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ABSTRACT
This paper studies the inﬂuence of migrant workers to Tuberculosis (TB) development in Singapore using the agent-based modeling and simulation approach. We incorporate three novel elements: 1) the non-uniform mixing population caused by different culture backgrounds, job types and spatial distance; 2) a TB transmitting network owns both Scale-Free (power law degree distribution) and Small World characteristics (large clustering coefficient and short average distance); 3) the dynamically changing population of migrant workers and local residents. This model is validated by real data. The simulation results reveal the labor exporting country with the greatest inﬂuence on TB transmitting in Singapore, which is an useful reference for policy decision making.

INTRODUCTION
[bookmark: OLE_LINK19][bookmark: OLE_LINK20][bookmark: OLE_LINK11][bookmark: OLE_LINK12]Tuberculosis (TB) is an airborne contagious disease. It could be fatal if patients do not receive medical treatment properly. In 2011, about 8.7 million people fell ill with TB, and 1.4 million people died from TB. TB has become a public health challenge not only to developing countries, but also to developed countries like Singapore (Figure 1), U.K. (Public Health England 2013), U.S. (CDC 2013), etc. Actually, in many large cities in these countries, the annual numbers of cases and deaths caused by TB have been increasing since the mid-1980s (Schneider and Castro 2003), even though these countries or cities have very good medical conditions and control policies. 
[image: C:\MATLAB\R2013a\bin\My-Sm-Network\1-pic-The TB number in Singapore\1.jpg]
[bookmark: OLE_LINK22][bookmark: OLE_LINK28]Figure 1. The new active TB cases among residents of Singapore (2001-2011)
[bookmark: OLE_LINK209][bookmark: OLE_LINK210]	An explanation to this phenomenon is that the rapid influx of immigrants, especially those from high TB prevalence countries, imposes their influence to TB development in these developed countries (Kyi et al. 2011; McKenna, McCray and Onorato, 1995; Talbot et al. 2000; Lillebaek et al. 2002; Cain et al. 2008). The studies on the evaluation of this influence have raised wide interests (Lillebaek et al. 2001; Borgdorff et al. 2000; Dahle et al. 2007), especially for Singapore. Singapore is a multi-cultural immigrant society. Its rapid economic growth in recent decades depends heavily on its immigrant population. Compared to other countries, the immigrants in Singapore show 3 characteristics: 
1) [bookmark: OLE_LINK66][bookmark: OLE_LINK67]The population size reached a surprising number of 1.3 million (2013), almost a quarter of the total population;
2) [bookmark: OLE_LINK70][bookmark: OLE_LINK71]The immigrants are mostly short-term migrant workers. They come and leave frequently, which leads to the difficulties in developing proper TB control policies;
3) Most migrant workers come from several East Asian countries. Some of them are among the highest TB incidence countries ever registered (WHO 2013). 
	Considering these characteristics, an interesting Question is: which labor exporting country has the greatest potential to influence the TB development in Singapore? The answer to this question is important not only to TB situation awareness in this country, but also to the improvement of TB control strategies. 
	In this paper, an Agent-based Modeling (ABM) approach is employed to explore this question. The main content is organized as follows. Firstly, the related studies on TB transmitting between immigrants and local residents are introduced (Section 2). Then the details of the agent-based model employed in this paper are discussed (Section 3). At last, the validation work is discussed and experiment is conducted to give the final result. 
RELATED WORK
Different approaches/models have been employed in the study of how immigrants influence TB development in their host country. 
[bookmark: OLE_LINK42][bookmark: OLE_LINK56][bookmark: OLE_LINK116][bookmark: OLE_LINK117][bookmark: OLE_LINK72][bookmark: OLE_LINK73][bookmark: OLE_LINK211][bookmark: OLE_LINK212]	DNA fingerprint is a biomedical method that can track TB transmitting path by comparing the genes of TB virus. Lillebaek et al. (2001), Borgdorff et al. (2000), Dahle et al. (2007) used DNA fingerprint to find the magnitude of TB transmission between immigrants and local residents in Denmark, U.S., and Sweden. The results showed that the inter transmissions between immigrants and residents are limited in these areas. However, this conclusion cannot be applied to Singapore, considering the huge proportion of immigrants in the total population, as well as the characteristic of quick flowing. Weis et al. (2001) studied the TB transmission between foreign-born people (including immigrants and nonimmigrant visitors) and local born people, finding the nonimmigrant visitors to be an important source of tuberculosis. In spite of high accuracy of this approach, it is difficult to study big group because of its high cost.
[bookmark: OLE_LINK9][bookmark: OLE_LINK10][bookmark: OLE_LINK76][bookmark: OLE_LINK77][bookmark: OLE_LINK85][bookmark: OLE_LINK86][bookmark: OLE_LINK23]	A widely used mathematic approach is SIR model and its extended versions (Kermack and McKendrick, 1932; Bailey 1957; Anderson and May, 1992). SIR model uses differential equations to describe disease transmission between compartmental groups with different disease status, such as Susceptible, Infected, and Recovery. Jia et al. (2008) studied TB transmission between immigrants and resident people using SIR model. The TB transmitting happened inside and between immigrants and resident people is modeled by two set of SIR equations respectively. Zhou et al. (2008) studied TB transmission in Canadian-born and foreign-born populations, and found out that the immigrant LTBI cases have significant influence on the overall TB incidence rate in Canada. However, SIR model has its limitations. The obvious one is that it is difficult to capture the heterogeneous nature of individuals. For example, a default assumption in SIR is that the population is randomly mixed, i.e., each individual has an equal chance to contact with each other. It is not true in the real world. The second is that it is difficult to describe TB transmitting along social network, which is the basic mechanism for infectious diseases to spread. Although Eames et.al. (2008) discussed the integration of social network and SIR model, but the whole system become extremely complex and difficult to resolve.
[bookmark: OLE_LINK87][bookmark: OLE_LINK88]	Recently, ABM approach has received great attention in the study of epidemiology. ABM is a bottom-up (Parunak, Savit and Riolo, 1998) modeling approach in that the individual’s behavior is modeled firstly, and then many individuals together form the macro-system and show the system dynamic. The modelers can build complex interaction systems that are difficult to be described in mathematical equations. ABM is used to predict the spread of infectious disease (Teweldemedhin, Marwala and Mueller, 2004; Amouroux, Desvaux and Drogoul, 2008; Linard et al. 2009), explore the relationships between environments and diseases (Dion, VanSchalkwyk and Lambin, 2011; Auchincloss and Roux, 2008), or help to develop epidemic controlling policies (Barrett et al. 2009; Moore et al. 2009).
	Considering the complexity of the problem, we have strong reasons to choose ABM approach in our study. Firstly, the migrant workers in Singapore is a mixture of people from more than 10 countries. These people own different cultural background and languages. Thus the assumption of uniform mixing is unacceptable. TB transmitting between groups defined by nationalities needs to be modeled. Secondly, the initial TB status of different groups also needs to be configured according to parameters of their own home countries. ABM is the best way to incorporate all these complexities and diversities. 
MODELING
	As a communicable disease, TB can be thought as spreading on a contact network. However, it is difficult, and not necessary accurately, to build a complete network model that is capable of capturing all aspects of contacts among people. In this section, a network model based on social affinity is proposed. Different social features are captured in the definition of social affinity. Additionally, the TB disease development process, the dynamically changing population of migrant workers and their parameters are also discussed.  
TB Transmitting Network
	According to the medical observation (WHO, 2014), TB bacteria spread from person to person in tiny microscopic droplets when an active TB patient coughs, sneezes, speaks, or laughs. Thus the “contact” enables transmission to be defined as fact-to-fact or physical contact, especially those happened in small, confined space, like home, office, vehicles (CDC, 1995; Feske et al. 2011; Read, Eames and Edmunds, 2008). Several factors are considered in the construction of such a network.
	Firstly, the topology characteristic of the network. This would help us to validate the resulting network, and to make sure that it owns similar statistical properties as the real one. Recently, Read et al. (2008) and Salathé et al. (2010) use wireless, embedded communication devices to record face-to-face or physical contact with information of participants and contact time. The records show that the underlying contact network exhibits typical small-world properties.
	Another factor needed to be considered is the degree distribution. Sun et al. (2013) analyzed the daily encounter pattern from the commute records of 2 million people in Singapore, and showed that the degree distribution between those who regularly meet in bus is basically a power law distribution with an exponential cutoff when degree becomes big. Although commuting is only a small part of human activities, it does reflect the daily routine in people’s life. Boguñá et al. (2004) and Newman, Watts and Strogatz (2002) also obtained the similar conclusions about degree distribution in their studies. 
	Finally, social affinity is another key factor to describe the network model. Social affinity is defined by the kinship of spirit, common interest and other interpersonal commonalities between people (Mc Connell and James 1999; Godde et al. 2013). Generally, people with close social affinity are more likely to contact with each other. In this paper, social affinity will be modeled as the indicator to the possibility of contact between agents in the network.
Social Affinity Among Population Groups
Social affinity is a measure of “how close” on social relationship between individuals. Suppose the social affinity is described by  factors (thus forming a -dimensional space), we have: 
 									 	(1)
where  is weight factors, and  is social affinity along the  dimension in the space. According to Boguñá et al. (2004), one formation of  could be:
											(2)
where  is normalized to , and the parameters are:
1) : the ‘distance’ between individuals  and  along the  dimension in space. The computation of  will be discussed later.
2) [bookmark: OLE_LINK3][bookmark: OLE_LINK4] and : deciding the plot shape of . In the -dimension space, multiple  and  compose the parameter vectors  and . 
	In this paper, three important factors (i.e. dimensions) are considered to describe the social affinity between individuals: culture difference, job type and spatial distance.
· Culture Difference
	Culture difference is critical to social affinity between individuals. To model it, the migrant workers in Singapore are divided into groups according to their home countries including: China (including Hong Kong and Macao), Malaysia, India, Indonesia, Philippines, Myanmar, and Bangladesh. These countries are not only the main labor exporting countries to Singapore, but also the top 7 ones that contributed most to new TB cases reported in Singapore. Migrant workers from these countries are denoted as  respectively, and the local residents is denoted as . The “culture difference” between these groups is described by languages and geographical distance between their countries. 
	Speaking same language means that it is easier to communicate between people, i.e., the closer social affinity. The “culture difference” caused by languages can be computed as follow: 
										 (3)
where  and  are the maximal and minimum numbers of languages shared by different groups.  denotes the number of languages shared by group  and . For example, English is the official language both in Singapore and India, thus . If the languages are different but belong to the same family (for example, both Bahasa Indonesia and Filipino belong to the Malayo-Polynesian language family),  would be set a value between .
	The geographical distance between countries is another indicator for culture difference. If the distance between two countries is short, then their people can exchange more easily, resulting in closer social affinity. Without loss of generality, the distance is represented by flight time between capitals of these countries.
									 (4)
where  is the flight time from country  to country , and  and  are maximal and minimum values among all flight times. Combining two factors together, we get the “distance” function of cultural difference:
								(5)
[bookmark: OLE_LINK29]Applying (5) in (2), the social affinity caused by “cultural difference” can be computed, as Fig. 2 shows.
[image: C:\MATLAB\R2013a\bin\My-Sm-Network\2-pic-the group affinity\1.jpg]
Figure 2. The social affinity caused by “cultural difference” between groups. The parameters values: =0.8, =0.2, = 0.3, = 2
· Job Type
	Job type influences the time of coexistence between different people. For example, a “maid” would have closer social affinity to local residents compared to other job types since they have to spend most of their time with the host family. According to the statistic data in (Yue, 2011), three job types are considered here: a) workers in manufacturing and construction business; b) maids; c) service job other than maid, including trade, hotel and restaurant, etc. People in different groups with different job types are indexed by , where  is the index of groups, and  is the index of job types.
	To describe the social affinity associated with job types, a matrix  is constructed in that each element is the possible coexistence time length (hour) between  and  within a single day. For example, a Chinese worker, indexed by , may allocate his/her time in this way: 80% with the co-workers, 19% with service job people, and 1% with maid. Although this estimation is determined empirically, it reflects some intuitions on social affinity caused by job types. We have:
						(6)
	Applying (6) in (2), the social affinity  can be computed.
· [bookmark: OLE_LINK30][bookmark: OLE_LINK37]Spatial distance 
	Among all factors of social affinity, spatial distance maybe the most important one. It comes from the fact that for most people, the members within his “social circles” are often close to him in spatial distance, such as coworkers, friends in school, neighbors, etc. The “distance” function of spatial distance is simply the Euclidean distance:
										(7)
where  and  are positions of individual  and . Applying (7) in (2), the social affinity  can be computed.
	Combining above three factors, the final social affinity is:
					 (8)
where . It should be noted that (1) is amended here to enable “spatial distance” to influence both the “culture difference” and “job type” factors. 
Degree Distribution of the Network
[bookmark: OLE_LINK81]The degree distribution  determines the neighborhood size in a network. According to Sun et al. (2013) and Newman, Watts and Strogatz (2002), for those regularly meet with each other face-to-face (or physically) in their daily routine, the degrees basically follow the power law distribution. This kind of degree distribution is used to describe our TB transmitting network. Eqn. (9) is an approximate function of it:
											(9)
where the parameters ,  and  need to be identifies. It is easier to estimate them in log-log coordinates, as Figure 3 shows:   is the slope of the linear part, , and  can be computed by Eqn. (10):
1											(10)
[image: C:\MATLAB\R2013a\bin\My-Sm-Network\3-pic-the sampling on degree distribution\1.jpg]
[bookmark: OLE_LINK82][bookmark: OLE_LINK83]Figure 3. The degree distribution of Eqn. (9). The asterisks are degree samples. The plot follows power law when  is small, and has an exponential cutoff when  becomes large. The parameters are estimated as: 1.08, 0.3342, 27.
Network Construction Algorithm
In the construction of TB network, the agents are created firstly. Their properties of nationality, job type and position are assigned by random sampling from real distributions. The social affinity computed between any two agents will be used as the probability of contact existence between them. 
	For each agent, its neighborhood size is determined firstly by sampling from degree distribution, and then the neighbors are picked up according to the social affinity distribution. There are contact connections between agent and its neighbors. The algorithm is described as following.
Input:
1) : the specified Network size. Each agent owns a property vector ;
2) : the distribution on nationality groups;
3) : the distribution on job types;
4) : the distribution on position. Assuming ;
5) : the degree distribution.
Output:
1) : the constructed TB network
Local variables:
1) : The table that contains all initial agents after their creation.
2) : The table that contains agents whose neighborhood size has reached to , where  is the degree sampled from .
Start：
1) Create  agents, assign their properties by sampling on ,  and . All agents are put into table  initially;
2) Sample degree values on  for all agents, denoted as ;
3) [bookmark: OLE_LINK51][bookmark: OLE_LINK52]For each agent , do:
3.1) Compute social affinity between  and other agents following Eqn. (8), denoted as .  is normalized and used as the probability to build connections between  and other agents;
3.2) [bookmark: OLE_LINK43][bookmark: OLE_LINK44]Compute the social affinity distribution over groups: ;
3.3) For , do:
3.3.1) Sample once from  to get a group index ;
3.3.2) Compute conditional social affinity distribution over job type: ;
3.3.3) Sample once from  to get a job type ;
3.3.4) Compute the conditional social affinity distribution over position: ;
3.3.5) Sample from  to get a position ;
3.3.6) To find a agent by matching . Assume the index is ;
3.3.7) If agent  satisfies: a) it is not agent ’s neighbor yet; b) it owns less than  neighbors, then agent  is specified as a neighbor of agent , and a connection is built between them. Otherwise, switch to 3.3.1 to re-search the neighbors. 
3.4) Check each neighbor of agent . If the neighbor’s neighborhood has reached the size of degree, then move it from table  to table ;
3.5) Move agent  from  to . Continue neighborhood sampling for agent ;
4) return the close table T;
End

	The network degree distribution follows the power law, which implies that the network is more of a scale-free one. However, the resulting network shows typical small world characteristics, which can be verified by two properties (Wang and Chen, 2003): the clustering coefficient (denoted as ), and the average path length (denoted as ). 
[bookmark: OLE_LINK33][bookmark: OLE_LINK39]	We construct different sized networks to compute  and , as Figure 4 shows. The value of  changes following a power plot. When network size  approaches to 5 million (i.e., the total population of Singapore), . It is a big value for , indicating the case “my friends are also friends with each other” exists everywhere. It is a characteristic of a small world network.
[image: C:\MATLAB\R2013a\bin\My-Sm-Network\4-pic-clustering coefficient data and draw\1.jpg]
Figure 4. The clustering coefficient with different network sizes. Each size is simulated for 20 rounds, and the result is fitted as a power plot: , where =1.17, =-0.4825, =0.4905.
[bookmark: OLE_LINK5][bookmark: OLE_LINK6]	The average path length , also changes following a power plot, as shown in Figure 5. We can predict  when network size approaches to 5 millions. This means that any node in this network can reach to another quickly, which is also a characteristic of a small-world network.
[image: C:\MATLAB\R2013a\bin\My-Sm-Network\5-network path length data and draw\Average_Path_Len.jpg]
Figure 5. The average path length. The data is also fitted as a power plot: , where =60.85, =-0.008396, =-60.51.
The State Transferring of TB disease
There are two kinds of TB cases according to whether showing symptoms: the Latent TB, and the active TB. The former has no symptoms, and is not contagious either. The latter can be transformed from the former type, shows explicit symptoms, and is contagious. The development from a healthy people to active TB patient will undergo several states (Aparicio and Castillo-Chavez, 2009), as Figure 6 shows.


Figure 6. The state transferring process of TB disease
[bookmark: OLE_LINK7][bookmark: OLE_LINK8][bookmark: OLE_LINK15]	State  represents people of TB susceptible. When got infected (with probability ), the susceptible will experience two stages: a) the first 5 years since infection (state ), and b) the Latent TB stage () where infection time 5 years. In both stages, there are risks for people to progress to active TB. In  state, the risk () is high but exponentially declines with time. In  state, the risk () will be at a low level and almost unchanged. As a result, the infected people will be firstly moved into state , and stay there for 5 years. During this period, they either progress to active TB, or become Latent TB. 
[bookmark: OLE_LINK100][bookmark: OLE_LINK101]	Although the risk is low, individuals at stage  still have a chance to become active TB for many reasons, for example, weak immunity caused by ages or other diseases (endogenous reason), or being exposed to active TB and getting re-infection (exogenous reason). The former is described by arrow from  to  or , with probability . The latter is described by arrow from  to , with probability , which is the same as the probability of infecting a susceptible. From state , the individuals may further become active TB with probability . 
[bookmark: OLE_LINK25][bookmark: OLE_LINK26][bookmark: OLE_LINK27][bookmark: OLE_LINK13][bookmark: OLE_LINK14][bookmark: OLE_LINK54][bookmark: OLE_LINK55][bookmark: OLE_LINK49][bookmark: OLE_LINK53]	The active TB can be classified as pulmonary TB () and extra-pulmonary TB (). Pulmonary TB is infectious and extra-pulmonary is not. The percentage of pulmonary TB among all active TBs is denoted as , which takes different values in different countries. For example, 85% in Singapore, 96% in China. It is reasonable to use  and  to describe the proportion of active TBs who enter into  and  respectively.
	 or  individuals may be reported to medical systems with probability  to receive medical treatment (state ). The recovery probability is . For TB disease, it is difficult to confirm if the bacteria is completely gone even the patients get recovered. So the recovery individuals would go back to state , indicating that the TB bacteria persists in an immunologically-controlled state.
	The mortality is considered in this process. The per capital natural death rate is , and the per capital TB induced death rate is . When the individuals are ,  and , the death rate will follow , otherwise, follow . 
	The new incoming migrant workers will initially fell into 4 possible states: , , , and . These initial states are determined by parameters ,  and . Their descriptions can be found in Table 1. 
Table 1. The Parameters List
	Parameters
	Description

	
	The infecting probability per unit time. See Section 3.3

	
	The probability of progression to active TB in the first 5 years since infection. See Section 3.3. 

	
	The probability to become Latent TB from  state.  if time <5 years since infection; otherwise,;

	
	The probability to progress to active TB from Latent TB (state ) for endogenous reasons;

	
	The percentage of pulmonary TB among all active TB cases†;

	
	The prevalence of active TB in the new incoming population†.
[bookmark: OLE_LINK122][bookmark: OLE_LINK123]It should be noted that Singapore requests all migrant workers to take chest radiographic test before entering. According to Kumar et al. (2004), Ito (2005), Cleeff et al. (2005), Arslan et al. (2010), and Waitt et al. (2013), the chest radiographs have a sensitivity about 75%-80% (denoted as ) in detecting active TB. As a result, ;

	
	the prevalence of latent TB in the new incoming population. WHO’s estimate is about 0.33;

	
	the percentage of susceptible in the new incoming population. ;

	
	The probability of being reported to the medical system and receive medical treatment;

	
	The per capital natural death rate†;

	
	The per capital TB induced death rate†;

	
	The recovery rate after receiving treatment†;


†: the data comes from the WHO global TB database.
TB Transmitting Parameters
The key parameters of TB transmitting are  and  (Figure 6).  is the infecting probability per unit time, which can be evaluated according to reproductive number , whose value is about 7~15 (WHO 2013; Tian and Osgood 2013) for TB disease, i.e., an active TB would infect 7~15 people each year when surrounded by susceptible. 
[bookmark: OLE_LINK45][bookmark: OLE_LINK46][bookmark: OLE_LINK50][bookmark: OLE_LINK57][bookmark: OLE_LINK58][bookmark: OLE_LINK59][bookmark: OLE_LINK60]	Denoting  as the size of neighborhood for any agent, we have: . In our network, the value of  is sampled from degree distribution, then  can be computed consequently. It is consistent with our intuition that  is inversely proportional to : if a person has a large neighborhood, the average time in contact with each neighbor would be short, thus the transmitting risk per unit time would be low.
	 is the probability of progression to active TB from initial infection. Empirical observations (Aparicio and Castillo-Chavez 2009; Vynnycky 2013; Tian 2013) show that about 60% progressions happened in the 1st year since infection, and above 95% progressions happen within the first 5 years. An TB observation trial (Vynnycky 2013; Girling et al. 1988) conducted during the 1950s proposed more details about this data, as Figure 7 shows.

[image: C:\MATLAB\R2013a\bin\My-Sm-Network\7-pic-Risk ration to progress to active TB\left_pic.jpg][image: C:\MATLAB\R2013a\bin\My-Sm-Network\7-pic-Risk ration to progress to active TB\right_pic.jpg]
[bookmark: OLE_LINK31][bookmark: OLE_LINK32][bookmark: OLE_LINK35][bookmark: OLE_LINK38]Figure.7. The risk of progression to active TB in the first 5 year since infection: i) The trend of . About 60% progression to active TB happened in the 1st year since infection, and about 95% happened in the first 5 years since infection. ii) The  can be linearized fitted, which means  follows exponential law.
	It shows that the progression risk exponentially decays in the first 5 years since infection, and then keeps at a very low level. From Figure 6(b), a fitting function of  is:
									 (11)
	According to Tian (2013), an infected person has 14.7% chance to become active TB throughout his or her life (50 years). Assuming that the progression risk keep constant after 5 years since infection, we have: 
								(12)
where  and are the progression probabilities of the 1st and 6th year since infection, respectively. Once  is determined using Eqn. (12), the value of  of each year can be computed by Eqn. (11).
The Dynamic Changes of Population
The amount of migrant workers in Singapore changes frequently. For each year, there are many new incomings to this country, and many leavings at the same time. Some of migrant workers may gain the citizenship and become Permanent Residents (PRs). The TB control policies applied to migrant workers and citizens are different. For example, if the migrant worker is found to be TB, he/she would be sent back to his/her home country immediately. On the contrary, if the citizens (PRs and Citizens) are infected, they can receive medical treatment with the assistant of the government. To reflect this fact in simulation, the population dynamics is modeled as following.


Figure 8. The population change process chart
	We have:
										(13.1)
										 (13.2)
[bookmark: OLE_LINK63][bookmark: OLE_LINK64]where  is the current population of migrant workers,   is annual increment of .  is the current population of residents (PRs and Citizens), and is annual increment of it.  is annual increment of total population. 
	In (13), , , and  are not known, , ,  and  can be found in STATISTICS SINGAPORE (2014). To solve three variables with two equations, we assume the average working pass period is  years,  then: . For example,  means about 20% of total migrant workers would leave annually. By this way ,  and  can be computed.
	Considering the multiple nationality groups (), we have: , where  is the population of the  group. There is limited data about  in public domain since the government regards such data as sensitive. We can only find some clues in related research studies (Table 2~Table 9 in Appendix A). The missing data would take values of those we have found. 
Simulatoin and analysis
Model Validation
Two experiments are conducted to validate the model described above. The first one explored the relationship between new active TB cases produced (per year) in simulation and the network size. The result is shown in Fig. 9.
[image: ]
Figure 9. the number of new Active TB cases in simulation with respect to simulation size
	In Figure 9, each dash line represents the new TBs produced in a specified year between 2000-2011. The values change with population size. The fitting plot of these data is linear (the solid line), which means the produced TB number is proportional to simulation size. This observation enables us to predict the number of new TBs in a large population size (for example, the total 5 million people in Singapore) by running small sized simulations.
	Based on the linear relationship, a TB transmitting network containing 22,943 agents is constructed (using AnyLogic 7.0, Evaluation Version) in the second experiment. The TB development in Singapore during 2000-2011 is simulated. The results are compared with the real data. Actually, only two sets of real data about TB can be found in the public domain (MOH 2012): a) the annual number of new TB cases in residents (PRs and citizens); b) the ratios of residential TB among all active TB cases during 2000-2009. 
	The first graph in Fig. 10 displays the number of new TB cases in residents. The simulation plot (with circle marker) is the average of multiple simulation results. As we can see, it is close to the real data (with square marker), and the dynamics revealed in real data is captured by simulation. The similarity between two plots is measured by the Pearson correlation coefficient, which is +0.561. The second graph displays the ratios of residential TB cases during 2000-2011. The real data is only available from 2000 to 2009. In this period, the Pearson correlation coefficient is +0.825.
	Positive correlation coefficients indicate that the simulation results can closely reflect the trend of real data. Even the values are not so “strong” (i.e., <0.9), it still gives us confidence about this model, considering the enormous number of factors that can influence the final outcome.
[image: ]
Figure 10. The compare between simulation and real data: i) the number of active TB cases in Singapore residents (the upper figure) and ii) the ratio of resident active TBs among all active TB cases.
Result Analysis
	Our question is: which labor exporting country owns the greatest potential to influence the TB status in Singapore? To answer it, we change the ratio of each nationality group (denoted as ) in the entire population of migrant workers, and observe the changing rate of active TB cases. For example, the percentage of Chinese workers is , thus the population of China group is . The other six groups would average the rest part and each owns . To test the influence of Chinese workers,  would be set to 0.1, 0.2,…1.0. For each value, the cumulative number of new active TBs will be recorded to reflect the changing ratio.
	The results are shown in Figure 11. A relative ratio  is defined to present the changing rate. Suppose  is the number of new active TBs produced with . Then the series value of  would be: , , …, .
[bookmark: OLE_LINK69][bookmark: OLE_LINK74]	As we can see, Philippines and Myanmar are the top 2 countries which would promote the generation of more active TBs when their percentages increase in the total population. The larger slope of the trend lines indicates the rapid increasing of new TB cases. 
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Figure 11. The growth ratio of new TB cases when population of specified group increase
CONCLUSION and Future Work
	In this paper, an ABM approach is applied to study the TB spreading in Singapore from the aspect of migrant worker. A contact network based on social affinity is defined, in that several social features is captured to disguise the possibility of contact between individuals. The TB disease development process is presented; the difference on infection probability in the first 5 year since infection and the following years after that is noticed. Additionally, the population changes of migrant workers are described in our model. The experiment shows that the proposed model can capture the dynamics of TB spreading in Singapore, in that the simulation data fits the statistical data of real-world well.
[bookmark: _GoBack]	The ABM approach is suitable to construct a system driven by individual interactions. To some extent, there are only two constraints to this approach: 1) the accurateness of parameters; 2) and the computation power. The former is more critical. 	The proposed model in this paper still needs to be improved since many of its parameters are just roughly estimated. Additionally, this agent system is still largely an average model, i.e., not heterogeneous enough. For example, the degree in a real world social network cannot be a constant number. It can vary much depending on the living environment, job type, and even personality. Another drawback is that some social activities related with TB control are not modeled, for example, the TB elimination activities supported by the government, or prevention measures like contact tracing when new TB cases is found. In the future, these factors would be further modeled to improve the reliability of the model.
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APPENDICES
The TB parameters for each nationality group need to be configured separately. They are listed in following tables.
Table 2. The TB Parameters of Malaysia
	Parameters
	Value
	Description

	
	200,000 (2011)
	The total number of Chinese workers in Singapore at year . 
[bookmark: OLE_LINK79][bookmark: OLE_LINK80]In 2011, this value is about 200000, and the total number of migrant workers that year is about 1197900. So we can get the ratio 200000/11979000.16696. For missing data, we simply set , where  is the total Chinese workers in Singapore at year .

	
	Computed in simulation
	The leaving number at year . Supposing the average work contact time length is  years, then about  of workers would leave annually, i.e., . =5 in the simulation.

	
	Computed in simulation
	The incoming number of migrant workers from Malaysia at year . 

	
	33.3%
	The prevalence of latent TB in China. The estimated value by WHO is 1/3.

	
	0.133%
	The prevalence of active TB in China.

	
	96.43%
	The percentage of pulmonary TB among all active TB cases in China.

	
	
	The percentage of susceptible in China population.

	
	0.731%
	The natural death rate in China.



Table 3. The TB Parameters of Malaysia
	Parameters
	Value
	Description

	
	214,000 (2011)
	The total number of Malaysia workers in Singapore at year .

	
	Computed in simulation
	The leaving number at year .

	
	Computed in simulation
	The incoming number of migrant workers from Malaysia at year . 

	
	33.3%
	The prevalence of latent TB in Malaysia. The estimated value by WHO is 1/3.

	
	0.1175%
	The prevalence of active TB in Malaysia.

	
	87.97%
	The percentage of pulmonary TB among all active TB cases.

	
	
	The percentage of susceptible in population.

	
	0.497%
	The natural death rate in Malaysia.

	
	0.006155%
	The death rate caused by TB disease.



[bookmark: OLE_LINK129][bookmark: OLE_LINK130]Table 4. The TB Parameters of India
	Parameters
	Value
	Description

	
	200,000 (2011)
	The total number of Indian workers in Singapore at year . 

	
	Computed in simulation
	The leaving number of Indian worker at year 

	
	Computed in simulation
	The incoming Indian workers at year .

	
	33.3%
	The prevalence of latent TB in India.

	
	0.3435%
	The prevalence of active TB in India.

	
	84.28%
	The percentage of pulmonary TB among all active TB cases.

	
	
	The percentage of susceptible in population.

	
	0.739%
	The natural death rate of India.

	
	0.03336%
	The death rate caused by TB disease in India.



Table 5. The TB Parameters of Indonesia
	Parameters
	Value
	Description

	
	100,000 (2011)
	The total number of Indonesian workers in Singapore at year .

	
	Computed in simulation
	The leaving number of Indonesian worker at year 

	
	Computed in simulation
	The incoming Indonesian workers at year .

	
	33.3%
	The prevalence of latent TB in Indonesia.

	
	0.3426%
	The prevalence of active TB in Indonesia.

	
	97.1%
	The percentage of pulmonary TB among all active TB cases.

	
	
	The percentage of susceptible in population.

	
	0.631%
	The natural death rate of Indonesia.

	
	0.03655%
	The death rate caused by TB disease in Indonesia.



Table 6. The TB Parameters of Philippines
	Parameters
	Value
	Description

	
	180,000 (2011)
	The total number of Philippine workers in Singapore at year .

	
	Computed in simulation
	The leaving number of Philippine worker at year 

	
	Computed in simulation
	The incoming Philippine workers at year .

	
	33.3%
	The prevalence of latent TB in Philippines.

	
	0.608%
	The prevalence of active TB in Philippines.

	
	98.73%
	The proportion of pulmonary TB among all active TB cases in Philippines.

	
	
	The percentage of susceptible in population.

	
	0.495%
	The natural death rate of Philippines.

	
	0.03427%
	The death rate caused by TB disease in Philippines.



Table 7. The TB Parameters of Myanmar
	Parameters
	Value
	Description

	
	100,000 (2011)
	The total number of Myanmar workers in Singapore at year .

	
	Computed in simulation
	The leaving number of Myanmar worker at year 

	
	Computed in simulation
	The incoming Myanmar workers at year .

	
	33.3%
	The prevalence of latent TB in Myanmar.

	
	0.6309%
	The prevalence of active TB in Myanmar.

	
	75.28%
	The percentage of pulmonary TB among all active TB cases in Myanmar.

	
	
	The percentage of susceptible in population of Myanmar.

	
	0.849%
	The natural death rate in Myanmar.

	
	0.06546%
	The death rate caused by TB disease in Myanmar.



[bookmark: OLE_LINK131]Table 8. The TB Parameters of Bangladesh
	Parameters
	value
	Description

	
	90,000 (2011)
	The total number of Bangladesh workers in Singapore at year .

	
	Computed in simulation
	The leaving number of Bangladesh worker at year 

	
	Computed in simulation
	The incoming Bangladesh workers at year .

	
	33.3%
	The prevalence of latent TB in Bangladesh.

	
	0.439%
	The prevalence of active TB in Bangladesh.

	
	88.67%
	The percentage of pulmonary TB among all active TB cases in Bangladesh.

	
	
	The percentage of susceptible in population.

	
	0.567%
	The natural death rate in Bangladesh.

	
	0.05009%
	The death rate caused by TB in Bangladesh.



Table 9. The TB Parameters of Singapore Residents
	Parameters
	value
	Description

	
	33.3%
	[bookmark: OLE_LINK133][bookmark: OLE_LINK134]The prevalence of latent TB in Singapore.

	
	0.04791%
	The prevalence of active TB in Singapore.

	
	85.95%
	The proportion of pulmonary TB among all active TB cases in Singapore.

	
	
	The percentage of susceptible in population.

	
	0.341%
	The average natural death rate in Singapore.

	
	0.002336%
	The average death rate caused by TB in Singapore.
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