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Abstract— Agent-Based Models (ABM) have become 

popular as tools for epidemiological simulations due to their 

ability to model real life phenomena at individual entity levels.  

ABM is a relatively new area for modelling as compared to the 

classical modelling methods. Many different fields use agent-

based models including ecology, demography, geography, 

political science and epidemiology. Recently, an abundance of 

literature has presented applications of agent-based modeling 

in the biological systems. In this paper, the authors present an 

agent-based model attempts to simulate an epidemiological 

disease known as Cutaneous Leishmaniasis (CL). The model is 

developed to investigate the ability of ABM in modelling a 

disease that keeps speeding in Libya. The methodology used 

for describing and designing CL model is derived from nature 

of the disease mechanism.  The ABM model involves three 

types of agents: Human, Rodent and Sand-fly. Each agent has 

its own properties, in addition to other global parameters 

which affect the human infection processes. The main 

parameter used for monitoring the model's performance is the 

number of people infected. The model experiments are 

designed to investigate ABM’s performance in modeling CL 

disease. Simulation results show that human infection rate is 

increasing or decreasing dependent on number of sand-fly 

vectors, number of host rodents, and human population 
awareness level.  

Keywords- Agent-based model, CL leishmaniasis, Disease 

modeling. 

I. INTRODUCTION  

Agent based models are a type of computer simulation 

consists of agents that can interact with each other and with 

an environment [1].  ABM includes two elements: “Agents” 

and “Environment.  Agents represent entities in a real-world 

system to be modeled, and they are the main components of 

the agent-based model. The environment the world in which 

these entities "Live" and interact [2].  An agent can be 

anything from an individual to an organization. Each agent 

type performs certain behaviors suitable for the system it 
represents. They will make decisions on what to do and how 

to interact with other agents based on a behavior control 

program [3]. Likewise, the agents may have their own 
attributes. Each agent is given certain characteristics such as 

location on the grid, an age, the ability to move, and any 

other characteristics deemed necessary by the purpose of the 

model [4]. 

 

ABM offers a new way of doing science that is by 

conducting computer-based experiments. ABM is applicable 

to complex systems embedded in natural, social, and 

engineered contexts, across domains that range from 

engineering to ecology [5]. This approach has been recently 

used to overcome the heterogeneity problem and other 

challenges of conventional models. It simulates intricate 
non-linear dynamic relationships between components and 

intuitively maps a more realistic biological system by 

incorporating spatial and stochastic effects in model 

construction. The ABM gives methods that have the ability 

to simulate the processes and their impacts realistically [6]. 

  

Agent Based modeling is a relatively new field of study as 

compared to the classical models. it has grown in recent 

years, and their value is quickly becoming evident in many 

areas.  It was developed for a variety of subjects. It is 

popular in epidemiology. It has been increasingly used in 
spatial epidemiology applications for different diseases [2], 

such as to explore the spread of cholera. This effort 

emphasizes the potential of ABM to explore cholera spread 

in a humanitarian context. The model has the potential to 

assist humanitarian response to outbreaks of illness [7]. A 

multi-agent simulation has been developed to evaluate the 

risk of malaria re-emergence in southern France in 

Camargue. However, by varying the value of exogenous 

biological, geographical or human factors, it allows testing 

hypotheses and scenarios related to disease dynamics [8]. 

 

In addition, the use of agent-based modeling to progression 
in the simulation of natural immune response dynamics to 

what so called L major infection is employed by Dancik and 

Jones [9]. They simulated infection of macrophage by L 
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major infection, as well as the recruitment of so called T 

cells in adaptive immunity response in the presence of 

chemokines, such as IL-8 to delineate underlying cellular 

mechanisms of L. major infection. Results indicated that 

strength and timing of adaptive immune response, resting 

macrophage speed, and transfer threshold of macrophages 
impact parasite load at the peak of infection [9]. 

Indeed, several studies have used ABM to study various 

forms of inflammation, though the modeling of granuloma 

formation in leishmaniasis is in its infancy [9]. Researchers 

have focused their efforts on ABM as an appropriate 

technique for researching the formation of granuloma and 

structure [10]. Moreover, many attempted to apply agent 

based modelling to develop and to simulate the modeling of 

the CL spread, dynamic interactions between environments, 

vectors and hosts have been simulated. Rajabi et. al.  [2] in 

their simulation included a wide variety of socio-ecological 

factors which makes it more realistic. 
  

In this paper,  an ABM has been applied for studying the 
spread of Cutaneous Leishmaniasis disease. The work 
focuses on the development of a model to be applied with 
agent - based modelling in order to simulate infectious CL 
disease progression. The following sections of the paper are 
organized as follows: In Section II, a brief background on  
Leishmaniasis disease was given. In Section III, presents 
ABM implementation for CL. Section IV, illustrates the 
Simulation of the model. Section V, shows the experiments 
and results  and a brief discussion. Finally Section VI, the 
conclusion was reviewed. 

II. BACKGROUND 

Cutaneous leishmaniasis, a vector-borne disease, infects an 

estimated of 0.5-1.0 million people annually in 87 countries 

throughout Latin America, Africa, Asia, and southern 

Europe [11]. CL is the most common form of leishmaniasis. 

There are three sorts of Leishmania which may cause CL L. 
infantum, L. tropica and L. major. Leishmaniasis is a vector-

borne zoonotic disease caused by obligate intracellular 

parasite protozoa of the genus leishmania. The disease gets 

into human population when human, flies and the reservoir 

hosts share the same environment [12].   
 

     The parasite is transmitted to hosts by the bite of an 

insect known as sand- fly using the proboscis. Macrophage 

in the host blood engulfs the promastigotes. Then 

promastigotes turn into amastigotes. Inside the macrophages 

the amastigotes reproduce asexually, then burst out and 

infect new cells [12]. The mastigotes are eaten by a sand-fly 

during a blood meal from the host. These amastigotes inside 

the sand fly transform into promastigotes afterwards migrate 

to the proboscis and can viably infect another vertebrate 

host [12]. The infection results in skin lesions within a few 
weeks.     
    
      From 2007 -2016 cutaneous leishmaniasis were recorded 

a highest rate from September to February (85%) [13]. In 

Libya L. tropica was found mainly in three areas, Murqub 

(27.3%), Jabal al Gharbi (27.3%) and Misrata (13.7%) while 

L. major was found in two districts, in Jabal al Gharbi 
(61%) and Jafara (20.3%) [14]. The vector could not survive 

outside the temperature range of 10 to 40 °C [15]. The 

larvae of sand fly are influence by low humidity and high 

temperature and die if the humidity is less than 33% and 

temperature is high [16]. 

III. AMB IMPLEMANTION FOR CL 

The goals of this study is to look at the spread of an epidemic 
CL, and leading to provide an aiding ways to control it.  This 
ABM model is developed to study the spread of CL and the 
ability to control it using awareness and curing level as well 
as vector and host eliminations.  

The model works to simulate its components in a two-
dimensional grid, which consists of patches represent the 
world where the interactions occur. Iindividual agents are to 
be dispersed arbitrarily throughout this world. The developed 
ABM model makes several important assumptions.  Firstly, 
an agent falls into one of two states: infected or not infected.  
Based on the state into which they fall, agents are able to 
interact with other agents in  neighboring patches to spread 
the disease. Secondly, each agent is given certain 
characteristics, as to be detailed next. Finally, it is supposed 
that the ABM is simulating in an environment that is suitable 
for infections to take place. The presented model is a generic 
model, which can be adjusted to various scenarios. 

The proposed model involves three types of agents: 
Human, Rodent and Sand-fly. Each agent has its own 
characteristics, which will be described in the following 
subsections.   

A. Human Agent 

 The Human agents are created during the setup procedure 
of the model and they are distributed across the patches, 
these properties are shown in table I. Human agents are 
categorized depending on their age, which determines their 
movement activities on the model.  

B. Rodent Agent 

The Rodent agent (an animal) is also represented as an 
agent. This agent has state properties which determine if the 
agent is a host (carrying the parasite) or not as shows in table 
II. At the beginning of each simulation, the disease is 
introduced to some percentage of the Hosts, hence, the 
disease is then allowed to progress to other agents of 
neighboring patches. 

C. Sand-fly  Agent 

Table III shows the Sand-fly agent’s properties. This 
agent is also created during the setup procedure of the model 
and they are distributed at random. In addition, the disease 
could introduce to some percentage of the Sandflies. 
Furthermore, the parasite, that causing the disease, has given 
a specific life time. 

 
TABLE I.      Human Agent Properties 

 

 

Properties Input Output 
Rule 

Description 

1. Age Percentage: Infant, 

child, Adult, Elder 

Number of 

infected 

Percentage/ 

Random 

2.Gender Percentage: 

female 

Number of 

infected 

Percentage 

/Random 

3.State Percentage/Rando

m:  Infected 

Number of 

infected 

Depends on 

vector bite 

 Awareness level state of human 

awareness 

Percentage/ 

Random 
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TABLE II.      Rodent Agent Properties 

 

TABLE III.      Sand-fly Agent Properties 

 

TABLE IV.      Model Parameters 

 

D. Model Parameters 

Despite the fact that each agent has its own properties as 
shown in table IV, this ABM has also global parameters. 
These parameters affecte the infection process as will be 
explained later in details in Experiments section. The multi-
agent system is defined by the general system theory as 
given in equation (1). 

S(t) = {A(t), L(t), N(t)}                       (1) 

Where, S(t) is the system, A(t) is the set of agents, L(t) is 
the environment, and N(t) is interactions network between 
the agents with each other and between the agents and the 
environment.   

IV. SIMULATION 

A. Agent-based Simulation Toolkit 

In this study we have used NetLogo 6.0.2 to implement our 
ABM [17]. NetLogo has programming environment, 
including platform interface, agent types, and programming 
statements. NetLogo is suitable toolkit for developing agent-
based applications because of it has simple programming 
environment, easy implemented tool sets, well-developed 
library model, and well- written documentation support [18]. 

B. Infection Process Implemantion 

The model has a 2D vitalization view, which is updated 
at each time step, so the users can see the interaction between 
the agents during the simulation and how agents update their 
status. Furthermore, the users can see some statistics and 
analysis from the model output and the epidemic curves also.  

After defined all agents, they proceed through a series of 
rules that allow them to interact with each other. The initial 
patches population is considered to be randomly depending 
on several parameters such as:  simulation parameters, 
disease model parameters and agents’ properties. As the 
simulation progresses, agents  undergo certain procedures to 
mimic the spread of an CL epidemic.  The model runs 
through each procedure once each time step. The user is 
asked to provide values for a list of parameters. However, 
NetLogo uses a random number generator to provide pseudo-
random numbers which are determined by the choice of a 
seed at the beginning of each new simulation. All agents 
move one space unit randomly across patches with given 
speed and direction. However, in order to create a model that 
incorporates some of the variation presents in nature we used 
normally distributed random numbers for both the current 
speed and current direction. 

 
As the agents interact with one another, their state will 

change over time. Any agent could be infected or not 
infected. The infection has been modeled if a Human agent 
has met an infected Vector agent within a certain radius. 

Different interaction mechanisms influencing the human 
and vector’ infection dynamics are embedded in our ABM as 
shown in Fig. 1. and Fig. 2. By introducing these 
mechanisms, we avoid a very specific case scenario to some 
extent that would be less valuable for generalizations. 
Moreover, additional mechanisms have been added to the 
model to control awareness and curing level as well as vector 
and host eliminations. These mechanisms are implemented 
through multiplicative parameters which can be controlled 
by the user through the graphical user interface. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.1.   Human Agent Interaction Mechanisms 

  

Parameter Min value Max value Default Value 

Number of human 0 500 0 

Number of Rodent 0 250 10 

Number of Sand-fly 0 500 100 

Awareness-level (%) 0 1 0.5 

Curing-level (%) 0 1 0.5 

Eliminate-sandflies 0 1 0.5 

Eliminate-animals 0 1 0.5 

 

Properties 

 
Input Output 

Rule/ 

Description 

1.State Percentage/ 

random: 

Hosts 

Number of 

hosts 

Random 

movement 

 Number of 

Agents 

  

 

Properties 

 
Input Output 

Rule/ 

Description 

1.State Percentage/ 

random: 

Infective 

(vector) 

 Can be random 

(setup), bite 

infected human 

or host animal 

 Number of 

Parasite-life 

in days 

Reproduce 

vectors 

& maximize 

infected 

human/rodent 

Number of days 

 

Uninfected Human Infected Human

Pass 
infection 

period 

Infected 
based on 
individual 
awareness 

level

Met with 
vector sand-
fly according 

to 
movement 

activity

Recovered 
based on 
stochastic  
recovery 

rate

Yes

Yes

Yes

Yes

No No

No No
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Fig.2.   Sand-fly Agent Interaction Mechanisms 

 

The model that has been implemented in this study is a 

generic model, and all the parameters can be set and 

changed easily through the GUI. Notwithstanding, the 

model must be run with different scenarios to examine how 

each of these parameters affects the outcome. The ability to 

examine dynamically the relationships between the variables 

used to define the model is considered to be one of the great 
capabilities of a model. The ability to explore dynamically 

the relationships between the variables used to define the 

model. Eventually, the users can see the interaction between 

the agents during the simulation, as well as, the epidemic 

curves. 

V. EXPERIMENTS 

Numbers of experiments were conducted to investigate 
the performance of the ABM for modeling a disease such as 
Leishmaniasis. The main parameter considered to monitor 
the performance of the model was the number of people 
infected. Parameters that affected how many humans 
infected during the interval of 20,000 time steps were the 
number of vector sand-flies, number of host rodents, and 
awareness level of the human society. The values of these 
parameters were varied independently during different 
simulation iteration scenarios, that was to investigate the 
behavior of the human infection mechanism with respect to 
each parameter change. 

The variations of sand-fly number and rodent number 
were used to indicate the decay of populations of these two 
agents as a result of elimination activity or climate season 
changes. On the other hand, the variations in the awareness 
level of the human community were used to demonstrate the 
effect of education efforts applied on the threatened 
communities. 

A. Semulation Experiments 

Three main experiments were executed for exploring 
how each of the model parameters affected its outcome, 
which is human infections. For the reason of examining each 
parameter contribution to the model’s behavior, at each 
experiment one parameter would vary while other were kept 
constant.  Figures 3, 4, and 5 illustrate the results of the 
experiments. 

Fig. 3. shows the effect of varying the number of sand-
flies while values of rodents number, awareness level, and 
number of humans were unchanging. The changes in sand-
fly numbers can be considered as a representative of the 
outcome of any control efforts applied to eliminate these 
disease vectors, as well as a representative of decay of sand-
fly population size due to climate and environmental 
variations. As can be seen in Fig. 3. legend, with number of 
human agents set on 100, the number of sand-fly agents was 
experimented to vary as a percentage of the human 
populations size. Therefore, when number of sand-flies was 
1% of human population that meant there was a single sand-
fly in the world, when number of sand-flies was 200% of 
human population that meant there were 200 sand-flies in the 
world, and so on for the rest of percentages. It can be clearly 
seen that the generalized ABM model was able to simulate a 
behavior of human infection rate increase and decrease 
dependently on number of sand-fly vectors. 

The other important factor in human infections is the size 
of the rodent population. Fig. 4. illustrates how could an 
ABM model show the host rodents effect on speed and 
number of human infections. 

To simulate the outcome of host eliminations and active 
presence of rodents, each curve in the figure shows the rate 
of infections at a different size of rodent population. Number 
of rodents is considered as a percentage of human agents’ 
number. In each case, a stochastic amount of the rodents are 

Not Vector

Passed Life 
Period based on 
probability rate

Is around host 
rodent?

Sand-fly bite 
host based on 

probability rate

Parasite 
develops in 

individual sand-
fly depends on 
probability rate

Vector

Dead

Passed Life 
Period based on 
probability rate

Parasite life 
finished based 
on probability 

rate

Yes

Yes

Yes

Yes

Yes

No
No

No

No

No

Yes

No
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set to be hosts. From the figure it is easy to notice how high 
numbers of rodents clearly participate in raped spread of the 
disease among the human population. On the other hand, 
elimination of rodents is presented as a factor for slowing 
down the rate of infections. 

Awareness level of the threatening epidemics is a factor 
can be measured through data and questionnaires collected 
and analyzed at any community’s education sessions. In 
Fig. 5. is a demonstration of modelling human infections in 
response to different awareness levels? The curves display 
human infections as result of awareness level ranging from 0 
present awareness, 50%, 80%, 90%, and 100%. Though a 
100% level of community awareness is not an easy reachable 
limit, ABM techniques have the capability of examining 
extreme parameter values.  

Fig. 6. Shows the infection of human agents where it is 

classified based on age and gender. The parameters given 
here are to differentiate between the human agents in respect 
to activity level of the community. Male and young human 
agents are considered more active than female and infant 
agents, that is in respect of movement towards infection 
environment. This experiments presents an attempt to model 
the vulnerability of the agents according to the level of 
movement activities of the human agents, which simulates 
their chance of exposure to vector sans-flies. 

Fig. 3.   Effect of Sandfly Number on  Human Infections 

 

Fig. 4.   Effect of Rodent Number on Human Infections 

 

Fig. 5.   Effect of Society Awareness Level on Human Infections 

 

Fig. 6.   Age and Gender Parameters in Human Infections 

B. Discussions 

Cutaneous Leishmaniasis is keeping spreading in Libya. 

Controlling such an epidemic disease needs collaborative 

interdisciplinary efforts which are surely the way leading to 

winning the fight against it. Since 1930s cases of CL has 

been recorded in Libya [19], however till today Libyan 

disease control authorities have no accurate data registration 
for CL infection cases nor have any proper model to be used 

for simulations of disease control and eco system balance. 

The work presented in this paper is an attempt to bring 

forward a computing technique that is widely used for 

modelling complex systems contain several interacting 

agents, that is ABM. A system like CL has many elements 

with several factors that are responsible for any infection 

incidence and distribution of the disease. Manipulating these 

factors with an ABM model will facilitate a powerful tool 

for decision makers. 

VI.   CONCLUSION  

Ccutaneous Leishmaniasis is considered one of the major 
diseases in Libya and the rodents and sand-flies are the main 
factors for spreading it. Having an accurate model for such 
an epidemic disease would be a useful tool for studying the 
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effect of any decisions before execution. The work presented 
in this paper provided a design and implementation of 
generalized CL model. Simulation experiments were also 
presented. It was shown that the effect of sand-fly number on 
human infections can be handled by ABM models, and 
experiments presented the epidemic CL disease was slow to 
spread as number of vector sand-flies reduced. Ttherefore, 
the elimination activities of sand fly can be modeled. 
Similarly, the effect of host rodents was modeled and proven. 

It was illustrated that the effect of society awareness level 
on human infections can be monitored in the model. It was 
shown that the higher the awareness level the less the spread 
of the disease among human communities. Society 
awareness can be considered in terms of taking adequate 
health protection against exposure to the bite of sand-flies. 
Therefore, new computing techniques like ABM should be 
considered as tool supportive for the control and prevention 
of epidemiological diseases. 
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