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Abstract
Even treatable and preventable with medication, tuberculosis (TB) continues to infect and cause deathsglobally, especially in the poorest countries and in most vulnerable areas of the rich countries. Given thissituation, the study of the growth curve of Mycobacterium tuberculosis, which causes tuberculosis, can be astrong ally against TB, helping in the development of new drugs or for the development of the theory. Thispaper describes a study of the Mycobacterium tuberculosis growth curve and it aims to test hypotheses ondata obtained by agent-based simulation with the population mean observed in an experiment in vitro. Thetested hypotheses compare the mean of experiments for the �rst hour of the day. The tests were performedusing the Student distribution. We believe that our approach, that use agent-based model, could reproduce
Mycobacterium tuberculosis growth curves.
Key words: Tuberculosis; Agent-based Simulation; Hypothesis test
Resumo
Mesmo tratável e evitável com medicação, a Tuberculose (TB) continua a infectar e causar mortes em todo omundo, especialmente nos países mais pobres e nas áreas mais vulneráveis dos países ricos. Diante dessasituação, o estudo da curva de crescimento do Mycobacterium tuberculosis, causador da tuberculose, pode serum forte aliado contra a doença, auxiliando no desenvolvimento de novos fármacos ou no desenvolvimento denovas teorias. Este artigo descreve um estudo da curva de crescimento Mycobacterium tuberculosis e tem comoobjetivo testar hipóteses sobre dados obtidos por simulação baseada em agentes com a média populacionalobservada em um experimento in vitro. As hipóteses testadas comparam a média de experimentos para aprimeira hora do dia. Os testes foram realizados usando a distribuição de Student. Acreditamos que nossaabordagem, que usa o modelo baseado em agentes, reproduz as curvas de crescimento do Mycobacterium
tuberculosis.
Palavras-Chave: Simulação baseada em agentes; Teste de hipótese; Tuberculosis

1 Introduction

Tuberculosis (TB) is a major public health problem,a�ecting predominantly low and middle-incomecountries, developing among immigrants, poorestand vulnerable parts of high-income countries

(Lönnroth et al.; 2015). According to Burgos andPym (2002) Mycobacterium tuberculosis, which causestuberculosis, is one of the most successful bacterialpathogens in the humanity history.
A report published in 2015 by the World HealthOrganization (WHO; 2015) estimates that in the year
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2014 were 9.6 million new cases of tuberculosis(TB) and 1.5 million deaths, and together HIV virus,tuberculosis presents one of the biggest causes ofdeaths from infectious diseases.
Therefore, the study of Mycobacterium tuberculosisgrowth curve becomes extremely important, becausethis study will test behavior hypotheses in cases ofenvironmental stress (Voskuil et al.; 2004), verifybacillus drug reactions and help to develop newones (Andries et al.; 2005). For these objectives,growth curve are important not only to determine itsdynamic but also sampling bacteria in di�erent phaseof growth to determine its behavior variation duringthe growth. However, the tuberculosis bacillus hasa very slow rate of population growth, form clumpsto grow and requires enrichment medium. Becausethis behavior, in vitro experiments are very costlyand need the maximum of tools in order to rationaldesign of the studies involving the growth curve andsampling of the bacteria.
Multi-agent systems, a �eld of arti�cialintelligence, enables, by means of their tools,to simulate behavioral rules of a systemcomputationally. For Garcia and Sichman (2005),"Agents are computer characters that act accordingto the program set, directly or indirectly, by a user.They can act alone or in communities, traineesmulti-agent systems ".
Many measurable phenomena present in naturehave probability distributions similar to someprobabilistic models. Often, these models are used torepresent the probability density function of randomvariables. Probabilistic models are useful in manyreal situations, to make the variable predictions studyand assist in decision support. It is believed thatthe main variables that model the Mycobacterium

tuberculosis bacillus growth curve also resemble aprobabilistic model.
The main goal of this work is to model thetuberculosis growth curve, using agent-basedsimulations, where the values of some variables aredrawn from probability distributions, thus makingthe system developed more similar to real systems.Finally, to test the similarity of the obtained growthcurves, we performed hypothesis tests. The purposeof these tests is to provide a methodology forverifying whether sample data provide evidencesupporting a formulated statistical hypothesis or not.The test was used to test the null hypothesis that themean of the populations used to generate samplesby agent-based simulation is equal to the populationmean obtained in in vitro experiment, we used t test.
The paper is structured in 6 sections. In Sections2 and 3, respectively, there are a theoretical basisfor the work and some studies on bacterial growth.In section 4 is presented the proposal of the work:a modeling of the growth curve for Mycobcterium

tuberculosis using agents. The Section 5 presents thegraphical and numerical comparison using in vitroexperiment data for comparison. Finally, in Section6, we present the main contributions and the furtherworks

2 Background Literature

2.1 Growth Curve Bacterial

When a bacterium is inoculated in a medium thatcontains all the nutrients necessary for its survival,the bacteria tend to duplicate. Initially, it adjusts tothe new environment (lag phase) until it can beginthe process of division regularly (exponential phase/log phase). When growth become limited, the cellsstop dividing (stationary phase), until �nally theydie for the saturation of environment (Todar; 2013).These phases as shown in Fig. 1.

Figure 1: Growth curve and its phases (Todar; 2013)

• Latency phase: Immediately after inoculation,the population temporarily remains unchanged.Although there is no apparent cell division,the bacteria can be grown in mass or volume,synthesizing enzymes, proteins and RNA;• Exponential phase: After the adaptation, theyrapid growth and consume the maximum amountof nutrients from the environment, also in thisstage release wastes and chemical signalingmolecules in the environment;• Stationary phase: After increasing populationgrowth, the bacteria begin to decrease dueto saturation of available nutrients, wasteaccumulation in the environment and the lack ofspace. In this stage, they enter dormancy stagewhere saving energy to increase the time survival;• Decrease phase (death): The last phase of the curveis the death, where they begin to die for lack ofnutrients.
2.2 Growth Curve to Mycobacterium

Tuberculosis

Von Groll et al. (2010) standardizes a method fordetermining the growth curve based on a system thatobtains the bacterial growth by monitoring the liquidmedium by means of an oxygen sensor which emits�uorescence. Growth curves were generated by theMGIT (Mycobacteria Growth Indicator Tube). Thedata are for the strains that originate in di�erentgeographical regions and they are resistant todi�erent drugs, according to Tab. 1.
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Table 1: Used strains and their source
Strains identi�cation Source

GC 01-2522 GeorgiaGC 02-2761 BangladeshGC 03-0850 GeorgiaGC 03-2922 GeorgiaH37Rv ATCC

For each of the strains was made one experimentwith the same solubility. The monitoring wasconducted for 25 days and every time the equipmentbacterial growth medium, the growth expressed asgrowth units (GU).However, this method does not allow to know howlong the bacteria remained in the stationary phaseor the rate of population decline in the death phase.This is because the measurement comes from themetabolic activity of the bacteria, and therefore canonly be monitored if there is population growth.In this paper, we have as hypotheses that, for eachtime, the simulated model can be useful to representthe model of Von Groll et al. (2010), i.e., the nullhypothesis is that the population mean of simulatedmodel is equal to the value observed in the in vitrotests. To do these analyses, we have used just one in
vitro experiment, because this procedure has a highcost and demands a long temp to be completed. Inthis way, it is not possible to do more observations.
2.3 Agent-based systems

The conventional simulation is one of the more viabletools available to project, plan, control and evaluatenew alternatives/changes to real world. To use thecomputational simulation, we need software’s torepresent the functions of the real world (Rebonatto;2000).According to Azevedo and Menezes (2006), theuse of computational simulations is very appropriateto describe real systems, because the simulationtries to reproduce a real situation arti�cially, wherehypothesis could be verify without risks.One type of simulation is the agent-basedsimulation. In this type of simulation is possiblerecreate a population of a real system, where eachindividual of this population is represented by anagent and each agent has a set of speci�c rules tode�ne its behavior, its interactions with other agentsand the environment where it is inserted (Colellaet al.; 2001).In agent-based systems, a real phenomenonis decomposed in a set of elements and theirinteractions. Each element is modeled as an agentand a general model is the results of all interactionsbetween the agents. Strack (1984) apud Adamatti(2011) reports that the simulation could be divided inthree steps:
i. Modelling Step: build the phenomenon model;ii. Experiment Step: apply variation in the builtmodel, changing parameters that in�uence in theresolution process;iii. Validation Step: compare the simulated datawith real data, to analyses the results.

To simulate computationally a real problem, it isnecessary a rigorous study to be able to abstract allvariables and relationships that de�ne the model.This study is usually done through observation andanalysis of the real phenomenon.Capturing all of the components of the simulationmodel is not an easy task and the higher the numberof variables and more detailed the model to besimulated, the greater the computational work.After de�ning the model and done the simulations,the results are compared with those observed innatural phenomena, in order to evaluate theirequivalence, i.e., the similarity with the reality.The choice of agent-based simulation to modelof Mycobacterium tuberculosis growth curve wasdone because the need for integration of di�erentbehaviors among the agents, the dynamism that thiskind of modeling can enable, such as the interactionbetween agents, the interaction between agents andenvironment, and the �exibility to do modi�cationsand extensions in the model.

3 Related Works
With computational advances it became possibleto analyze social and economic systems throughsimulation studies, including the agent-basedmodeling. Terano (2011) says that the simulationmethod based on agents is very important, sinceit can produce results without assumptions unlikeconventional approaches.Since most of the time it is not feasibleto experimentally test all possible hypotheses,modeling and simulation can reduce laboratory time-consuming work and assist in property research. Inthis way, a wide variety of agent-based structuresis currently available. Each one of these provides adi�erent set of features in order to allow e�cientsimulation of certain types of systems.Gopalakrishnan et al. (2013) used an agent-basedmodel to investigate the role of potential bacterialvirulence in surgical site infections (SSI). For thisauthor, the dynamic representation of knowledgethrough computational modeling and simulationcan increase traditional research studies, generatingand instantiating new hypotheses, integratinginformation and �lling gaps in the current knowledgebase. In his work the author creates an environmentthat reproduces the dynamics of healing in surgeries(Muscle Wound agent-based model - MWABM). Thedeveloped environment simulates the interactionbetween the cellular and molecular mechanisms ofwound healing and contaminating bacteria. To studySSI, the simulated bacteria were added to theMWABMbase. The rules that govern many types of cellularagents were created, according the literature. Theexecution of MWABM involved repeated iterations("stages") where the computational agents interactwith other agents and their environment. MWABMwas used to identify threshold zones that marked thephase transition between healing and non-healingand abscess formation, with a speci�c emphasison the di�erence between healing, the presence ofavirulent bacteria and the presence of bacteria withvirulence potential.Until now, the focus of agent-based approaches
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to the study of bacterial population growth has todevelop models that can accurately replicate knownresults and understand how these are a�ected bydi�erent behaviors within a bacterial population(Gorochowski et al.; 2012). One of the �rst studies inthis area was developed by (Kreft et al.; 1998), wherethey created a simulator based on individuals torepresent the bacterial growth dynamics, the Bacsim.The authors created agents with generic behavioralrules for bacterial cultures, with the intention thatthe model presented serve as a basis for the studyof growth in di�erent bacterial colonies. The agentspresent in the model absorb nutrients and therebygain cell mass as well as produce waste in theenvironment.When they reach a certain threshold, agentsreproduce (mimicking the process of cell division).Each agent spends a �xed amount of energy inorder to maintain its metabolic activities, and ifthe nutrient intake is less than necessary for thismaintenance, the agent will lose cell mass. After acertain threshold, the agent dies, and its cell mass isreintegrated into the environment with a percentageof utilization as part of the substrate.Other work that used agent-based simulation torecreate bacterial growth was that of Werlang et al.(2013). The author describes a model to growthcurves of Mycobacterium tuberculosis based multi-agent systems. For the author, the study of thisbacterium is very important as it allows the studyof characteristics and the development of new drugs.The performance of experimental tests with thisbacillus are slow, taking at least three weeks to showsome result, and often fail because of contaminationor dehydration means.In the model of Werlang et al. (2013), agents thatrepresent bacteria have di�erences characteristics,and these are extremely important for agents torepresent their roles in the environment and tointeracting with it, similarly as to Mycobacterium
tuberculosis bacteria would interact in their naturalliving environment. The author reports that theresults were very satisfactory and the curves foundreached a very close similarity to the real curves.Finally, the author also points out that the model isuseful as it enables the testing of hypotheses in somehours in opposition to those carried out in vitro whichwould take days.

4 Growth Model Curve Of
Mycobacterium Tuberculosis

When the growth curves are obtained by MGIT, theinformation that these curves present are the productof several factors of population dynamics. Therefore,it is not possible to extract isolated information, suchas: how much they consume or how much fail toconsume after reaching environmental saturation, orthe proportion of signaling molecules are required toenact the saturation.Considering these circumstances, it is necessaryto infer how many are the variables that a�ect thepopulation growth, using just the observation of theresults.To simulate the population dynamics we usedNetlogo (Wilensky; 1999) programming environment.

The agents based model implemented simulates anenvironment where agents represent Mycobacterium
tuberculosis.The model agents have speci�c rules of behavior,which are modeled as variables of the agents. Theserules are essential for them to represent their role inthe environment and how they interact.The simulation has the time division: the tick.Every tick, the agents perform one or more actions.These actions are modeled by functions set out inthe model, as follows: feed, continue signals andreproduce.As many measurable phenomena present in oureveryday lives tend to be distributed according tosome probabilistic theoretical models, there is apossibility that the main variables that growthcurve of Mycobacterium tuberculosis model can alsobe distributed as normal model.Howmany random variables biological �t a normaldistribution (Callegari-Jacques; 2003) , i.e., thecentral values are more frequent and extreme rarer(very low values as infrequent as very high). It wasassumed that the model variables also are distributednormally.Agents are inserted in an environment that isshared by all. In this environment, they �nd thenutrients needed to survive and deposit the wastefrom their metabolism.Each space in the environment is called patch.In each patch, there is a number of nutrients andwaste. Nutrients are used by agents throughout thesimulation to keep their vital functions active andaccumulate energy. The waste is deposited by theagents after the metabolization of nutrients.As in vitro experiments, that are performed in thelaboratory, where a number of bacteria are inoculatedinto a container, the model initialization is done witha number of agents in the environment.Agents receive di�erent values for each variable.The set of possible values have di�erent probabilitiesof occurrence, a characteristic of normal distribution.When an agent is generated, its variables receivesimulated values of the distribution used.Fig. 2 shows the agent’s life cycle, clarifying theactions and decisions they must take every tick.After the start of the simulation, the agents beginto move in the environment to search for nutrients.However, in the beginning, they only main is survival,which they are adapting to the environment, andtherefore unable to reproduce. This same behavior isobserved in vitro experiments that the bacteria needa certain time to adjust their metabolic functions tothe new habitat.Later this adaptation time, the agent startsto perform normally all its functions, includingreproduction. It consumes nutrients and thentransform them into energy, which will be depositedin its reservation to indicate how healthy it is and tokeep active vital functions.Each agent of the model has a di�erent time toreproduce. This time indicates the amount of energythat the agent should have available in its energyreservation to perform the reproduction function.In this way, the energy is a limiting factor forreproduction.There is an amount of energy tomaintain the agentalive at each cycle. If it consume less than necessary
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Figure 2: Flowchart of agents lifecycle

to maintain its metabolism, it will start spendingpower of its reserve in order to survive and the endof this reserve will take its death.When there is accumulation of waste in patches,the agents have di�culty absorbing nutrients,because it becomes more di�cult to agents survivein a very saturated environment.Another aspect in the curve modeling is thebacteria sensor. This variable determines how manyagents in the environment will reach the saturationsituation. When this threshold is reached, the agentsrelease a signal molecule, called quorum sensing, thatwarn others that the environment is full. Accordingto Whitehead et al. (2001), this process occurs whenthere is awareness of high cell density, allowing theentire population initiate an action, once the criticalconcentration was achieved.The main action in the proposed growth model isthe decision to reduce consumption. Once the agentperceives the situation of saturation, and release asignal molecule, it enters reduced power state, whichconsumes less nutrients, and it generates less wasteand reproduce less.Reduced consumption is a boolean variable thatcan only receive two values, true or false. Oncethe real consumption is reduced, the bacteriareduces the quantity of nutrients that will absorbthe environment by tick and also decreasesproportionally to the amount of energy required tokeep it alive.In the model initialization, all agents have falsevalue for reduced consumption and it just getstrue value when the agent detects a signi�cantnumber of agents or signals in the environment.This information is stored into the variables, sensorsignals or sensor bacteria.Reducing consumption of nutrients and energy tomaintain vital functions agent aim to make it growless, and so can survive longer in the environment.
4.1 Model Implementation

After de�ning the population dynamics, the next stepwas to implement the model in NetLogo (Wilensky;

1999). Through user intervention, it is possiblecon�gure some environmental parameters, such asthe initial number of agents and the amount ofavailable nutrients. Fig. 3 shows the model interfacecreated and its variables.

Figure 3: Interface of developed model

Each of the simulated strains have di�erenttimes to start its phases. Thus, each receivingdi�erent values for the variables. To not create �vesimulations for each of them, a device in which the�ve simulations can be run on the same code. Justchoose the strain to be simulated and start it inCepa_name button.
The results obtained by Von Groll et al. (2010)represent the growth curves of Mycobacterium

tuberculosis in only two stages, the adaptation and theexponential phase. In order to facilitate comparisonsbetween real growth and simulated, a key has beencreated that enables the user to simulate curves withthe same stages of growth, i.e., it is detected that thecurve is not growing, the simulation is terminated.See more details about this model in Moraes et al.(2017).
4.2 Values interpretation

The curves from the MGIT express the result inunits growth (GU). Therefore, an arbitrary measureof equivalence becomes necessary GU relates to thenumber of simulation agents. In the model developedwas used an agent to represent every two GUs.
The growth curves of Fig. 4 were obtained byVon Groll et al. (2010), using MGIT, with growth inGUs and time in days. However, in the �gure, growthwas expressed in number of agents. The equivalencebetween GUs and agents was 20.000 GUs for 10.000agents.
Using the same idea, an equivalence was alsoobtained for the growing time. As the experimentalcurve expresses the results by the day, and as seen inthe simulation proposed model is temporal divisionticks, the equivalence of 260 ticks for each daysimulation was used.
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Figure 4: Real growths represented by agents

5 Results
This section presents the results obtained after theimplementation of the proposed model. Initially, itpresents the curves generated by the model with thereal data (in vitro). In a second step, the validationshowing some data and hypothesis tests.Fig. 5 shows the results generated for all strains.Generated values were obtained by the averaging of50 simulations for each of the strains (continuousline). The gray shaded area represents the standarddeviation.The standard deviation is an indicator of greater�exibility with respect to possible curves to begenerated, noting that the higher standard deviationthe lowest the robustness level (stability) of themodel. The graphs of Fig. 5 are composed from twogrowth curves: the dotted line represents the realcurve data and continuous curve is the simulateddata curve.
5.1 Model Validation

The proposed model has been tested in order to bevalidated. The graphic results and numeric resultspresented in the previous section were compared withreal data obtained by (Von Groll et al.; 2010). To do thecomparison it was necessary to convert the simulateddata. The ticks were converted to days and the agentsnumber for Growth Units. Remember that each dayis equals to 260 ticks, and each agent represents twogrowth units.Various parameters settings were tested. Theseadjustments allowed the behavior of the simulatedgrowth curves to be reproduced with a relativelysimilarity to the real growth curves.By analyzing the obtained data, it is clear that someof them represent better the beginning of growth;others the growth medium; and most of them canrepresent faithfully the end of growth. In this way,we cannot conclude that got better representationviewing only graphics.To do a comparison more precise between the realgrowth curves and the simulated curves, we did somehypothesis tests using Student’s test (t-test).The tests were executed in R software, through the

t.test function, at a signi�cance level of 1%. The levelof signi�cance is the maximum allowed probabilityfor the test statistic to fall in the critical region whenthe null hypothesis is actually true. The functionreturns the value of the t-statistic, the number ofdegrees of freedom, the corresponding p-value, andthe con�dence interval. The p-value is the probabilityof obtaining a test statistic value that is, at least,as extreme as that representing the sample data,assuming that the null hypothesis is true.The t-tests were performed for every �rst hour ofthe day from the tenth day. From the �rst to ninedays, it was not possible to perform them due to thefact that no experiment showed population growth,which characterizes a similar behavior in these 9 �rstdays, considering the adaptation phase, presented in
in vitro experiments.Tables 2, 3, 4 and 5 show the null hypotheses(µ in GU’s) evaluated for each of these days andthe respective values for the sample mean (withoutGU’s), sample standard deviation (without GU’s), teststatistic, p-value and con�dence interval (in GU’s)of 99%.For GC 02-2761 and GC 03-0850 strains, fromthe 10th to the 13th day, p-values lower than thelevel and signi�cance were adopted (0.01), indicatingan evidence contrary to the null hypothesis, sincethese results suggest that the observed result is veryuncommon to happen when the null hypothesis istrue. On the tenth day, for the GC 02-2761 strain,the result of the sample mean was lower than thepopulation mean indicated in the null hypothesis, thesame did not happen on the 11th, 12th and 13th days.From day 14, however, GC 02-2761 and GC 03-0850strains have p-value results higher than the level ofsigni�cance adopted, so for those days there is noevidence that contradicts the hypothesis Null.The GC 03-2922 strain began its growth one dayafter the others. In this way, the analyzes wereperformed from the 11th day. The p-values resultswere higher than the level of signi�cance from the15th to the 20th day, and therefore, there is noevidence to contradict the null hypothesis for thosedays. In the 16th day, the p-value was very close tothe level of signi�cance (0.01).For H37Rv strain, from the 10th to the 13th, andfrom the 15th to the 17th day, evidence was foundthat contradicts the null hypothesis. For the 14thand the 18th to the 21st day there is no evidence tocontradict the null hypothesis, since the p-value isgreater than the level of signi�cance. However, it isimportant to highlight to the fact that the p-valuefound for the 14th day was very close to the level ofsigni�cance adopted (0.01).
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Figure 5: Simulate Curves of all strain with real data
Table 2: T-test for each day of GC 02-2761 strain

Day Null hypothesis Sample mean Sample standard deviation T-statistic P-value Con�dence interval
10º µ=109 102,60 10,40 -4,23 0,0001097 98,53 a 106,6611º µ=262 337,64 45,60 11,80 1,636e-15 320,41 a 354,8612º µ=750 983,30 156,44 9,26 4,427e-12 915,60 a 1050,9913º µ=2094 2274,00 403,49 3,26 0,002071 2125,86 a 2422,1414º µ=4491 4396,47 760,84 -0,87 0,3869 4105,71 a 4687,2215º µ=7038 6954,66 1023,29 -0,57 0,5682 6565,13 a 7344,1916º µ=8936 9083,15 967,85 1,07 0,2898 8713,95 a 9452,3417º µ=9890 10034,32 764,72 1,32 0,1925 9741,09 a 10327,5418º µ=10194 10235,15 682,02 0,42 0,675 9973,13 a 10497, 1719º µ=10217 10253,74 669,92 0,386 0,703 9996,39 a 10511,09

Table 3: T-test for each day of GC 03-0850 strain
Day Null hypothesis Sample mean Sample standard deviation T-statistic P-value Con�dence interval
10º µ=29 142,91 13,55 57,27 2,2e-16 137,57 a 148,2611º µ=155 315,32 42,64 25,59 2,2e-16 298,48 a 332,1512º µ=628 1088,76 226,95 13,92 2,2e-16 999,81 a 1177,7213º µ=2056 2408,30 464,15 5,20 4,425e-06 2226,38 a 2590,2214º µ=4552 4432,38 863,39 -0,9498 0,3472 4093,98 a 4770,7815º µ=7014 6990,78 1174,60 -0,1349 0,8933 6528,47 a 7453,0916º µ=8897 9080,29 1111,67 1,13 0,2642 8644,58 a 9516,0117º µ=9826 9932,32 888,29 0,8205 0,4161 9584,16 a 10280,4718º µ=10111 10140,11 774,17 0,2578 0,7977 9836,67 a 10443,5419º µ=10139 10163,91 754,25 0,2265 0,8218 9868,29 a 10459,53

6 Conclusion and Further Works

Tuberculosis is one of the oldest diseases, withwide geographical distribution, constituting a seriouspublic health problem worldwide. The study ofgrowth curve of Mycobacterium tuberculosis, whichcauses tuberculosis, enables the understandingof various behaviors of bacilli, such as responseto di�erent chemical agents and environmentconditions. In spite of the behavior of bacillus faceto di�erent conditions still no predict by in silicummodels. Modeling growth curve is a tool allows

better designing studies involving growth curve fromnormal condition of growth and maximizing theanalyses.
This work showes development of a growth curvemodel of Mycobacterium tuberculosis, able to reproducethe real curves given as input. The proposal wasinspired by the work of Werlang (2013), which createdamodel based onmulti-agent capable of representingthe real curves of Mycobacterium tuberculosis with acertain degree of similarity (Von Groll et al.; 2010),which has standardized a method to measure growthpopulation bacillus when placed in a medium. The
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Table 4: T-test for each day of GC 03-2922 strain
Day Null hypothesis Sample mean Sample standard deviation T-statistic P-value Con�dence interval
11º µ=73,5 147,64 10,44 47,64 2, 2e-16 143,45 a 151,8312º µ=198,5 337,63 42, 65 -4, 09 2,2e-16 353, 85 a 388,0913º µ=610,75 917,97 151,12 13,63 2,2e-16 857,32 a 978,6314º µ=1621 1997,02 327,34 7,70 1,071e-09 1865,64 a 2128,4015º µ=3347 3343,31 485,91 -0,0509 0,9596 3148,29 a 3538,3316º µ=5329 5002,33 668,69 -3,27 0,012052 4733,96 a 5343,7017º µ=6789 6597,97 724,96 -1,76 0,08407 6307,02 a 6888,9318º µ=7655 7629,53 621,26 -0,275 0,7846 7380,19 a 7878,8719º µ=7966 8009,80 509,75 0,5764 0,5673 7805,21 a 8214,3820º µ=8014 8079,62 467,70 0,9412 0,3517 7891,91 a 8267,33

Table 5: T-test for each day of GC 03-H37Rv strain
Day Null hypothesis Sample mean Sample standard deviation T-statistic P-value Con�dence interval
10º µ=8 89,31 5,79 98,26 2.2e-16 87,09 a 91,5211º µ=172,5 206,59 20,17 11,82 7,822e-16 198,86 a 214,3212º µ=352 501,12 65,26 15,99 2,2e-16 476,17 a 526,1313º µ= 1070 1162,69 198,74 3,26 0,002023 1086,54 a 1238,8414º µ= 2449 2305,92 396,11 -2,53 0,0148 2154,14 a 2457,6915º µ= 4053 3575,12 573,15 -5,84 4,453e-07 3355,51 a 3794,7416º µ= 5535 4947,53 751, 22 -5, 47 1,577e-06 4659,68 a 5235,3817º µ= 6485 6144,73 766,56 3,11 0,003169 5851,01 a 6438,4618º µ= 6972 6848,73 671,36 -1.28 0,2049 6591,49 a 7105,9819º µ= 7135 7090,55 592,60 -0,525 0,602 6863,48 a 7317,6220º µ= 7176 7125,96 570,70 -0,6138 0,5423 6907,28 a 7344,6321º µ= 7179 7126,55 570,08 -0,644 0,5226 6908,11 a 7344,99

results obtained by Von Groll et al. (2010) enabled toverify the model with more �delity to reproduce thereal curves.The proposed growth curve was modeled usingsimulation based agents.Wooldridge (2009) says thatmulti-agent systems are a powerful and �exible toolfor modeling environmental/social systems, becausethis type of system allows to analyze the behavior ofeach individual, rather than an average behavior ofthem.To make the proposed model more similar to realgrowth model, we proposed that possible values ofthe variables were stochastically distributed, thus,treating the individuality of each agent. We haveas hypotheses estimate the best possible probabilitydensity function of the variables, with the �nalproduct an identical curve, or minimum error whencompared to real data.In order to compare data from agent-basedsimulation with data obtained from an in vitroexperiment, hypothesis tests were performed,because we believed that the developed model couldreproduce Mycobacterium tuberculosis growth curvessimilar to those obtained in an in vitro experiment.In order to do this veri�cation, Student’s t-test wasused, where the hypothesis to be tested was that theaverage for each day should not be di�erent from theaverage obtained in the in vitro experiment.The agent-based model presented satisfactoryresults for most days, and those that do not contradictthe null hypothesis are considered satisfactory. Inour analysis, satisfactory results means that werefound on almost 80% of the days for strains GC 02-2761 and GC 03-0850 and 75% of days for strains GC03-2922 and H37Rv. Also, most of the unsatisfactoryresults occurred in the �rst 4 days analyzed (0th to

13th or 11th to 14th).Considering the results found in the statisticaltests carried out, it is believed to have obtainedsu�cient numerical arguments for the use of theagent-based model developed to simulate growthcurves of Mycobacterium tuberculosis. Therefore, it canbe very useful for checking hypotheses and aidingreal experiments.In this work, we have used data about just onereal experiment. However, it is important, whenpossible, to do more studies with real samples andto de�ne a bigger number of observations to realizethe comparison, to maximize the results.In the proposal of this work, we simulate thegrowth of Mycobacterium tuberculosis consideringnormal growth conditions. Future studies areintended to introduce into the model situations thatoccur “in vitro” experiments, such as the use ofantibiotics and the bacillus resistance at di�erentconcentrations.

Acknowledgements
This research was supported by the Coordenaçãode Aperfeiçoamento de Pessoal de Nível Superior(CAPES).

References
Adamatti, D. (2011). Simulação baseada emmultiagentes como ferramenta em estudosinterdisciplinares, RENOTE 9(1): 1–9.
Andries, K., Verhasselt, P., Guillemont, J., Göhlmann,H. W., Neefs, J.-M., Winkler, H., Van Gestel,



10 | Moraes et al./ Revista Brasileira de Computação Aplicada (2018), v.10, n.3, pp.2–10

J., Timmerman, P., Zhu, M., Lee, E. et al.(2005). A diarylquinoline drug active on the atpsynthase of mycobacterium tuberculosis, Science
307(5707): 223–227.

Azevedo, L. and Menezes, S. (2006). Aprosima-um ambiente na web para resolução cooperativade problemas em simulação multiagente, Renote
4(2): 1–12.

Burgos, M. and Pym, A. (2002). Molecularepidemiology of tuberculosis, European Respiratory
Journal 20(36): 54–65.

Callegari-Jacques, S. M. (2003). Bioestatística
princípios e aplicações, Artmed, Porto Alegre.

Colella, V. S., Klopfer, E. and Resnick, M. (2001).
Adventures in Modeling: Exploring Complex, Dynamic
Systems with Starlogo, Teachers College Press, NY.

Garcia, A. and Sichman, J. (2005). Agentes e sistemasmultiagentes, Sistemas Inteligentes Fundamentos e
Aplicações, 1 edn, Manole, São Paulo, pp. 269–304.

Gopalakrishnan, V., Kim, M. and An, G. (2013).Using an agent-based model to examine the roleof dynamic bacterial virulence potential in thepathogenesis of surgical site infection, Advances
in wound care 2(9): 510–526.

Gorochowski, T. E., Matyjaszkiewicz, A., Todd, T.,Oak, N., Kowalska, K., Reid, S., Tsaneva-Atanasova,K. T., Savery, N. J., Grierson, C. S. and Di Bernardo,M. (2012). Bsim: an agent-based tool for modelingbacterial populations in systems and syntheticbiology, PloS one 7(8): 1–9.
Kreft, J.-U., Booth, G. and Wimpenny, J. W.(1998). Bacsim, a simulator for individual-basedmodelling of bacterial colony growth, Microbiology
144(12): 3275–3287.

Lönnroth, K., Migliori, G. B., Abubakar, I.,D’Ambrosio, L., De Vries, G., Diel, R., Douglas,P., Falzon, D., Gaudreau, M.-A., Goletti, D. et al.(2015). Towards tuberculosis elimination: an actionframework for low-incidence countries, European
Respiratory Journal 45(4): 928–952.

Moraes, M. F., Adamatti, D. F., Borba, A. O., Werhli,A. V. and von Groll, A. (2017). Using probabilitydistributions in parameters of variables at agent-based simulations: A case study for the tb bacillusgrowth curve, Multi-Agent-Based Simulations Applied
to Biological and Environmental Systems, IGI Global,pp. 333–355.

Rebonatto, M. T. (2000). Simulação paralela de
eventos discretos com uso de memória compartilhada
distribuída, Master thesis, Programa de Pós-Graduação em Computação, UFRGS, Porto Alegre.

Terano, T. (2011). Agent-based modeling:Introduction and perspective, in K. Kaminishi,G. Duysters and A. de Hoyos (eds), Proceedings of
the 8th International Conference on Innovation and
Management, Wuhan University of TechnologyPress, Wuhan, China, pp. 1003–1009.

Todar, K. (2013). The growth of bacterial populations,Todar’s Online Textbook of Bacteriology.

Von Groll, A., Martin, A., Stehr, M., Singh, M.,Portaels, F., da Silva, P. E. A. and Palomino, J. C.(2010). Fitness of mycobacterium tuberculosisstrains of the w-beijing and non-w-beijinggenotype, PloS one 5(4): 1–6.
Voskuil, M., Visconti, K. and Schoolnik, G. (2004).Mycobacterium tuberculosis gene expressionduring adaptation to stationary phase and low-oxygen dormancy, Tuberculosis 84(3): 218–227.
Werlang, P. (2013). Simulação da curva de crescimento
do mycobacterium tuberculosis utilizando sistemas
multiagentes, Master thesis, Programa de Pós-Graduação em Modelagem Computacional, FURG,Rio Grande.

Werlang, P., Fagundes, M. Q., Adamatti, D. F.,Machado, K. S., von Groll, A., da Silva, P. E.and Werhli, A. V. (2013). Multi-agent-basedsimulation of mycobacterium tuberculosis growth,
International Workshop on Multi-Agent Systems and
Agent-Based Simulation, Springer, pp. 131–142.

Whitehead, N. A., Barnard, A. M., Slater, H., Simpson,N. J. and Salmond, G. P. (2001). Quorum-sensing ingram-negative bacteria, FEMS microbiology reviews
25(4): 365–404.

WHO (2015). Global tuberculosis report 2015, WorldHealth Organization, Geneva.
Wilensky, U. (1999). NetLogo, NorthwesternUniversity.
Wooldridge, M. (2009). An Introduction to Multiagent
Systems, John Wiley and Sons, England.


	1 Introduction
	2 Background Literature
	2.1 Growth Curve Bacterial
	2.2 Growth Curve to Mycobacterium Tuberculosis
	2.3 Agent-based systems

	3 Related Works
	4 Growth Model Curve Of Mycobacterium Tuberculosis
	4.1 Model Implementation
	4.2 Values interpretation

	5 Results
	5.1 Model Validation

	6 Conclusion and Further Works 

