspired by the active collaboration between University of Milano 
Bicocca, Verona, and Univèrsidad de València.

Membrane computing applied to epidemiology, as described above, 
produces what we can consider agent-based models (ABMs) [22,23]. 
These models have gained greater prominence in recent years, given 

1 Loimos: epidemic diffusion simulation code, GitHub repository, Available at: 
https://github.com/loimos/loimos.
2 
that they capture aspects such as dynamic interaction that other more 
classic models, such as temporal and compartmental models like SEIR 
(Susceptible–Exposed–Infectious–Recovered) cannot reflect. Further-
more, other approaches like network-based models are highly depen-
dent on the network topology initially imposed, although in some 
studies this effect has been mitigated by using dynamically evolving 
networks [24]. Agent-based models emphasize individual-level hetero-
geneity, localized interaction, and adaptive behavior [22]. In recent 
years, ABMs have gained greater prominence, especially in the wake of 
the global crisis caused by COVID-19 [25]. These models have been 
shown to be ideal for the design of computational simulators that 
provide explainability, scalability, and flexibility.

Membrane computing, through P systems, provides virtual agents 
like objects with mobility. The regions defined by a P system have 
their particular rules of behavior. So, the compartmentalized structure 
of regions in a P system is capable of establishing different levels of 
infection that affect the global behavior of the model. The dynamics 
of these regions can be established by active rules of modifying the 
regions by fusion, deletion and duplication of membranes. For all these 
reasons, our proposal can be considered an agent-based with a dynamic 
network model.

From an even broader perspective, our work is part of the extensive 
literature focused on coupled infection-behavior dynamics, where the 
interplay between epidemic spreading and adaptive human behav-
ior has been investigated [26], namely through evolutionary game-
theoretic formulations of behavior-driven epidemic models [27]. Al-
though this is a basin of inspirations for possible extensions of our 
current work, one main characterization and difference of our approach 
in the context of evolutionary vaccination game theory is that we adopt 
an implicit (vs explicit) behavior class of modeling, by integrating 
the dynamical concept of human behavior within the framework of 
Membrane Systems, where a rule-based mechanism is designed to 
qualitatively reproduce observed dynamics and predict new ones.

In the next sections, we present the source model and its simulator. 
Section 2 namely introduces the proposed model, detailing its rules 
for infection, contagion, symptoms, movement, recovery, and behav-
ior. Section 3 describes the simulation scenario and implementation, 
including scalability analysis, infection generalization, and the database 
integration. Section 4 presents the validation of the model, reporting 
and discussing the results through graphical analyses and the impact 
of key variables. Section 5 concludes the paper and outlines potential 
future developments.

2. Model definition

TEAM model is defined as a cell-like P system with active mem-
branes without polarization, formally described by the tuple: 

𝛱 = (𝑉 ,𝐻, 𝜇,𝑤1, 𝑤2,… , 𝑤𝑚, 𝑅) (1)

where:

1. 𝑉  is the alphabet of objects. Each membrane contains objects, 
represented with multisets to map strings of symbols onto an 
alphabet. For a list of the main objects contained in 𝑉 , please 
refer to Table  1;

2. 𝐻 is the alphabet of labels for membranes. They have a type 
and a label to distinguish them from different membranes of the 
same type. More info can be found in Table  2;

3. 𝜇 is the initial membrane structure, of degree 𝑚, with all mem-
branes labeled with elements of 𝐻 . A membrane with label ℎ is 
represented as []ℎ;

4. 𝑤𝑖 are strings over 𝑉  specifying the multiset of objects initially 
in the 𝑖th regions defined by 𝜇.

5. 𝑅 is a finite set of evolution rules.

https://github.com/loimos/loimos
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The membrane structure is tree-like: at the top is the skin mem-
brane, which contains all provinces. Each province includes a variety 
of places such as houses, hospitals, schools, and more, each with 
a limited capacity. Individuals, modeled as membranes themselves, 
move between these places according to rules that reflect behavior and 
epidemiological state.

Each place serves a specific function: houses host families; hospitals 
and ICUs treat severe infections; schools, workplaces, and leisure cen-
ters capture daily routines; common areas model transit and crowded 
indoor environments. The leisure center represents both open and 
closed public spaces, varying in infection risk depending on time and 
use.

Embedded within places, individuals never leave the system but 
move through its membrane structure via movement rules that simu-
late interactions in a population. Every membrane carries objects that 
define its characteristics. Each place tracks local infection levels via an 
object 𝜙 indicating the number of infected individuals present, which 
directly determines the probability of contagion.

Objects within membranes represent information, control behavior, 
and enable evolution through rewriting rules.

Rules are described in the following, according to the process they 
control in the whole epidemiological dynamics. Each evolution rule 
𝛼

𝑝,𝑞
←←←←←←←←←←←←→ 𝛽 has a precondition 𝛼, a postcondition 𝛽, where 𝛼, 𝛽 ∈ 𝑉 , and 

a parametrized application guided by a couple of parameters 𝑝 and 𝑞. 
The first parameter 𝑝 ∈ [0, 1] is a probability value that models the 
stochastic simulation of the systems, while the second parameter 𝑞 ∈ N
represents the value of a priority relation defined over the rules for the 
application order. This allows P systems to be effectively used in proba-
bilistic modeling of biological networks, as shown in [28]. Therefore, it 
is a (parametrized, by the probability and the priority relation values) 
Markov model, since the next state depends deterministically on the 
current one, by the corresponding probabilistic rules application.

Table  1 reports the set of objects contained within an individual, 
together with their corresponding domains. Each of these objects be-
longs to the alphabet 𝑉 . The multiplicity of each object within an 
individual encodes the quantity or the intensity of the corresponding 
attribute. For quantitative entities, such as the viral load 𝑣1 or the 
time variable ℎ𝑜𝑢𝑟, multiple copies of the same object represent higher 
values (e.g., increased viral load or a later time of the day). This 
representation follows the standard formalism of membrane computing, 
where multiplicity is naturally handled through multiset rewriting and 
parallel rule application.

For variables defined over enumerated domains, such as 𝑎𝑔𝑒 and 𝑠𝑡, 
the multiplicity of the corresponding objects determines the class mem-
bership of the individual. In particular, the multiplicity of 𝑠𝑡 encodes 
the epidemiological state, with values 1, 2, 3, and 4 corresponding to S, 
E, I, and R, respectively. Furthermore, J1 and J2 denote subcategories of 
infected individuals (state I) characterized by severe and critical symp-
tom level. For instance, an individual containing one occurrence of 𝑎𝑔𝑒
and four occurrences of 𝑠𝑡 represents a young recovered individual.

Table  2 summarizes the membranes defined in the model, specifying 
for each of them the corresponding label, capacity (computed for a ref-
erence scenario with 25,000 individuals and 12 provinces), cardinality, 
and semantic interpretation.

The object 𝜙𝑥, with 𝑥 ∈ {0,… , 𝑛}, where 𝑛 denotes the popula-
tion size, is associated with each place membrane and represents the 
number of infected individuals currently present within that membrane. 
This quantity is used to regulate and model the infection rates within 
each place membrane.

SEJIRS epidemiological model

Before describing TEAM in detail, we first outline how the pro-
gression of infections is represented in the simulator. Several levels of 
abstraction exist for modeling the lifecycle of a disease. Among the 
3 
Fig. 1. SEJIRS model. Flow of individuals across classes of the SEJIRS model.

simplest and most widely used are the SIR model [29] and the SEIR 
model, described in [30] together with other similar approaches.

In this type of epidemiological formulation, each letter represents a 
possible compartment of the model. In the SIR model, individuals tran-
sition from Susceptible to Infected and finally to Recovered. The SEIR 
model extends this structure by introducing the Exposed class, which 
represents the latent period during which an individual is infected but 
not yet infectious.

More recently, more detailed epidemiological models have been 
proposed, such as SEIRQJ and SIDARTHE, originally developed to study 
SARS dynamics. These models introduce additional compartments to 
capture more refined aspects of disease progression. We do not discuss 
these models in detail here and refer the reader to Table  3 for a brief 
summary of their main characteristics.

Building on the ideas proposed in these works, the progression of 
the disease in TEAM follows an epidemiological model called SEJIRS, 
illustrated in the state diagram in Fig.  1.

Individuals start in the susceptible state 𝑆 and, after exposure, enter 
the latent period state 𝐸, where they carry the infection but are not 
yet infectious. They may then progress to the infectious state 𝐼 , where 
transmission to other individuals becomes possible and symptoms may 
appear. If symptoms worsen, individuals move to states with increasing 
severity: 𝐽1 (moderate symptoms, typically isolated or hospitalized) and 
𝐽2 (severe symptoms requiring intensive care). Individuals in 𝐽1 and 
𝐽2 have probabilities of death 𝑑1 and 𝑑2, respectively, with 𝑑2 > 𝑑1. 
Individuals can recover and enter the 𝑅 state, where they experience 
temporary immunity before eventually returning to the susceptible 
state 𝑆. Deaths are recorded as an output of the model rather than 
represented as an explicit compartment.

Infection rules

Infection depends on the location, the number of infected individ-
uals, individual status, and contextual factors. The general form is: 

[𝑠𝑡1]𝑖𝑛𝑑𝑗 , [𝑠𝑡
3]𝑖𝑛𝑑𝑖 , 𝜙 ⟶ [𝑠𝑡2, 𝑣51]𝑖𝑛𝑑𝑗 , [𝑠𝑡

3]𝑖𝑛𝑑𝑖 , 𝜙 (2)

In the precondition, individual 𝑗 is in a healthy state while individual 𝑖
is infected; in the postcondition, individual 𝑗 transitions to the exposed 
state and receives an initial viral load represented by five 𝑣1 objects. 
The rule is applied with probability

𝑝 = 𝛽 ⋅
𝜙
𝑁

⋅ 𝜓(𝑀),

where 𝛽 is the base infection rate that depends on the membrane 
type, 𝜙 is the number of infected individuals in the location, 𝑁 is the 
total number of individuals in the location, and 𝜓(𝑀) is a decreasing 
function modeling awareness of contagiousness [15].
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Table 1
Main objects, the domain of their multiplicity, and the attributes associated with individuals in the TEAM model. Each of those 
objects are elements of 𝑉 .
 Object Domain Meaning  
 ℎ𝑚𝑥 𝑥 ∈ 𝐻 Identifier of the home membrane of the individual  
 ℎ𝑝𝑥 𝑥 ∈ {0,… , 𝑛} Home province of the individual, where 𝑛 is the number of 

simulated provinces
 

 𝑑𝑝𝑥 𝑥 ∈ {0,… , 𝑛} Destination province of the individual, where 𝑛 is the number of 
simulated provinces, denotes the region in which the subject will 
move during their routine

 

 ℎ𝑜𝑢𝑟𝑥 𝑥 ∈ {0,… , 23} Current hour of the day  
 𝑑𝑎𝑦𝑥 𝑥 ∈ {0,… , 𝑑} Current simulation day, where 𝑑 is the total number of simulated 

days
 

 𝑣𝑥1 𝑥 ∈ {0,… , 1000} Units of viral load, the multiplicity models the intensity level  
 𝑎𝑛𝑡𝑖𝑣𝑥 𝑥 ∈ {0,… , 1000} Units of non-specialized antivirus, the multiplicity models the 

intensity level
 

 𝑎𝑛𝑡𝑖𝑣𝑒𝑠𝑝𝑥 𝑥 ∈ {0,… , 1000} Units of specialized antivirus, the multiplicity models the intensity 
level

 

 ℎ𝑑𝑙𝑥 𝑥 ∈ {0,… , 7} Number of hospitalization days left before the end of the health 
care period

 

 𝑣𝑐𝑐𝑥 𝑥 ∈ {0, 1} Vaccination status indicating whether the individual is vaccinated  
 𝑠𝑦𝑚𝑥 𝑥 ∈ {1, 2, 3, 4} Symptom severity level, larger values correspond to more severe 

symptoms
 

 𝑎𝑔𝑒𝑥 𝑥 ∈ {1, 2, 3} Age group associated with an individual, where 1 → 𝑦𝑜𝑢𝑛𝑔, 2 →
𝑎𝑑𝑢𝑙𝑡, 3 → 𝑒𝑙𝑑𝑒𝑟𝑙𝑦

 

 𝑠𝑡𝑥 𝑥 ∈ {1, 2, 3, 4} Epidemiological status of the individual, where 1 → 𝑆, 2 → 𝐸, 3 →
𝐼 , 4 → 𝑅. Additional states 𝐽1 and 𝐽2 depend on symptoms.

 

Table 2
Membranes of the TEAM model. The domains are related to a simulation with a population of 25000 and 12 provinces. The capacities marked with an asterisk 
(*) are fixed for all runs.
 Membrane Label Capacity Domain Meaning  
 Skin [ ]𝑆𝐾𝐼𝑁𝑖

12 𝑖 = 1 The unique top-level membrane containing all and only the 
provinces of the model

 

 Province [ ]𝑃𝑅𝑖 780 𝑖 ∈ {1,… , 12} Membranes representing the provinces; each contains all place 
membranes defined below

 

 Common Area [ ]𝐶𝐴𝑖 1041 𝑖 ∈ {1,… , 12} One per province; gathers individuals in crowded environments. 
Movements across provinces lead to the corresponding Common 
Area

 

 School [ ]𝑆𝑖 300* 𝑖 ∈ {1,… , 12} Membranes hosting young individuals during daily school activities  
 Hospital [ ]𝐻𝑖

150* 𝑖 ∈ {1,… , 12} Membranes hosting individuals with severe symptoms requiring 
medical care

 

 ICU [ ]𝐼𝐶𝑈𝑖 1* 𝑖 ∈ {1,… , 48} Isolated membranes hosting individuals with critical symptoms 
requiring intensive care

 

 Workplace [ ]𝑊𝑖
200* 𝑖 ∈ {1,… , 96} Membranes representing workplaces, hosting adult individuals 

during daily working hours
 

 Leisure Center [ ]𝐿𝐶𝑖 200* 𝑖 ∈ {1,… , 192} Membranes representing leisure locations visited in the evening and 
during weekends

 

 Home [ ]𝐻𝑀𝑖
{1,… , 6} ∗ 𝑖 ∈ {1,… , 9000} Membranes representing households with variable capacity, 

associated with individuals
 

 Individual [ ]𝑖𝑛𝑑𝑖 3000 𝑖 ∈ {1,… , 25000} Membranes representing individuals, which move across place 
membranes and contain the objects defined in Table  1

 

Table 3
Comparison of epidemiological models.
 Model Key feature Examples of diseases 
 SIR [29] Permanent immunity Measles, chickenpox  
 SEIR [30] Permanent immunity, latent period COVID-19, Ebola  
 SIS [31] No immunity Common cold  
 SIRS [31] Temporary immunity Influenza, COVID-19 
 SEIS [32,33] No immunity, latent period Tuberculosis  
 SEIRS [34] Temporary immunity, latent period Dengue fever  
 SEIRQJ [35] Asymptomatic, quarantined, isolated individuals 2003 SARS  
 SIDARTHE [36–39] Undiagnosed cases, varying symptom severity COVID-19  
4 



S. Erba et al. Array 30 (2026) 100864 
Table 4
Rules governing immune response and viral load dynamics, ordered by decreasing priority.
 Precondition Probability Postcondition Description  
 𝑎𝑛𝑡𝑖𝑣200 , 𝑣2001 0.012 𝑎𝑛𝑡𝑖𝑣𝑒𝑠𝑝, 

𝑣1_𝑖𝑛𝑜, 
𝑎𝑛𝑡𝑖𝑣199, 
𝑣1991 , 
𝑠𝑖𝑛𝑡200

The individual’s antibodies fight the disease, and a new specialized 
antibody is created. The probabilities for applying this rule depend 
on the individual’s state of health

 

 𝑎𝑛𝑡𝑖𝑣𝑒𝑠𝑝, 𝑣1 1 𝑎𝑛𝑡𝑖𝑣𝑒𝑠𝑝, 
𝑣1_𝑖𝑛𝑜, 
𝑠𝑖𝑛𝑡

Each specialized antibody fights the infection, generating harmless 
viruses

 

 𝑎𝑛𝑡𝑖𝑣, 𝑣1 0.001 𝑎𝑛𝑡𝑖𝑣, 
𝑣1_𝑖𝑛𝑜, 
𝑠𝑖𝑛𝑡

Each non-specialized antibody fights against the infection with a 
lower probability

 

 𝑣1 0.035 𝑣21 , 𝑠𝑖𝑛𝑡 Viruses not occupied by the other rules are free to grow  
 𝑣1 1 𝑣1 , 𝑠𝑖𝑛𝑡 Symptoms increase according to the viral load present, even if the 

𝑣1 elements follow no specific rule
 

Viral load rules

The rules in Table  4 are some of the many defined in TEAM, selected 
for their explanatory value in illustrating the management of viral load 
within an individual. They are listed in order of decreasing priority. 
For a definition of the objects listed in the following tables and their 
domains, please refer to Table  1. Note that each of those evolution 
rules generates a certain number of symptom objects, useful for the 
next block of rules, depending on how many virus objects are involved 
in the preconditions of the rule.

Symptoms rules

Each individual has a symptom status object 𝑠𝑦𝑚𝑥, with 𝑥 ∈
{1, 2, 3, 4}:

• 𝑠𝑦𝑚1: the host has no symptoms, and may be or may not be 
infected

• 𝑠𝑦𝑚2: the host has mild symptoms, may be or may not realize he 
is infected

• 𝑠𝑦𝑚3: the host has severe symptoms and needs hospitalization
• 𝑠𝑦𝑚4: the host has critical symptoms and needs ICU

The rules in Table  5 manage system variables related to symptoms, 
where the probability of symptom growth is derived from the LOIMOS 
model and later balanced after integration with MVT.

In particular, the fourth rule introduces a threshold-based mech-
anism: when the number of sint objects reaches a fixed value of 
700, the system transitions to a high viral load state, represented 
by cont. This mechanism is inherited from the LOIMOS model and 
should be regarded as a simplification, rather than a clinically accurate 
representation. It does not imply a direct or clinically validated corre-
lation between viral load and symptom severity, but rather provides a 
practical abstraction to trigger state transitions.

Movement rules

Movements simulate daily routines or inter-provincial transfers. All 
movements are handled by membrane mobility rules. 
[[[ℎ𝑝𝑘, 𝑑𝑝𝑙]𝑖𝑛𝑑 ]𝐻𝑀 ]𝑃𝑅𝑘 ⟶ [[[ℎ𝑝𝑘, 𝑑𝑝𝑙]𝑖𝑛𝑑 ]𝐶𝐴]𝑃𝑅𝑙 (3)

where 𝑖𝑛𝑑 represents an individual who wants to move from province 
𝑘 to province 𝑙, and 𝐻𝑀 and 𝐶𝐴 denote, respectively, the home 
membrane of the starting province and the common area of the des-
tination province. The probability of applying this rule depends on the 
epidemiological situation of the destination province, but it will be 0 if 
the movement from 𝑘 to 𝑙 is not scheduled in the routine of 𝑖𝑛𝑑 for the 
given hour and day. Other movement rules handle transitions within 
the same province, such as commuting between places (e.g., home 
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and workplace), but follow the same idea as the one shown. These 
movement rules bring the model to life, allowing individuals to follow 
their own routines.

Recovering rules

Having described how an individual becomes infected, how the 
disease evolves, and how symptoms develop, we now present how 
recovery occurs. In all cases, a recovered individual gains immunity 
for 180 days. There are three ways to recover:

• Recovery through hospitalization: infected individuals with se-
vere or critical symptoms (𝑠𝑦𝑚3 or 𝑠𝑦𝑚4) have a probability of 
0.03 (for hospital) or 0.05 (for ICU) per hour of being admitted to 
a suitable facility, if available in the region. If already hospitalized 
and symptoms worsen to critical (𝑠𝑦𝑚4), the individual is moved 
directly to ICU. ICU availability is limited, so simulations must 
be correctly parametrized. Once admitted, a 7-day recovery cycle 
begins. The same cycle applies to ICU transfers, as hospitalization 
days are shared across facilities.

• Recovery through specialized antivirus: if the individual accumu-
lates enough specialized antivirus objects, they are considered 
cured. The production rate and healing threshold of specialized 
antivirus are critical parameters that have undergone a tuning 
phase.

• Recovery by zeroing the viral load: even without hospitalization 
or a full antibody response, if specialized and non-specialized 
antivirus reduce the viral load to zero, the individual recovers.

Behavior

To enhance realism, TEAM includes individual behaviors that in-
fluence epidemic dynamics, inspired by MVT. These behaviors add 
heterogeneity and decision-making capacity to individuals, preventing 
uniform reactions across the population and improving the realism of 
the simulation [20]. Four main behavioral features are implemented:

• Prudence Parameter: models the tendency of individuals to mod-
ify their behavior when experiencing symptoms. In particular, 
mildly symptomatic individuals (𝑠𝑦𝑚2) may choose to stay home 
depending on their prudence level, so a higher 𝑃𝑃  reduces the 
probability of going out while infected. While this parameter cap-
tures individual decision-making, it represents an aggregate effect 
that also reflects external influences such as public awareness 
and information availability. For instance, in the early stages of 
a novel disease, lower values of 𝑃𝑃  may reflect limited knowl-
edge and risk perception, whereas higher values may emerge 
in contexts with widespread awareness or strong public health 
messaging.
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Table 5
Rules governing symptom progression and viral load effects, ordered by decreasing priority.
 Precondition Probability Postcondition Description  
 𝑠𝑦𝑚1 , 𝑐𝑜𝑛𝑡 1 𝑠𝑦𝑚2 Transition from no symptoms to mild symptoms due to sustained 

high viral load
 

 𝑠𝑦𝑚2 , 𝑐𝑜𝑛𝑡 1.5 ⋅ 10−3 𝑠𝑦𝑚3 Transition from mild symptoms to severe symptoms due to 
sustained high viral load

 

 𝑠𝑦𝑚3 , 𝑐𝑜𝑛𝑡 10−3 𝑠𝑦𝑚4 Transition from severe symptoms to critical symptoms due to 
sustained high viral load

 

 𝑠𝑖𝑛𝑡700 , 𝑓 𝑙𝑎𝑔 1 𝑐𝑜𝑛𝑡, 𝑓 𝑙𝑎𝑔 When there are 700 sint objects, this rule consumes the flag object 
and generates the cont object, which represents a high viral load 
state

 

 𝑠𝑦𝑚𝑥 , 𝑐𝑜𝑛𝑡 1 𝑠𝑦𝑚𝑥 , 𝑐𝑜𝑛𝑡 If the cont object is present and the host does not worsen, the 
current state is maintained

 

 𝑠𝑦𝑚𝑥 1 𝑠𝑦𝑚1 If there is no cont object, the viral load is not dangerous, so the 
host is cured and the symptoms disappear

 

 𝑠𝑖𝑛𝑡 1 𝜆 The object sint is used to know how many objects 𝑣1 there were in 
a previous step. If they are not used, this rule deleted them

 

 [𝑠𝑦𝑚3]𝑖𝑛𝑑 1.6 ⋅ 10−5 𝜆 An individual with severe symptoms can trigger a dissolving rule, 
resulting in death

 

 [[𝑠𝑦𝑚4]𝑖𝑛𝑑 ]𝐼𝐶𝑈 10−4 [𝜆]𝐼𝐶𝑈 An individual with critical symptoms who is admitted to the ICU 
may trigger a dissolving rule, resulting in death

 

 [[𝑠𝑦𝑚4]𝑖𝑛𝑑 ]𝐻𝑀 2 ⋅ 10−4 [𝜆]𝐻𝑀 An individual with critical symptoms who stays at home may 
trigger a dissolving rule, resulting in death

 

Table 6
Movement probabilities for each routine rule in the algorithm. 𝜙𝑑 and 𝑁𝑑 are the number of infected individuals and total 
population at the destination membrane. 𝑃𝑃  is the Prudence Parameter.
 Code line Pseudocode rule Age group Symptom Probability  
 Line 16 Move between provinces Young, Adult 𝑠𝑦𝑚1 1 −

𝜙𝑑
𝑁𝑑

 
 𝑠𝑦𝑚2

(

1 −
𝜙𝑑
𝑁𝑑

)

(1 − 𝑃𝑃 )2  

 Line 16 Move between provinces Elderly 𝑠𝑦𝑚1 0.17⋅
(

1 −
𝜙𝑑
𝑁𝑑

)

 

 𝑠𝑦𝑚2 0.17⋅
(

1 −
𝜙𝑑
𝑁𝑑

)

(1 − 𝑃𝑃 )2 
 Line 17 Move to workplaces Adult 𝑠𝑦𝑚1 1  
 𝑠𝑦𝑚2 (1 − 𝑃𝑃 )2  
 Line 18 Move to schools Young 𝑠𝑦𝑚1 1  
 𝑠𝑦𝑚2 (1 − 𝑃𝑃 )2  
 Line 19 Move to leisure centers Elderly 𝑠𝑦𝑚1 0.04  
 𝑠𝑦𝑚2 0.04 ⋅ (1 − 𝑃𝑃 )2  
 Line 21 Move back home All 𝑠𝑦𝑚1, 𝑠𝑦𝑚2 1  
• Likelihood to Change Province: individuals avoid traveling to 
provinces with high infection rates. The probability of inter-
provincial movement decreases with the proportion of infected 
people in the destination area, discouraging mobility toward 
high-risk zones. The number of individuals not predisposed to 
change provinces in their routine is a fixed parameter called Same 
Province Percentage, which can be set during simulation creation.

• Caution Factor: as infections rise, people become more cautious. 
This is modeled through a decreasing function that reduces con-
tagion probability as the infection rate increases.

• Vaccination Will: the willingness to get vaccinated increases with 
perceived risk, based on infection prevalence. Individuals are 
vaccinated based on a probability modulated by a behavioral 
function. Each vaccinated person receives a randomly assigned 
vaccine efficacy and a corresponding protection duration.

3. Scenario and simulations

TEAM was developed using an Object-Oriented Programming (OOP) 
approach, enabling a clear and efficient translation of the membrane 
computing paradigm into code. This design choice proved particularly 
suitable for preserving the hierarchical organization of the starting 
6 
MVT model, while ensuring a high degree of flexibility, compared to 
existing frameworks tailored to membrane computing such as LOIMOS 
and P-Lingua [40].

In the TEAM simulator, individuals are modeled as objects with 
attributes representing their health status. The multiplicity of objects 
in membrane computing is conceptually used to encode quantitative 
properties, such as viral load or time progression. In the implementa-
tion, however, this is not realized through explicit object duplication; 
instead, it is efficiently handled via attributes within the object-oriented 
structure, avoiding unnecessary memory overhead while preserving the 
formal semantics at an abstract level.

The rewriting rules of membrane computing are implemented as 
methods, and a strict constraint is applied: no attribute can change 
more than once per simulation step, in accordance with membrane 
computing semantics. Rule application respects both priority and prob-
ability, and membrane hierarchy ensures organizational consistency 
(e.g., provinces contain places, which contain individuals).

Python was used as the programming language due to its simplicity, 
data handling capabilities, and support for OOP. The simulation pro-
gresses in discrete time steps, each representing one hour. At each step, 
every object can apply one rule, and a new configuration is generated. 
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The system halts when a predefined number of steps (entered as input, 
in days) is reached.

To broaden the simulator usability, a key development was the 
creation of a Graphical User Interface (GUI) using Python Tkinter 
library. The primary goal of the GUI is to make the sophisticated 
model accessible to researchers and officials who are not programming 
experts, such as those in epidemiology or public health. The interface 
organizes the numerous simulation parameters—from population and 
behavioral factors to lockdown rules—into a clear, tabbed layout. To 
further aid usability, it incorporates informative tooltips that explain 
the function of each parameter. Upon completing a run, the GUI 
presents the results, including key data and plots, directly within an 
integrated output panel, facilitating immediate analysis. This feature 
removes the barrier of direct code manipulation and establishes the 
simulator as a practical tool for flexible scenario testing. The complete 
source code for the TEAM simulator is publicly available.2

Scalability of the scenario

A fundamental aspect of this work is the generalization of the model 
in terms of both structure and application. The initial simulators were 
tailored specifically to COVID-19 and did not have an easily editable 
scenario. For example, LOIMOS required pre-defined input files for 
membranes, making structural changes cumbersome, while MVT used 
a fixed number of regions, limiting flexibility.

TEAM introduces a dynamic system that allocates place membranes 
based on realistic capacity assumptions. These capacities are now de-
coupled from hardcoded values and instead reflect typical structural 
limits observed in real-world contexts. This change ensures a more 
coherent relationship between population size and the number of avail-
able facilities.

Particular attention was given to the modeling of healthcare struc-
tures, where capacity constraints are critical for simulating scenarios 
such as hospital saturation.

The new approach enables the simulator to recreate more realistic 
and flexible settings, allowing the exploration of scenarios in which 
healthcare resources become limited. In particular, the model includes 
a mechanism to detect when hospital or ICU capacity approaches 
saturation (i.e., above 90%) and explicitly flags this condition during 
the simulation.

The model does not implement any triage or admission policy, nor 
does it make decisions regarding patient prioritization. Instead, it only 
signals the occurrence of critical situations in which healthcare capac-
ity is reached or nearly reached. Once such a condition is detected, 
the simulation output should be interpreted with caution, and any 
decision-making should be carried out in consultation with domain 
experts.

If the simulation is allowed to continue beyond this point, it repre-
sents a hypothetical uncontrolled scenario in which resource allocation 
is not actively managed, for example, following a simple first-come, 
first-served logic. As such, the resulting outcomes, including increased 
mortality, should be understood as illustrative of potential risks rather 
than realistic clinical predictions. This behavior represents a simplified 
assumption and does not reflect real-world clinical decision-making 
processes or triage practices, which are far more complex and guided 
by medical expertise. Therefore, outcomes observed under healthcare 
saturation should be interpreted as a modeling limitation rather than a 
clinically accurate prediction.

Flexibility was also enhanced by introducing parameters to control 
the number of provinces and the mobility behavior of individuals. 
A new parameter, called Same Province Percentage (𝑆𝑃𝑃 ), allows 
control over the proportion of individuals whose destination province 

2 F. Reiff and S. Erba, TEAM: Transmission of Epidemic Among Membranes, 
GitHub repository, 2025. Available at: https://github.com/francireiff/TEAM.
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matches their origin. For instance, setting 𝑆𝑃𝑃  to 80% models low 
inter-province mobility, useful for rural or disconnected regions, while 
a lower 𝑆𝑃𝑃  simulates high urban mobility, such as between neigh-
borhoods in a city. This parameter, combined with the ability to vary 
the number of individuals and provinces, results in a highly adaptable 
simulation environment suitable for diverse scenarios.

Generalization of infections

Another major generalization concerns the type of infection being 
modeled. While this work focuses on COVID-19, the simulator is de-
signed to be adaptable to other infectious diseases. The two base models 
used diverged significantly in infection dynamics: LOIMOS employed a 
viral load model with high granularity, while MVT used a simplified 
fixed-day cycle (Incubation → Infected → Recovered).

To accommodate various infection types, TEAM includes support 
for both approaches. This flexibility is crucial when modeling novel 
diseases where detailed clinical parameters may not yet be available.

Additional modularity is provided by enabling or disabling compo-
nents such as ICUs. While critical for COVID-19 simulations, ICUs may 
be irrelevant for diseases with low hospitalization rates. The simulator 
can also incorporate confinement policies. By setting parameters for 
start time and duration, scenarios involving time-specific lockdowns 
can be tested to determine optimal containment strategies.

Another important element is the Prudence Parameter (𝑃𝑃 ), which 
allows the simulation to reflect varying levels of public awareness and 
responsiveness. For a well-known disease with visible symptoms and 
public warnings, a high 𝑃𝑃  simulates a population acting prudently. 
Conversely, for a new disease with ambiguous or mild symptoms, a low 
𝑃𝑃  represents delayed recognition and high unintentional transmis-
sion, capturing important epidemiological dynamics. In such scenarios, 
individuals may become unwitting vectors, mistaking mild symptoms 
for unrelated or negligible conditions, and continue interacting socially, 
thereby facilitating the spread of the disease [41]. These features 
collectively make TEAM highly generalizable and applicable to a wide 
range of infectious disease models beyond COVID-19.

Database

Model calibration and result validation constitute a key part of this 
work. While many simulation parameters were derived from existing 
models, their integration into a unified framework initially produced 
results with unrealistically high numbers of infections and deaths. 
This discrepancy became evident when comparing simulation outputs 
with empirical data from the Lombardy region, which had not been 
previously used as a validation benchmark.

In particular, LOIMOS produces a combined infection peak of
roughly 46% (summing across the four infection types). This high value 
can be largely attributed to the absence of explicit intervention mecha-
nisms and limited modeling of adaptive behavioral responses, resulting 
in a scenario where individuals continue their regular activities despite 
the spread of the disease. Under such assumptions, the model captures 
a worst-case epidemic trajectory in which the infection spreads largely 
unchecked across the population.

By contrast, MVT yields prevalence peaks between 8% and 20%, 
depending on the value of the caution factor. The integration of the 
two approaches therefore required careful parameter calibration, to-
gether with the introduction of behavioral and intervention-related 
mechanisms, in order to obtain more realistic epidemic trajectories.

Parameter tuning focused on epidemiological factors such as trans-
mission probability, viral progression, and mortality rates conditional 
on individual health and symptom profiles. These parameters were 
refined to align model outputs with real-world observations. To ground 
the validation process, we used the publicly available dataset for  the 

https://github.com/francireiff/TEAM
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Lombardy region3 , covering the period from February 2020 onward. 
Lombardy, one of the Italian regions most severely affected during the 
early phase of the COVID-19 pandemic [42], offers detailed and high-
quality data, which have been used extensively in previous studies [43–
45]. The model was calibrated primarily against two critical indicators: 
the number of infected individuals and the number of deaths.

The primary calibration of our model was performed against data 
from the Lombardy region. However, to ensure the model principles 
were not narrowly tailored to a single dataset, we conducted a sec-
ondary validation using the distinct demographic and epidemiological 
landscape of Veneto. Using data from Italy’s Civil Protection Depart-
ment, we re-scaled the simulation for Veneto’s smaller population. This 
meant modeling a population of 12,000 individuals across the region’s 
7 provinces, maintaining the proportional representation used in the 
Lombardy setup. This test confirmed the robustness of the model. In 
the 200-day runs, the simulation once again successfully captured the 
primary infection peak and mirrored the overall trend of cumulative 
deaths, providing strong evidence that our framework is adaptable and 
can generalize to different regional contexts.

Pseudocode. Algorithm 1 describes the pseudocode, structured into two 
main functions:

• create_scenario(): Initializes the environment by generat-
ing provinces, places, and individuals with the correct demo-
graphic distribution. Initial infections are also introduced.

• run_simulation(days, hours per day): Governs the epi-
demic progression, handling mobility (with probability shown in 
Table  6), infections, health status updates, hospitalizations, and 
data recording.

Algorithm 1 Pseudocode of the TEAM simulator
Input: Simulation parameters, days, population
Output: Epidemic evolution data, seconds

1: function create_scenario
2:  for all province in provinces do
3:  Create province membrane instance
4:  Calculate the correct number of place membranes
5:  Generate place membranes
6:  Create individuals with the correct age distribution
7:  Assign individuals to houses
8:  Introduce initial infections
9:  end for
10: end function
11: function run_simulation(days, hours per day)
12:  Create CSV file
13:  for all day in days do
14:  for all hour in hours per day do
15:  if not a lockdown day and is the correct hour then
16:  Move individuals between provinces through common areas
17:  Move workers to workplaces
18:  Move students to schools
19:  Move elderly to leisure centers
20:  Simulate infections in all places with individuals
21:  Move individuals back home
22:  end if
23:  Trigger infection and vaccination progress
24:  Check for deaths
25:  Discharge recovered individuals from hospitals
26:  Check for hospitalization based on hospital capacity
27:  Track infections and update the scenario
28:  end for
29:  Reduce recovery days in hospitalized individuals
30:  end for
31:  Write data to CSV file and create charts
32: end function

3 giodecris, COVID-19 Regional Data — Italia, 2020. Available at: https:
//github.com/pcm-dpc/COVID-19/tree/master/dati-regioni. Accessed 20 Jan 
2025.
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4. Validation of the model

All graphs in this section report mean values over six simulation 
runs with 𝑃𝑃 = 0.9 and 𝑆𝑃𝑃 = 0.8, where not specified differently. The 
plots display the number of susceptible individuals (class 𝑆), the disease 
prevalence (classes 𝐸, 𝐼 , 𝐽1, 𝐽2), the number of recovered individuals 
(class 𝑅), and the number of deaths, according to the information 
reported in [46].

Here we evaluate the effect of the newly introduced Prudence 
Parameter (PP), with 0 ≤ 𝑃𝑃 ≤ 1, which controls the probability 
that symptomatic individuals choose to self-isolate rather than follow 
their daily routines. The parameter modulates individual behavior in a 
simple yet effective way: when individuals experience mild symptoms 
(𝑠𝑦𝑚2), the probability of leaving the house is reduced by a factor of 
(1 − 𝑃𝑃 )2. Thus, a higher 𝑃𝑃  reflects a more cautious population. For 
instance, if 𝑃𝑃 = 0.3, individuals are about 50% less likely to go out 
while symptomatic compared to their asymptomatic behavior.

At the extremes, 𝑃𝑃 = 0 corresponds to a population entirely un-
aware of or indifferent to the disease, resulting in no behavioral change. 
In contrast, 𝑃𝑃 = 1 models complete prudence, where symptomatic 
individuals never leave the house, mimicking the original LOIMOS 
behavior in which infected individuals are fully isolated upon symptom 
onset.

This parameter can also be interpreted from a sociological per-
spective. It offers a way to simulate varying levels of civic awareness 
and compliance with public health guidelines. Even in contexts where 
information about the disease is widely available, populations may 
exhibit limited adherence to testing and isolation directives, especially 
if institutional trust or civic engagement is low [47]. Such behavior has 
been documented in the Italian situation, as described in [48,49]. As a 
result, simulations may justifiably adopt medium or low values of 𝑃𝑃 , 
even under well-informed conditions.

The impact of 𝑃𝑃  is illustrated in Fig.  2, which shows the prevalence 
and deaths under varying values. Simulations with 𝑃𝑃 = 0 were ex-
cluded, as they represent implausible scenarios in which no individual, 
regardless of age or symptom severity, modifies their behavior when 
symptomatic.

Results demonstrate that PP has a pronounced influence on epi-
demic dynamics. Lower values lead to unrealistically high peaks in 
both prevalence and mortality, deviating significantly from real-world 
data such as that observed in Lombardy and Veneto. In particular, 𝑃𝑃
values below 0.75 yield outcomes that are inconsistent with known 
epidemiological patterns, suggesting that models using such parameters 
may not reflect realistic human behavior during an outbreak.

For this reason, the default value used throughout the rest of the 
study is 𝑃𝑃 = 0.9, consistent with assumptions made in LOIMOS, 
which implicitly modeled behavior close to 𝑃𝑃 = 1. It is worth noting 
that symptom onset does not occur immediately after infection; thus, 
even high 𝑃𝑃  values do not eliminate the risk of transmission from 
individuals unaware of their infectious status.

Note that this current formulation of the parameter 𝑃𝑃  should 
be regarded as a high-level simplification, like an umbrella variable 
that condenses many heterogeneous influences into a single dimension. 
Nonetheless, the experiments underscore the importance of behavioral 
response in epidemic containment. They also suggest that promot-
ing voluntary self-isolation in response to symptoms can significantly 
mitigate disease spread and reduce mortality.

At this point, we present a comparative analysis of three scenarios 
in which the only varying factor is the lockdown scheduling, while 
all other parameters remain unchanged. The goal is to evaluate how 
different confinement measures affect the disease progression.

Lockdowns are among the most effective measures available to 
contain epidemics. While they do not offer a definitive solution, they 
can substantially reduce transmission, ease hospital burden, and buy 
time for medical response. However, prolonged lockdowns are costly 
from both economic and psychological standpoints. For this reason, it 

https://github.com/pcm-dpc/COVID-19/tree/master/dati-regioni
https://github.com/pcm-dpc/COVID-19/tree/master/dati-regioni
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Fig. 2. Validation against PP. Variation in time of susceptible (a), prevalence (b), recovered (c) and deaths (d) according to different values of the parameter PP.
Fig. 3. Validation against targeted lockdowns. Variation in time of susceptible (a), prevalence (b), recovered (c) and deaths (d) according to different lockdown 
periods.
is crucial to apply them as efficiently as possible, maximizing impact 
with minimal duration.

Fig.  3 shows three approaches. The first includes no intervention 
and serves as the baseline. In the second approach, a 60-day lockdown 
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starts on day 50, aligned with the rising edge of the infection peak. 
This leads to a significant drop in active cases, which climb again after 
restrictions are lifted but remain below the values observed without 
intervention. This confirms that a well-timed lockdown can mitigate 
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Fig. 4.  Cardinality on SEJIRS model. Each subgraph represents the variation in the cardinality of each class in the SEJIRS model, with 𝑃𝑃 = 0.9 and 𝑆𝑃𝑃 = 0.8.
the epidemic’s peak and delay its resurgence. The duration of the 
lockdown is consistent with the first COVID-19 wave in Italy, where 
strict nationwide restrictions were enforced from March 9, 2020 until 
early May 2020 [50].

The third approach implements an intermittent confinement strat-
egy, consisting of three 20-day lockdown periods separated by 20-day 
reopening intervals. Although the total duration of restrictions re-
mains 60 days, the resulting dynamics differ significantly from the 
single continuous lockdown. The first lockdown rapidly reduces the 
prevalence to levels comparable to the beginning of the simulation. 
Interestingly, this downward trend continues even during the subse-
quent reopening phase, suggesting a delayed effect of the intervention. 
However, after the second lockdown, the prevalence began to rise 
again, but was then mitigated by the third lockdown. Following the 
final reopening, the prevalence increases moderately, and it stabilizes 
around approximately 2% before gradually declining over time. Over-
all, each intervention contributes to delaying and lowering the infection 
peak, effectively flattening the curve in successive stages. However, 
this strategy also prolongs the duration of the epidemic, extending the 
period during which the disease remains present in the population.

In the mortality plot, the results exhibit some variability, as the 
absolute number of deaths remains relatively low and small fluctuations 
can significantly affect the outcome. This variability is particularly 
evident in the simulations with a 60-day lockdown, where some runs 
show higher mortality and others lower mortality compared to the no-
lockdown scenario. Therefore, while the differences between strategies 
are evident, they should be interpreted with caution.

Now, we validate the epidemiological behavior of the model by 
analyzing the evolution of the SEJIRS compartments over time. Fig.  4 
reports the percentage of individuals in each class, averaged over six 
simulation runs.

The results exhibit the expected dynamics of compartmental epi-
demic models. The infected population (class 𝐼) follows a typical 
growth-and-decline pattern, reaching a peak before rapidly decreasing, 
while the susceptible (class 𝑆) and recovered (class 𝑅) classes show 
complementary trends. Although short-term fluctuations are present 
due to the stochastic nature of the model, the overall trends remain sta-
ble and clearly identifiable when observed over longer time scales. Af-
ter the peak, the system gradually approaches a steady state, with most 
compartments stabilizing and transitions between classes becoming less 
pronounced.
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Finally, the impact of the Same Province Percentage (SPP), with 
0 ≤ 𝑆𝑃𝑃 ≤ 1, is evaluated. This parameter represents the fraction 
of individuals whose daily movements remain within their province of 
origin. So, 𝑆𝑃𝑃 = 0 corresponds to a population that moves between 
provinces every day, while 𝑆𝑃𝑃 = 1 models complete isolation be-
tween provinces. This parameter provides a flexible way to represent 
different spatial granularities, from highly interconnected regions to 
fully separated areas, such as neighborhoods or small communities.

Fig.  5 shows the results obtained for different values of 𝑆𝑃𝑃 . Com-
pared to other parameters, its effect on the epidemic dynamics is more 
moderate. In general, higher values of 𝑆𝑃𝑃  tend to reduce the number 
of infected individuals, as mobility between provinces decreases and 
opportunities for cross-area transmission are limited.

Overall, the results suggest that limiting inter-provincial movement 
can contribute to reducing disease spread, although its impact is less 
pronounced compared to behavioral or policy-driven interventions.

5. Conclusions

This work investigated the application of P systems to the simulation 
of infectious disease dynamics. The main objective achieved was the 
combination of two key aspects, behavioral management and infection 
diffusion complexity, into a single coherent framework.

A major strength of P systems lies in their natural support for 
parallel computation, which facilitates efficient large-scale simulations 
while preserving modularity and adaptability. However, it is important 
to note that this parallelism is not exploited in the current imple-
mentation of TEAM, which relies on a sequential execution of the 
model. In this work, several features were implemented to generalize 
the model to various epidemiological scenarios. Among these are the 
dynamic configuration of provinces and place membranes, the Same 
Province Percentage (𝑆𝑃𝑃 ) parameter, controlling mobility patterns, 
and parameters such as the Prudence Parameter (𝑃𝑃 ) for behavioral re-
sponses, and optional inclusion of ICUs, and viral-load-based infection 
dynamics.

These features allow TEAM to reproduce complex disease dynamics, 
including the effects of individual awareness, government interven-
tions, and structural healthcare components. A graphical interface was 
also developed to ensure usability and support further experimentation.

Simulations were conducted under a range of settings: 25,000 in-
dividuals, 12 provinces, and different day durations, where behavioral 
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Fig. 5. Validation against SPP. Variation in time of susceptible (a), prevalence (b), recovered (c) and deaths (d) according to different values of the parameter 
SPP.
elements and lockdowns were tested. The results were confirmed about 
(𝑖) the relevance of parameters like 𝑃𝑃  and 𝑆𝑃𝑃  to shape the observed 
dynamics, (𝑖𝑖) the evolution of the epidemiological compartments dur-
ing the simulation runs, and (𝑖𝑖𝑖) the cruciality of confinement interven-
tion to significantly impact infection spread. The above validates the 
model’s potential as a decision-support tool. Regional data, particularly 
from Lombardy and Veneto, were employed in two different tranches of 
validation,4 confirming the system’s ability to reflect realistic epidemic 
curves.

To further enhance the model’s realism and adaptability, several 
research directions are envisaged. Parameters related to prudence, 
infection dynamics, daily schedules, and mobility across place mem-
branes were calibrated specifically for some regions of the Italian 
context, as mentioned. It has been our starting point, given the avail-
ability of detailed datasets. A natural next step will be to test the 
simulator on other countries and contexts, to increase its generalization 
and confirm that the included variables can capture diverse population 
behaviors.

Another relevant direction concerns the refinement of the infection 
dynamics. In particular, future work could explore alternative formula-
tions that decouple symptom progression from viral load dynamics, in 
order to better align the model with current clinical understanding.

Demographic factors such as births and non-disease-related deaths 
could be integrated, which would allow for more realistic long-term 
simulations, accounting for population turnover. Improvements of com-
putational performance could also be achieved by parallelizing the 

4 A project carried out across two theses, both available at https://github.
com/francireiff/TEAM: (𝑖) S. Erba, Covid-19 infection inspired diffusion dynam-
ics: Generalization of a membrane-based simulator, MSc Thesis, Department of 
Computer Systems and Communication, University of Milano-Bicocca, 2025 
and (𝑖𝑖) F. Reiff, A Membrane System Simulator for Covid-19 Infection Diffusion, 
Bachelor Thesis in Bioinformatics, Department of Informatics, University of 
Verona, 2025
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simulation, enabling faster execution, especially in large-scale or long-
duration scenarios.

Regarding the Prudence Parameter, while its current formulation 
as a high-level simplification is effective for modeling purposes, a 
deeper behavioral and sociological refinement could substantially in-
crease the realism of the simulations without additional computational 
complexity. A promising direction for future work is the development 
of a lightweight database that collects country-specific indicators and 
suggests plausible values – or ranges – for 𝑃𝑃  and similar behavioral 
parameters. Such an extension would enhance the model ability to rep-
resent diverse populations and improve its applicability across different 
epidemiological and cultural contexts.

Incorporating seasonal variations, such as changes in behavior dur-
ing holidays or colder months, would improve the accuracy of infection 
and mobility patterns. Further differentiation of household structures, 
for instance by modeling single-person homes or student residences, 
could refine transmission dynamics within domestic environments.

The expansion of place membranes, including specific environments 
like universities or transport hubs, would support more granular sim-
ulations. Additionally, simulating travel restrictions between provinces 
may offer insights into the effectiveness of regional containment strate-
gies.

Finally, applying optimization techniques or machine learning could 
support parameter tuning and predictive accuracy, while testing the 
model against data from different infectious diseases would assess its 
generality, flexibility, and robustness.

Although the current model incorporates several real life features 
and enjoys reliable dynamics and good simulation performance, we 
are aware that our analysis of the infection diffusion remains primarily 
qualitative and scenario-based. Future developments in this direction 
will focus on enhancing analytical rigor through systematic sensitivity 
analyses, ensuring that conclusions are robust across a broader range of 
parameter spaces and not overly dependent on specific initial settings.

In conclusion, TEAM combines epidemiological depth and behav-
ioral flexibility, providing a strong foundation for further research in 
disease modeling and public health management strategy.

https://github.com/francireiff/TEAM
https://github.com/francireiff/TEAM
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Data availability

The source code of the simulator, together with the scripts used to 
generate the figures presented in this work, is publicly available (F. 
Reiff and S. Erba, TEAM: Transmission of Epidemic Among Membranes, 
GitHub repository, 2025. Available at: https://github.com/francireiff/
TEAM). The exact version of the code used for the experiments corre-
sponds to commit d5234e5, dated 23/04/2026. All simulation outputs 
used to produce the figures (in CSV format), as well as the script
plot_generator.py used for data visualization, are included in 
the repository. Simulations are configured through the GUI, which 
automatically generates a text file containing the full list of parameters 
and their values for each run. A baseline configuration file, called
baseline_simulator_parameters.txt, is provided, contain-
ing the default set of parameters used across all simulations. For each 
experiment, only a subset of parameters (e.g., 𝑃𝑃 , 𝑆𝑃𝑃 , and lockdown 
schedules) is varied, while all other parameters remain unchanged. 
Input data for regional calibration (e.g., Lombardy and Veneto) were 
obtained from the Italian Civil Protection Department repository, ac-
cessed in 2025. All experiments were performed using Python 3.12.3 
within a virtual environment. The required dependencies are listed in 
the requirements.txt file included in the repository. Results are 
obtained from multiple simulation runs using different random seeds 
(1, 2, 3, 42, 999, 1234). The provided data and scripts allow full 
reproduction of the figures presented in this work.
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