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in the model. This is done by stochastically matching each agent with an ATUS or PSID respondent who 
is either identical or similar with respect to socio-demographic characteristics. 

Figure 2: chiSIM map of places in Chicago. 

 Basic agent behaviors, which can be gleaned from activity data, affect activity choice (what activities 
do agents engage in at any time), and movement (when and where do agents change their location to engage 
in a new activity). More specialized behaviors are application specific, including communication (what 
specific information is exchanged in social interactions and with whom) and actions in unusual or specific 
circumstances. For example, in the community health information study, a sampling of healthcare recipients 
were surveyed on who and how often they pass on information from healthcare providers regarding 
healthcare services available in their community. In a pandemics simulation, a behavioral ontology was 
developed from the literature that enumerated actions people take in the event of a pandemic and the 
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circumstances under which those actions were taken. The behavioral ontology then was implemented in the 
agent-based model to drive agent behaviors. 

4 CHISIM FRAMEWORK OVERVIEW  

The chiSIM frameworks enables building hybrid time-stepped and discrete-event, stochastic simulations. 
The prototypical chiSIM model moves 3 million individual agents to and from 1.2 million places in Chicago 
on an hourly basis. The simulation is initialized at hour zero with agents located across Chicago. The 
Generalized Mobility/Activity Model advances agent locations appropriate for the hour of the day, moving 
agents between their own households, schools, workplaces, other households, etc. Specialized 
mobility/activity models are developed separately to model the circulation of agents from the community 
into and out of special places that are not included in the general activity profile data, since that is developed 
for general populations. Once activity state changes are recorded, or logged, the hour is incremented and 
the simulation processes are repeated until the simulation reaches the end time, at which point yearly and 
hourly summary reports are produced. chiSIM has simulated agent movement and activities by hour over 
10 years. For example, to explore possible explanations for the ongoing MRSA epidemic in Chicago, the 
model was simulated for the period 2001-2010 and was able to reproduce the empirical buildup that was 
observed. For the 10-year hurly simulation (It was estimated that over 2 trillion total people-to-people 
contacts were simulated over the 87,600 hourly time steps in the simulation.)  

A large-scale agent-based model such as chiSIM presents challenges for computational resources. For 
example, the MRSA ABM originally ran for 60 hours on a single compute node. Long run times for 
simulations may severely limit the usefulness of a model for policy analysis. Collier et al. (2015) explored 
the benefits of distributing a model across multiple computing nodes. They ran a series of experiments that 
exploited the location/movement network structure by partitioning locations into separate computing 
processes based on the expected people flow between the locations. Compute node thread parallelization 
using OpenMP and distributed parallelization across multiple processes using MPI reduced the run time to 
4 hours utilizing 128 compute nodes. Other distributed computing strategies promise to yield additional 
benefits.  

One of the challenges of working with a complex agent-�E�D�V�H�G���P�R�G�H�O���L�V���W�R���U�H�F�R�U�G���W�K�H���³�K�L�V�W�R�U�\�´���W�K�D�W���W�K�H��
model creates. The history records all the agent events by location and time over the course of the 
�V�L�P�X�O�D�W�L�R�Q�����,�Q�I�R�U�P�D�W�L�R�Q���R�Q���H�Y�H�U�\���D�J�H�Q�W�¶�V���V�W�D�W�H���D�Q�G���O�R�F�D�W�L�R�Q�����D�Q�G���D�O�O���W�K�H���R�W�K�H�U���D�J�H�Q�W�V���W�K�D�W���D�Q���D�J�H�Q�W���L�V���K�D�Y�L�Q�J��
contact with at every moment, is known in the simulation. The simulation can be critical source of 
information that is otherwise unobserved or even unobservable. For example, in the MRSA model, two 
disease states are critical for transmission of the disease: the infected state, when an open skin or soft tissue 
infection is readily observable, and the colonized stated, which is asymptomatic. A colonized individual 
can transmit the disease but does not know they are contagious and can pass on the disease. The simulation 
produced a reasonable recreation of the profile of the number of infected individuals (observable, and based 
on empirical data) with MRSA; and the model was able to infer the correlated number of individuals that 
were also colonized, which was not observed and for which there no empirical data exists.  

The amount of data produced by the agent-based model of millions of interacting individuals moving 
among millions of locations can be enormous. For example, Figure 3 shows the occupancy patterns of 
agents by location at specific times. Figure 4 shows movement patterns for selected agents between 
consecutive hours of the day. Figure 5 shows simulated disease transmission as a result of personal contact 
between individuals. Because the log files can be enormous in size, collecting all the agent event data over 
the simulation period, special techniques are required to record and analyze such large-scale datasets (Tatara 
et al. 2017). Figure 6 shows the results of such an analysis, a co-location network for all agents in the model 
who have two degrees of separation. This information is useful in infectious disease applications for tracing 
�D�J�H�Q�W���F�R�Q�W�D�F�W���S�D�W�W�H�U�Q�V���E�D�F�N���W�R���W�K�H���R�U�L�J�L�Q�D�O���V�R�X�U�F�H�����H�I�I�H�F�W�L�Y�H�O�\���L�G�H�Q�W�L�I�\�L�Q�J���³�S�D�W�L�H�Q�W���]�H�U�R���´�� 
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Figure 5: Agent disease transmission tracing in chiSIM. 

Figure 6: Sample co-location network for randomly sampled individuals and all individuals within two 
degrees of separation. Lines represent collocation between person nodes. Node color indicates vertex 
degree, with darker nodes having a greater degree than lighter nodes.  
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forecasting the future, testing proposed interventions, or explicitly optimizing urban processes. With models 
as experimental vehicles and model exploration frameworks facilitating the use of high-performance 
computing resources many experiments can be run rapidly and much can be learned quickly. Still, many 
challenges remain, as this paper has outlined, from assembling large datasets from disparate sources, to 
computational efficiency challenges, to logging models and handling the analytical challenges that large 
datasets produced by simulation models generate. 
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