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Abstract. Computational simulations designed to supply decision support for in-
stitutional managers and policy professionals need to be evaluated. Careful eval-
uation can validate (or invalidate) models, generate forensic insights into pan-
demic management strategies, and alert us to the risks involved in using artificial 
societies for decision support. Here, we evaluate The Artificial Organization 
(TAO), a decision-support tool for pandemic management, against detailed 
COVID-19 testing data from three universities in the United States in interest-
ingly different physical environments: Northeastern University is urban and 
merged into the local community, Case Western Reserve University is urban with 
a relatively self-contained campus organization, and Purdue University has a ru-
ral setting. Findings shed light on the adequacy of testing regimens, evidence for 
super-spreader events, and the critical role of compliance with masking and so-
cial distancing. Our findings not only confirm TAO’s utility for forensic analysis 
of pandemic-management strategies but also demonstrate the indispensable im-
pact of integrating human factors into decision‐support simulations, as TAO 
does.  
 
Keywords: COVID-19, pandemic, forensics, agent-based model, validation, cal-
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1 Introduction 

The magnitude of the COVID-19 pandemic became clear only in stages, partly due to 
ineffective pandemic surveillance. All along the way, there was uncertainty and con-
troversy surrounding the pandemic and its impact. Modeling and simulation help us 
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understand a situation and predict future outcomes [1]. Early on, there were models 
from various institutions that predicted millions of deaths in the US alone [2]. These 
models suffered from a lack of calibration, and they did not adequately model non-
pharmaceutical interventions (NPIs), accounting for the vital role within pandemic 
management of human behaviors and beliefs. In response, the CDC announced a $26M 
program in Advanced Outbreak Forecasting and Analytics [3]. 

Enter human simulation, which refers to computational simulations that take account 
of a wide range of human factors in modelling complex social phenomena. Human 
simulation is an extension of the established domain of computational social simulation 
that focuses on building agent-based models (ABM) with psychologically plausible and 
behaviorally believable AI agents [4], which fit well with the multi-agent AI modelling 
(MAAI) paradigm. Though human behavior is notoriously difficult to predict in detail, 
human-simulation MAAIs raise the right questions and thus generate insights of the 
kind that decision makers most need in pandemic management [5].  

And indeed, there was a proliferation of MAAIs during the height of the pandemic. 
An early 2021 review [6] found 126 articles that describe an agent-based simulation of 
the spread of COVID-19, most of which were created for the purpose of examining 
pharmaceutical and non-pharmaceutical interventions and for predicting future out-
comes. Despite the large quantity of models, there was a clear lack of initialization and 
validation using real-world data. The authors found 43.7% of the models used census 
data to initialize the simulated population, 22.2% used mobility data (e.g. cellphone 
data) to capture realistic movement patterns, and only 25% of the models described any 
form of validation at all. This lack of validation and use of real-world data was often 
caused simply because the validation data did not exist or was not publicly available in 
the very early days of the pandemic [6]. However, a more recent 2023 survey [7] ex-
amined 340 models (258 ABMs) related to COVID-19 and still found only 50.3% used 
real-data for initialization or validation. 

Nearly all the models examined in the two reviews were used to generate future 
predictions to guide pandemic-management decisions, but human-simulation MAAIs 
are also useful for forensic analysis of what NPIs worked and what didn’t, and under 
what circumstances. By forensic analysis, we mean analysis after the fact, to find out 
what happened and why. Scientists often move quickly on to the next challenge, but it 
is valuable to pause and ask how well we managed something as momentous as a pan-
demic. To that end, we used TAO to forensically examine pandemic management strat-
egies in three universities in the United States. 

To date, there have been several published studies that take a retrospective look at 
pandemic management strategies [8–13]. These studies use both differential equation-
based approaches [8] as well as agent-based modeling approaches [9–13]. All use some 
level of demographic data to initialize the simulation, testing or healthcare data to meas-
ure outcomes. Some use other forms of data such as mobile phone mobility data [8, 9], 
GIS data to recreate realistic spatial landscapes [13], and WIFI-use data to estimate 
building occupancy [13]. Most are used to investigate NPIs though one is only focused 
on pharmaceutical interventions [11]. One of the studies adapts an earlier prominent 
agent-based model, Covasim [14], to model the pandemic in Spain [12]. Of these earlier 



 Simulation Sleuthing 3 

models, Chen et al.’s study focuses specifically on pandemic policy in universities, 
similar to this study [13].  

Universities present a unique challenge for pandemic management strategies. Com-
munal living and a high frequency of social gatherings contribute to high virus trans-
mission rates [15, 16]. On the other hand, university populations tend to be much 
younger than the general population, leading to more asymptomatic cases and fewer 
deaths [17]. Universities can also generally exert far tighter control over student and, 
to a lesser extent, staff behavior than a typical workplace, and therefore implement es-
pecially effective anti-pandemic interventions [18–20]. 

In this study, we present an iterative calibration process of the TAO MAAI, con-
ducted in conjunction with university policymakers, to forensically examine the pan-
demic management strategies of three universities that did the general public the great 
favor of publishing detailed testing data for Fall 2020 and Spring 2021: Northeastern 
University, Purdue University, and Case Western Reserve University. In what follows, 
we first briefly describe TAO and spell out the verification and validation process we 
employed. We then present the results of our forensic analysis before concluding with 
a discussion of those results. 

2 Methods 

TAO is built on top of a MAAI produced as part of The Artificial University (TAU) 
project from the Center for Mind and Culture and the Virginia Modeling, Analysis, and 
Simulation Center at Old Dominion University. The TAU project produced two publi-
cations [21, 22], a dashboard [23], and an open-source MAAI exploring COVID-19 
transmission in an abstract university setting [24]. TAU was validated by subject-matter 
experts and the open-source model was made available to colleges and universities with 
web-scraped sample data to facilitate decision support.  

TAO extends TAU to more general organizations – particularly organizations that 
have a clear structures and schedules, including large corporations, military bases, 
cruise ships, etc. TAO uses Simudyne’s proprietary modelling platform, but the code is 
available by negotiation with Simudyne, so the calibration procedure and forensic anal-
ysis presented here is replicable by other researchers. Much of TAO’s model architec-
ture is already present in TAU, which is open source, has been validated, and already 
establishes the value of human-simulation techniques for pandemic management. Thus, 
the aim of this paper is not merely to present another human-simulation model; rather, 
it is to show how TAO can be stress-tested with demanding real-world data and used 
for forensic analysis of pandemic responses, thereby revealing which strategies worked 
and indirectly demonstrating the value of rigorous human-simulation models.  
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2.1 Model Design 

For a full description of the TAO model, see the supplemental materials† as well as the 
TAU paper [21]. TAO is made up of people agents, place agents, and a central agent, 
representing the central authority of university policymakers. People agents go to places 
where infected individuals may spread the infection to other individuals. The central 
agent dictates interventions such as contact tracing and testing. 

At initialization, people agents are assigned a schedule of places to which they go 
over a two-week period, and this two-week schedule repeats itself for the duration of 
the simulation. There is one time-step per day in the analyses below, but TAO supports 
more fine-grained time steps. At the beginning of each time step, each agent consults 
the schedule and goes to the designated places. Agents may host an unscheduled event 
such as a party, and agents decide whether to attend the unscheduled events.  

Interventions include masking, quarantines, hybrid classes, closing fitness centers, 
canceling events, etc. Infections are spread based on contact between infected and sus-
ceptible agents who are in the same place, as well as spontaneously, representing infec-
tions due to contact outside of the closed system of the organization. The effectiveness 
of an intervention is dependent on individual agents’ compliance levels. 

In addition to interventions, the central agent performs randomized testing. Test sam-
ples are collected by a randomly selected group of people, and test results are available 
after a delay period. The test-positive agents report their contacts over the last 14 days 
to the central agent; the contact list may be incomplete due to the positive agent ran-
domly “forgetting” who they contacted. Agents on the contact list are told to isolate for 
14 days after contact and may be tested depending on the contact tracing protocol. Test 
results are the primary output of the model, since we do not have true infectivity rates 
for comparison. 

2.2 Technical Architecture 

The model is written using the proprietary Simudyne SDK in Java and compiled into 
an executable JAR file that runs on a server accepting model parameters via a REST 
API. The server is run on a high-powered machine (100 GByte RAM, dual X5675 chips 
@ 3.07GHz, Linux OS) via a Python script, which reads model parameters from a csv 
file and sends the parameter to the model server via Simudyne’s REST API. The model 
runs produce custom csv and parquet outputs. 

We ran the model with the number of agents varying between 400 and 85,000. The 
runtime complexity appeared to be Order (n2.5), with n = number of agents. A model 
with 85,000 agents running for 120 time steps (days) took approximately 200 minutes 
to complete. 

 
† Online supplemental materials are available at https://github.com/centerformindandcul-

ture/TAO. 

https://github.com/centerformindandculture/TAO
https://github.com/centerformindandculture/TAO
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2.3 Methodology 

The point of this paper is to stress-test TAO using real-world data, thereby generating 
forensic insight into pandemic management strategies and to evaluate the quality of the 
COVID simulation that most richly incorporates human factors. Our methodology had 
two parts: (1) verify that model outputs are reasonably aligned with expectation, and 
(2) iteratively calibrate the model to match real test positivity rate data and to evaluate 
pandemic response policies. 

Through verification, we gain some level of trust in the simulated data by making 
sure outputs such as infection curves under controlled circumstances look like they 
would for comparable epidemiological models. We also measure the sensitivity of dif-
ferent parameters, confirming that they have expected outputs in controlled circum-
stances – that is, all else being equal, high levels of compliance for physical distancing 
and mask wearing should lead to fewer transmissions. The sensitivity analysis has the 
benefit of drawing attention to the most important parameters to explore in the calibra-
tion process. 

In calibration, we search for a combination of TAO parameters that yields output 
aligning most closely with real-world data. Recall that our goal is not to predict future 
outcomes or to produce highly specific quantitative insight; our goal is to gain qualita-
tive forensic insight about the past, which also happens to amount to an extremely strin-
gent test of TAO’s quality. In short, TAO augments our forensic-ideation capability. 

 
Verification with Infection Curves, Parameter Sweeps, and Network Sensitivity 

Analysis. Through the verification process, we aim to gain some level of trust in the 
model as well as a deep understanding of model parameters and their relative effects. 
Because the theoretical basis for TAO derives from earlier work on the open-source 
TAU, we start from a point of some trust in TAO regarding basic mechanics. But we 
verify anyway, in this case by seeking emergent behavior from TAO that matches in-
fection curve outputs for specific situations routinely considered within epidemiologi-
cal models.  

Next, we performed model verification of specific parameters. To do this, we ran 
parameter sweeps of the model with a small-university scenario of 1000 students, 100 
faculty, and 200 staff. We sampled the nearly 100,000 combinations of parameter set-
tings using a grid approach, running 5808 parameter combinations, each for 120 days 
(one full semester), and each 30 times to ensure confidence in model outputs. 

From these simulation runs, we collected outputs of cumulative infections, peak 
number of infections, and total deaths. We then performed network sensitivity analyses 
on these parameter sets and the corresponding outputs, which resulted in a normalized 
representation of the magnitude and direction of the impact of each parameter. Normal-
ized output means that parameters oscillating near one have less influence on the model, 
and those that vary significantly in amplitude demonstrate more influence. Second-or-
der effects may appear, but these may be difficult to interpret because of potential pa-
rameter interactions. 
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Calibration using Real-World Experience Data. In the calibration process, we 
aligned TAO’s test positivity rate with real-world experience using daily or weekly 
positivity rates and count of tests administered in universities. We then iteratively ad-
justed model parameters to match output with the university data as closely as possible. 
This calibration journey generated forensic insight into COVID-19 transmission and 
university protocols during the modelled semesters. 

We contacted the selected universities and spoke with the experts best placed to an-
swer key questions about protocols, timing, and compliance. Unfortunately, university 
data-gathering efforts were such that these experts did not always know even basic pa-
rameters such as the number of active agents due to uncertainty about in-person attend-
ance with hybrid classes. 

Data Selection and Scraping. In the absence of complete clarity about the real-world 
system, the next best thing is data on fine-grained testing administration and results. 
We considered a dozen universities with COVID-19 dashboards and excluded univer-
sities whose dashboards did not include time-series data dating back to Fall 2020. We 
also excluded universities whose COVID-19 protocol explicitly involved most of the 
university population going primarily remote. Once we settled on three universities, we 
scraped the testing information from the COVID-19 dashboards.  

The selected universities were Northeastern University in Boston, Massachusetts 
(NU), Case Western Reserve University in Cleveland, Ohio (CW), and Purdue Univer-
sity in West Lafayette, Indiana (PU). These three universities have diverse characteris-
tics that make them attractive for model calibration, and therefore both for generating 
forensic insight and for stress-testing TAO. NU is an urban school embedded in a local 
community and relies on a significant portion of off-campus activity. CW is also an 
inner-city school, but more on-campus focused. PU is a large state-funded school and 
more isolated than the other two. Calibration for NU in Fall 2020 is presented in the 
main paper; calibration procedures for NU in Spring 2021, CW in Fall 2020, and PU in 
Fall 2020 are presented in the supplemental material. 

Initial Model Parameters. We selected initial model parameters for each university 
based on public information from university websites. This involved determining the 
size of the student body, faculty, and staff populations, as well as checking what NPIs 
were in place. We used the testing administration information as input to the model, 
which allowed us to evaluate assumptions about the numbers of agents on campus each 
day or week – a point about which these universities reported considerable uncertainty. 
For modelling exogenous infection (agent infection from interacting outside of the uni-
versity system), we used New York Times county-level COVID-19 testing results [25]. 

Iterative Calibration. Starting from the initialized model, we ran 30 simulation runs 
for each combination of parameter settings. We ran parameter variations to compare 
the effect of different parameter selections in the presence of possible interaction ef-
fects. After simulation runs were complete, we compared the aggregated time-series 
output for the test-positivity rate against real-world data. We also reviewed the 
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aggregated time-series output for the number of active infections in the simulation. 
From the output of multiple simulation runs, we hypothesized reasons for discrepancies 
between model data and real-world data, and thereby generated new parameter settings, 
repeating the same process with those new settings. 

At times, we sought guidance from university officials to obtain on-the-ground in-
sight about protocols, timing, and compliance behaviors. 

3 Results 

3.1 Verification 

For various scenarios often considered within epidemiological models, TAO produces 
the expected outputs. These scenarios investigate the outcomes of diseases with varied 
R0 levels. In TAO, R0 is an emergent characteristic and not an input – we create a sce-
nario with R0 less than one by reducing transmissibility. Network sensitivity analyses 
for key parameters revealed the following have the largest impacts: mask mandates, 
student social distancing, and percent initially infected. The impacts of the first two rely 
heavily on compliance.  

For both lines of validation, TAO’s behavior matches what we expect to see. This 
supports the basic confidence we have in TAO from validation of its open-source pre-
cursor, TAU: the extension from TAU to TAO did not introduce dynamics that invali-
date the model. See the supplemental materials for a full analysis and figures from the 
verification process.  

3.2 Calibration 

We used the iterative calibration process for the Fall 2020 and Spring 2021 semesters 
for Northeastern University (NU), and the Fall 2020 semesters for both Purdue Univer-
sity (PU) and Case Western Reserve University (CW). We describe initial model pa-
rameters for each calibration first, and then our reasoning for each iteration. We finish 
each section with a summary of the forensic conclusions we can draw from the calibra-
tion process. The supplemental materials list detailed parameter settings for each cali-
bration run, as well as closeness-of-fit statistics (the square root of the sum of the 
squared differences in daily test positivity). 

When comparing simulation runs, we ignore the first three weeks of output because 
the simulation is starting with a clean slate even though real individuals have some 
relevant history before the beginning of the semester. Those first three weeks are shaded 
in the figures to indicate their relative unimportance. 

We ran numerous calibration runs and designate each set of parameter values as 
XXyy, where XX is the abbreviation for the university and yy is a run number. For 
example, NU19 is the 19th set of parameter values for Northeastern University. The 
calibration journey was long and intensive in every case, so we report only on highlights 
where we were able to draw a critical conclusion that moved the process forward. 

While the simulations ran for 120 days, graphs display results for the number of days 
for which university data is relevant – normally 100 days or a little more. 

Gabe Maayan
Updated formatting to use subscript for R0 and corrected “R0 less than zero” to “R0 less than one”.
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Northeastern University Fall 2020 Semester. We set initial model parameters to be 
30,000 total agents, based on online statistics [26, 27]. We used TAO’s default gener-
ated university contact network and agent schedule. NU’s primary NPIs were physical 
distancing, mask-wearing, and hybrid classes (allowing students the option to attend 
classes virtually or in person). All agents who were on campus for consecutive days did 
testing. The number of tests per day was determined by the real-world number of tests 
administered by NU each day. 

We started the calibration process by varying the external infected rate and compli-
ance rates. In all variations, the simulated test positivity rate was too high. Even with 
the lowest external infection rate (6e-5) and the highest compliance range (60-95%), 
we still saw positivity rates significantly higher than NU. To reduce positivity rates, we 
used the high compliance range, reduced the number of active agents, and varied the 
external infection rate (note: an external infection rate of p% means that agents have a 
p% daily chance of spontaneous infection from outside the closed university system). 
This yielded results closer to NU, but simulation test positivity rates were flat compared 
to NU, which had a noticeable slope after day 60. 

We concluded that a flat daily external infection rate was causing the test positivity 
rates to be flat. Thus, we allowed the daily external infection rate to fluctuate based on 
the number of COVID-19 cases in the region. We generated an infection rate time series 
based on census population data and New York Times COVID data (for NU, we used 
Suffolk County data).‡ Parallel calibration efforts for PU also suggested the base infec-
tivity rate to be too high so we reduced it in the NU model. Our next simulation outputs 
were much closer to the NU test results.  

At this time, we met with Dr. Sehyo Yune, Assistant Vice Chancellor for COVID-
19 Wellness at NU, to gather feedback and check model assumptions. Dr. Yune esti-
mated that two-thirds of people (20,000) were actively coming to campus, which was 
higher than our inputs. Dr. Yune agreed about our agent compliance distribution (60%-
80%) and did not express any major concerns about other parameter settings. With this 
feedback, we changed the model parameters to include 20,000 active agents throughout 
the semester.  

Further iterations included modifications to the number of initially infected agents, 
agent recall in the contact tracing process. Key values in the final iteration of the NU 
Fall 2020 calibration were an interview recall of 50%, masking and distancing compli-
ance of 60-95%, 20,000 active agents, 0.00375% initially infected agents (or about 1 
agent), and test delays of 2 days. The base infectivity rate varied between 3-4%. Fig. 1 
displays the results. 

While the final set of parameters does not yield a perfect match, it is close. We see 
a gradual rise that is similar to NU up to day 80. We then see a spike of similar 

 
‡ With P as the population for a county from US Census data, Cn as the number of current COVID-

19 cases in that county on day n, and S as a scalar value, we calculate the external infection 
rate (EIn) for a county on day n as: EIn = S x (Cn – Cn-14) / P. That is, the external infection 
rate is the number of new infections from two weeks previous divided by the population and 
multiplied by a scalar. Through experimentation we found the best value for S to be between 
0.025-0.05 (between 2.5% and 5%). 
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magnitudes in both the simulation and NU rates, with the simulation a few days earlier, 
and both the simulation and NU finish with an upward trend in positivity rates. 

Forensic Conclusions from NU for Fall 2020 Semester. From the NU Fall 2020 cal-
ibration procedure, we reached several conclusions. First, we found that using a varia-
ble external infection rate based on regional case numbers was much more effective 
than a flat external infection rate. Second, with parallel PU Fall 2020 calibration, we 
determined that the calibrated value for our base infection rate was likely between 2.5% 
and 5%. Third, we discovered the necessity of a contact tracing interview recall param-
eter to make TAO’s simulated contact tracing process match its unreliable real-world 
counterpart more adequately. 

 

 
Fig. 1. Final calibration runs for Northeastern University, Fall 2020. 

No-Transmission Comparison. We ran the calibrated model while disabling within-
university transmission to see how much of the positivity rate was due to interacting 
outside of the closed system. Positive infections are primarily made up of transmission 
from the external system. Around day 55, internal transmissions make up about 33% of 
the positive test cases, and around day 86, internal transmissions make up about 25% 
of the positive test cases. This indicates relatively successful suppression of on-campus 
transmissions, which is particularly important given NU’s urban, embedded location. 

Testing Adequacy. TAO tracks the actual number of infections within the artificial 
university at any given time. We can compare this number to the simulated outputs for 
test positivity over time to gain insight into the adequacy of test sampling for detecting 
the number of infections. We define the number of tests administered to be adequate if 
the standard-deviation range of simulated positivity rates mostly overlap with the 
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simulated percent infected, adjusted with some scalar across the whole simulation pe-
riod. We found that the standard deviation range for the simulated daily test positivity 
rate is almost always within one standard deviation of the infectivity rate derived from 
simulated actual infections (x 3.5). This means that in any given simulation, there is a 
reliable correlation between the test positivity rate and the actual positivity rate.  

Purdue University Fall 2020 Semester. The full Purdue University calibration exer-
cise is described in the supplemental materials, but we include the final calibration run 
here for comparison with the Northeastern University calibration (Fig. 2). Notable char-
acteristics of the Purdue University model includes (1) a super-spreader event causing 
500 infections at day 70, (2) low contact tracing interview recall, and (3) medium com-
pliance. 

Fig. 2. Final calibration runs for Purdue University, Fall 2020. 

The first is most notable because our model could not adequately account for the rise 
in cases near the end of the semester without injecting infections into the system, lead-
ing to the conclusion that there was some spreader event in the late-middle part of the 
semester.  

4 Discussion 

It is said that all simulation models are wrong but that some can be useful. In practice, 
research teams developing simulations of the COVID-19 pandemic have not ventured 
to find out how wrong their simulation models have been. Here we have reported cali-
bration results for TAO – the COVID simulation that takes extensive account of human 
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factors – to see how wrong it is. We calibrated our model against multiple real-world 
data sets in multiple time periods (Fall semester data from three universities, Spring 
semester data from one). Our forensic analysis has shed light on the following topics: 
Test Frequency Adequacy, Level of Intra-Organizational Spread, Outbreak Infor-
mation, Time-Relative Person Activity Levels, and Importance of Modelling Human 
Factors and Evaluating Models. 

Test Frequency Adequacy. In any situation where a sample of a population is being 
surveyed or tested, we must ask if the sample is representative of the population. In the 
domain of SARS-CoV-2 testing, specifically, we should ask if the test positivity rate of 
a sample of the population is representative of the true positivity rate within the popu-
lation. In a more static system, we can easily calculate a sample size that will represent 
the population with a low confidence interval and high power. However, when moni-
toring the highly dynamic system of disease transmission, the sample size calculation 
is typically less clear. This is especially true when the true rate of infection is low from 
a statistical perspective (< 5%), and the tests themselves may be inaccurate. 

TAO permits us to set the number of tests per day and compare simulated test-posi-
tivity rates to the simulated percentage of infections (both of which are among the 
model outputs). This comparison shows how well the simulated testing rate samples 
the entire university population. Our analysis (above and in the supplemental materials) 
suggests that NU and PU had testing rates that allowed a sample to be procured that 
matched the general trends in the tested population. On the other hand, CW had testing 
rates that led to volatile outputs in our simulation, suggesting that test-positivity rates 
for CW in Fall 2020 were too low to assess reliably the number of infections within the 
university population. 

Level of Intra-Organizational Spread. In our model, SARS-Cov2 infection can occur 
in two ways: between an infected agent and a susceptible agent (intra-organizational), 
or between a susceptible agent and the outer system (extra-organizational). Intra-organ-
izational spread is determined by agent-to-agent contact. Extra-organizational spread is 
estimated by looking up the regional test positivity rates for the simulated day, and 
estimating how often a simulated person would interact outside the system (e.g. use 
public transit). 

By running the best-calibrated model with the parameter setting to disable intra-sys-
tem spread, and comparing the output to the model with intra-system spread enabled, 
we found that intra-organizational spread was more significant in some universities and 
semesters than in others. In the TAO simulations for NU Fall 2020, intra-system spread 
played only a small role in affecting the test positivity rate output. By contrast, in the 
same semester for PU (see the supplement), intra-system spread plays the dominant 
role in affecting the test positivity rate output. This indicates strongly contrasting pat-
terns of human behavior, with NU showing far greater compliance than PU. 

Outbreak Information. During calibration, we noted that for CW and PU in Fall 2020, 
we could not initially reproduce some spikes in test positivity. We attribute this to the 
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epistemic uncertainty and stochasticity of the system. For instance, a student may throw 
a party that becomes a super-spreader event. It is out of the scope of this model to 
include the cognitive processes by which the student chooses a date, venue, guests, etc., 
and some of those processes may be stochastic. 

What we could do is note that our simulated output was not spiking when there were 
spikes in the real-world data, and ask “what kind of outbreak event would cause that 
spike?” In our PU and CW Fall 2020 calibration, we noted spikes in positivity rates 
around days 70 and 60 respectively that TAO did not reliably simulate. By introducing 
an outbreak event (injecting infections randomly into the population), the model’s test-
positivity rates more closely matched the data. Thus, the model suggests there was an 
outbreak event, or a series of outbreak events at those times. Note that for CW, test 
frequency inadequacy (see above) does affect this interpretation, as the spike could also 
be significantly affected by the random chance of test sample selection. 

Time-Relative Person Activity Levels. When calibrating for NU Spring 2021, we 
found that our model significantly overestimated the test-positivity rate. COVID-
fatigue, winter weather, and viable vaccines were all factors that led us to believe that 
the Spring would be a very different system than the Fall. Additionally, we were mod-
elling the Spring semester as a separate system, when the Spring 2021 semester might 
be viewed as a continuation of the Fall 2020 system, particularly in view of university 
staff who continue working while students depart for the break between semesters. 

Three main candidate explanations for the model’s lower test-positivity rate are in-
creased compliance, vaccine availability, and lower levels of in-person activity. Our 
collaborating NU expert, Dr. Yune, estimated that compliance with COVID-19 proto-
cols was lower in the Spring 2021 than in Fall 2020, eliminating increased compliance 
as a likely explanation. Dr. Yune also said that vaccines were not widely available be-
yond people with special vulnerabilities during most of Spring 2021, so there is no 
likely explanation in that direction, either. Dr. Yune believed that the number of people 
present on campus probably increased from the Fall to the Spring, but noted that there 
is no reliable way to determine the amount of in-person activity because there may have 
been an increase in the number of students who opted to attend classes virtually even 
though living in the local area. 

Thus, the NU Spring 2021 model may support the conclusion that person activity 
levels were lower in NU Spring 2021 than NU Fall 2020 due to some factor that the 
model does not consider. One hypothesis is that NU Students were less active in the 
winter, allowing for fewer intra-system and extra-system transmissions. This matches 
human behavior in cold climates and makes lots of sense in a pandemic context (Hong 
2016, Kimura et al. 2015, Lee 2020, Turrisi et al. 2021). 

Importance of Modelling Human Factors and Evaluating Models. Our forensic 
analysis of the pandemic-management strategies and performance in three universities 
during Fall 2020 and Spring 2021 using The Artificial Organization (TAO) has gener-
ated several specific insights (see above). But it has also supported two general conclu-
sions. 
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First, a design point: it is critical to take account of human factors in computational 
simulations of disease transmission. Human factors determine the effectiveness of non-
pharmaceutical interventions and taking account of human factors greatly impacts the 
accuracy of model projections. 

Second, an ethical point: it is only fair that models offered for public consumption 
and use by organizational leaders and policy professionals should be evaluated as soon 
as circumstances permit. We have done this with TAO, demonstrating that TAO’s mod-
elling of pandemic-management policies and human behaviors is close enough to real-
ity to generate useful insights into pandemic management. 

 
Supplemental Materials. Online supplemental materials along with model code can 
be found at https://github.com/centerformindandculture/TAO. 

Disclosure of Interests. The authors have no competing interests to declare that are 
relevant to the content of this article. 
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