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Abstract
A contact-tracing strategy has been deemed necessary to contain the spread of COVID-19 following the
relaxation of lockdown measures. Using an agent-based model, we explore one of the technology-based
strategies proposed, a contact-tracing smartphone app. The model simulates the spread of COVID-19 in a
population of agents on an urban scale. Agents are heterogeneous in their characteristics and are linked
in a multi-layered network representing the social structure - including households, friendships,
employment and schools.

We explore the interplay of various adoption rates of the contact-tracing app, different levels of testing
capacity, and behavioural factors, to assess the ability of this track-and-trace strategy to mitigate the
epidemic. Results suggest that the app can contribute substantially to the reduction of infections in the
population, although complete suppression of the virus is unlikely to be achieved. The model also shows
that, while adopting the app is bene�cial for epidemic control in most cases, a high adoption rate is likely
to generate an extensive increase in the demand for testing, which, if not met with adequate supply, may
render the app counterproductive. This points to the crucial role of an e�cient testing policy and the
necessity to upscale testing capacity.

Introduction
At the time of writing Coronavirus Disease 2019 (COVID-19) has caused just over 600,000 con�rmed
deaths in 216 countries worldwide1. In the absence of an effective treatment, let alone a vaccine, the only
possible mitigation strategies are non- pharmaceutical2. In the initial phase of the pandemic lockdown
measures, implemented with various degrees of �rmness in most countries, have proven effective in
containing the epidemic3 and reducing the basic reproduction number R0 to less than 1. However, these
measures cannot be sustained for a prolonged period of time, as the economic damage in�icted on
workers, enterprises and governments would be irreparable. Therefore, a second phase of containment
has followed, in which lockdown measures are lifted and different mitigation strategies are required,
namely case isolation, tracking and contact-tracing, which are rooted in the established epidemiological
toolkit4. These are particularly crucial in the context of a disease that is transmitted by a large proportion
of a-symptomatic and pre-symptomatic individuals, as studies of early outbreaks in China and Italy have
indicated5–8. However, manual contact tracing can be a time-consuming and ine�cient exercise, since
models show that the probability of epidemic control decreases rapidly when not enough cases are
ascertained via contact-tracing before the onset of symptoms9. Technology-based solutions have been
proposed to automatise the tracking process, in the form of contact tracing smartphone apps. Exploiting
the Bluetooth Low Energy technology, these applications can trace other smartphones coming into close
contact for a period of time compatible with potential infection transmission10. Once an individual who
uses the app discovers having been infected, all smartphones who have come into close contact receive
a noti�cation, signalling the potential exposure. Intense debate followed in the scienti�c community and
among the public on the risks, especially to privacy, and effectiveness of the app-based solution11. A
number of studies, using a range of methodologies, tried to establish the optimal adoption rate and the
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other necessary measures (such as social distancing and testing) required for the app to be effective in
containing or suppressing the epidemic. Analytical mathematical models show a generally optimistic
stance, suggesting that instantaneous contact tracing, such as that afforded by the app-based solution,
can lead to epidemic control12, if at least 60% adoption rate of the app is attained13.

Alternatively, more complex models highlight possible unintended consequences of the mitigation
strategies. For example, adopting the app with an inadequate number of tests available may lead to
epidemic control, but at the price of an unrealistic number of people having to isolate14. Another
model15, still in the development phase, seems to suggest that the app might not be effective at all, and
other measures could be preferable, such as a random testing policy.

Here we present an agent-based model designed to explore the effectiveness of the app in containing or
suppressing the epidemic. The model simulates the complex interplay between: (1) the portion of the
population that uses the app, (2) the availability of testing, and (3) crucial behavioural factors, such as
the willingness to comply with self-isolation instructions. The model explicitly simulates realistic
interactions and examines the different policy options on the table. Our modelling approach tries to
balance the competing needs for �exibility and scalability, while retaining as much complexity and
descriptiveness as possible.

Methods
An agent-based model of COVID-19 transmission and mitigations

Modelling the effectiveness of mitigation strategies requires that we simulate them in parallel with the
spread of the disease itself. Building on the principles of the SEIR approach, an agent-based model (ABM)
was developed, simulating the spread of COVID-19 within the population of an urban area (full source
code at http://github.com/harrykipper/covid). Since the virus is transmitted through contacts between
infected and susceptible individuals, in order to understand the dynamics of the spread it is essential to
represent the multiple social networks that connect individuals within a population and determine
patterns of contacts. A major weakness of traditional compartmental infection models is their
aggregated nature. The models divide the population into homogenous groups (compartments) in
accordance with the state of the disease (SEIR); and disease transmission dynamics is assumed to occur
as the infected group mixes with the susceptible group at certain rates16. These model assumptions do
not account for the heterogeneity that exists between individuals within the groups, and simpli�es the
complexity of contact patterns in social networks that are important to understanding the course of an
epidemic17. Our ABM intends to bridge this gap by modelling more realistic contact patterns that take
place among heterogeneous agents interacting within a social network. Central to the agent-based
approach is that each agent is represented in the model individually, with their speci�c characteristics
(such as age and sex) and behaviour. Furthermore, interactions between agents are explicitly simulated. 
In the proposed model,  agents are linked in a multi-layered social network that determines potential
contacts.    A contact is de�ned as an encounter between two agents where the virus may be transmitted.

http://github.com/harrykipper/covid)
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The social network includes several types of social ties: household, relations, friends, workplace
colleagues (for adults) and classmates (for school children). Contacts outside of the social network also
take place and represent everyday “random” encounters with strangers in public places. In addition, a
proportion of the working age population is assumed to work in customer-facing employment, which
entails additional random contacts.

Agents and social networks
We generate a synthetic population of circa 103,000 agents, derived from the 2011 UK Census18,
including household type, gender and age within geographical zones (Detailed Characteristic Sector
2011). The population represents the city of Glasgow, Scotland. A multi-layered social network links
agents within the following social structures:

A household structure is created as follows: individuals who belong to households classed with the
same type in the Census, and reside in the same locale, are linked together on the basis of age
difference; single people below the age of 20 are assumed to live at home with one or two parents
and siblings. Single people above the age of 20 are assumed to live independently, with a certain
proportion co-habiting. Links of type ‘household’ are built among these

Family relatives who don’t live in the same household (i.e. grandparents) are linked

Several workplace sites are created, based on the distribution of workplace sizes in the city of
Glasgow19. Active working-age agents are distributed among workplaces and linked to all co-
workers at the same site as well as to a subset of colleagues who are assumed to be in closer, more
frequent Out of the working-age population, 13% of agents are assigned to customer-facing
employment20, experiencing frequent contact with random agents of the population during work.

A friendship network links agents over 14 years of age, generated following the Barabasi-Albert
model21so that a scale-free network is produced, characterised by variation in number of friends per
agent, with a median of 14 friends per agent, skewed towards similar

Children between 6-17 years of age also belong to classes of maximum 30 children of the same age
from the same zone and are linked together as

The subset of network contacts that an agent meets on a given day are determined based on the
frequency of encounters and the number of contacts per encounter that characterise each type of social
network (Table 1). For example, we assume that agents meet their household members every day and
have contact with all of them, whereas they meet other relatives only twice a week, each time having
contact with only one of them.
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Type of contact Frequency of
encounters

No. of contacts per encounter Transmission
probability (β ) per

contact
Household Daily All household members β

School 5 days per week 50% of the class β × 0.5
Friendship /

Acquaintance
Daily (age < 65 years)
2.5 days per week (age > 65
years)

1-10% of their friends β

Relations 2 days per week One relative per household β
Workplace 5 days per week All close colleagues and one

from other
colleagues

β

Workplace (public
facing)

5 days per week
Random contacts are drawn

from a
Poisson distribution Pois(λ )
λ = 1.5% × zone− population

β × 0.1

Random Daily (age < 65 years);
2.5 days per week (age > 65
years)

Random contacts are drawn
from a

Poisson distribution Pois(λ )
λ = 0.5% × zone− population

β × 0.1

Table 1. Contact type and transmission probability for social network based and random encounters

Viral transmission
During each simulated day, all infected agents come into contact with a subset of agents from their
social network and with a proportion of the population residing in their area (as de�ned in Table 1). For
each contact with a susceptible agent the virus may be transmitted with a certain probability (Table 1).
The probability of transmission during a contact with an agent in the network (β ) is higher than during a
random contact with a stranger (0.1 β ), as we assume that a contact with a stranger is of shorter
duration and reduced closeness, translating in a reduced likelihood of transmission (Table 1). In
accordance with evidence that children are less susceptible to COVID-1922, we reduce the probability of
infection by 50% for agents under the age of 16.

Progression of the disease
Once a susceptible agent is infected, she progresses through the various states of the disease (Figure 1).
The progression between disease states and the duration of each state are based on probabilities and
durations which are age and gender dependent,   as estimated in recent research on COVID-19 patients
(Supplementary Table S1). Initially, the disease is in the incubation phase, a stage in which the agent is
not infectious. A fraction of the infected agents becomes infectious 1-3 days before the end of the
incubation period (pre-symptomatic infection), while others are infectious only at the end of incubation6,
23, 24. To re�ect that, during each of the last 3 days of incubation agents have a 25% probability of
becoming infectious. Following the incubation period, agents are either asymptomatic or symptomatic.
Asymptomatic agents are able to infect others, but do not feel symptoms, and we assume that after the
3rd day of being infectious, infectiousness declines by 10% each day that follows25. Symptomatic
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agents with a mild disease are assumed to feel the symptoms, but do not require hospitalisation; severely
ill symptomatic agents initially stay at home and are then admitted to the hospital. Once severely ill
agents are admitted to the hospital, we assumed they do not come into contact with any other agent. The
model does not simulate nosocomial infection and always assumes the availability of hospital beds. In
accordance with �ndings, agents stop infecting others after 7-11 days from the onset of symptoms.26.

Mitigation strategies: testing, contact tracing app
The model includes two types of mitigation tools to track and trace infected agents: the contact tracing
app (CTA) and COVID-19 detection tests. The CTA is distributed among a fraction of the population aged
over 14 years old. It stores in memory the ID of all other CTAs it came into contact with over the course of
the previous 10 days. Infected agents who are aware of their illness (by either feeling symptoms or
following a positive test) can use the CTA to notify their contacts of possible exposure. Tests are
administered between 1 and 3 days after the onset of symptoms in an agent, and results are assumed to
be determined within a day. We assume that a �xed number of tests are available; as agents are tested
the stocks decrease and restocking takes place daily. Agents seek testing when: (a) they feel symptoms,
(b) they are noti�ed of possible exposure by the CTA or directly by an infected relative. We assume that
over the course of any given week, 3.5% of the population has contracted in�uenza27, of which 30% will
seek COVID-19 testing. These agents test negative and contribute to the depletion of tests.

Agents’ compliance to self-isolation
When agents self-isolate all their social ties are removed, except for household ties, as they are assumed
to self-isolate at home. However, it is likely that some precautions are put in place between the infected
and her household members; therefore, we assume a 30% reduction in the probability of transmission.

Without the certainty that testing provides, surveys suggest that not all agents will comply with self-
isolation guidelines, both when feeling symptoms or when noti�ed by the CTA28. We denote a parameter
ωi representing the probability of agent i to self-isolate when feeling symptoms of COVID-19. We also
assume that agents who are noti�ed by the CTA, but do not feel any symptoms, are less likely to self-
isolate (than if they had symptoms) without testing.  Therefore, their probability to

self-isolate is reduced by factor Ω, where 0 < Ω < 1. In the model, the probability of self-isolation varies
between agents with mean ω = 70%. Figure 2 presents the algorithm triggered once an agent becomes
aware of her symptoms. The procedure

triggers a chain of actions performed by symptomatic agents that involves testing (if available), decision
to self-isolate and notifying relatives and CTA contacts. Following that, exposed agents who were noti�ed
preforms similar actions.
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Model calibration and baseline scenario
The initial scenario reproduces a ‘business as usual’ situation with no mitigation in place, with contact
frequencies as speci�ed in Table 1. To verify the contact patterns generated by the ABM, we compared
the properties of the distribution of agents’ daily contacts generated by the model to a distribution of
contacts derived from a survey conducted in the UK29. Like the survey results, the distribution is
characterized by a lognormal body and a power-law tail with an exponent of -2.1 (Figure 3a). The median
and mean number of daily contacts are 17 and 12, respectively.

To calibrate the model, we tested a range of transmission probability (β ) values to generate the basic
reproduction number of R0 2.8 in the initial three weeks of the epidemic, as estimated for the UK30. The
best �t was achieved for β = 0.08.

After establishing the initial scenario, we simulate the post-lockdown situation expected in several
countries, in which most restrictions are lifted but citizens are still encouraged to work from home when
possible, limit social interactions, maintain physical distancing and wear face masks in public. Therefore,
in this scenario we assume 3 days attendance per week at workplaces and schools; and a reduction of
30% in contacts in schools, with strangers, as well as the frequency of social meetings (within the
‘friendship’ network). In addition, β is reduced by 30% to re�ect measures such as face mask usage,
social distancing and increased hygiene, all of which reduce the likelihood of viral transmission. We refer
to this situation as our baseline scenario. The reproduction number in this scenario comes down to 1.5.
Comparing the scenarios, when social distancing is practised, the proportion of infected agents at the
peak of the epidemic is signi�cantly reduced from 34% to 10% (Fig 3c). The distribution of the sources of
infection also varies, as the proportion of infection originating in workplaces and schools is reduced and
the household becomes the predominant locus of transmission (Figure 3b).

Experimental design
The core of our study explores the introduction of the CTA and the availability of testing into the baseline
scenario of social distancing. We simulate the impact on viral spread of various combinations of: (1)
proportion of CTA users in the population; (2) levels of testing capacity; (3) levels of compliance with self-
isolation on the part of CTA users; (4) testing Table 2 summarises the parameter combinations explored
in the model. Overall, we simulated 140 scenarios, each repeated 20 times to account for uncertainty in
the results due to the stochasticity embedded in the model.

Results
Effectiveness of smartphone-based track-and-trace policies
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To evaluate differences in viral diffusion under alternative parameter combinations, for each simulated
scenario we plot the overall proportion of the population infected at the peak and throughout the whole
course of the epidemic. We use the baseline scenario of no tests and no app as point of reference to
better understand the impact of the mitigations that are introduced.

Testing without tracing
When testing is the only mitigation used (with no CTA), as testing capacity increases from 0 to 3%, overall
infections decreases from 52% to 42% (Figure 4) and infections at the peak are reduced by 41% (Figure
5). A further increase in testing capacity above 3% does not result in a further decrease in infections. This
can be explained by the number of infected agents per day, which reaches 6% of the population at the
peak of the epidemic (Figure 6a, light green line). Since around 50% of the infected are symptomatic, a
testing capacity of 3% is su�cient. Thus, testing increases compliance with self-isolation which in turn
reduces transmission.

Introducing the CTA with a testing policy that prioritises
symptomatic cases
Once the CTA is introduced, CTA users who are noti�ed of having been in contact with an infected agent
seek testing. When symptomatic agents are prioritised for testing, as the proportion of CTA users
increases, overall infections throughout the epidemic decrease (Figure 4a-4b), and so do infections at the
peak of the epidemic (Figure 5a-5b), irrespective of testing capacity. Moreover, a synergy exists between
testing and the CTA, resulting in a larger reduction in the spread of the virus, re�ected in a decrease in
infections both overall, and at the peak of the epidemic.

Parameter Value in experiments Description
CTA users 0, 20, 40, 60, 80 % ********** over age 14 using CTA

Testing
capacity

0, 0.5, 1, 1.5, 3, 6, unlimited ******* % of population that *** be tested per
**** (reflective of UK policy announcements of 200,000
tests per day, corresponding to 2% of the population ***

week)
**********

of
*** users

Low
compliance: Ω = 0.5
High
compliance: Ω = 0.9

Probability to self-******* for CTA user without testing
decreases by Ω: *********** to self-isolate

= ωi ∗ Ω
*******
policy a. Priority to symptomatic agents

b. No priority

a. Each day *********** agents are tested, only
**** CTA users

b. Agents are tested on basis of first come *****
tested

Initial
conditions

7% recovered from the virus; 300
(0.03%) agents

infected

Reflects UK estimates ahead of lifting lockdown

Table 2. Parameters used in simulation experiments
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As expected the decrease is substantial when testing is not limited: for example, when 80% of the
population uses the CTA. In this case the percentage of the population infected throughout the epidemic
decreases by half, from 52% to 26% (Figure 4a-4b) and cases at the peak of the epidemic reduce by 82%
(Figure 5a-5b). Moreover, for intermediate levels of CTA adoption (40%-60%) and testing capacity
(1.5%-3%), overall infections decrease to 32%-39% of the population and cases at the peak reduce by
45%-64%, depending on the scenario (Figure 4a-4b & Figure 5a-5b).

CTA with no priority to test symptomatic cases
When the testing capacity is restricted and symptomatic agents are not prioritised for testing, an increase
in the proportion of CTA users does not always lead to a decrease in infections (Figure 4c, 4d). This is
observed for instance for a testing capacity of 3%. In this case, CTA adoption rates of 20% - 60% produce
no improvement, or can even result in more infections than the scenario with no CTA users, both for high
and low compliance with the CTA. This somewhat counterintuitive effect is explained by an ine�cient
testing policy. If symptomatic agents are not prioritised, they are as likely to be tested as those noti�ed by
the app, the majority of which are not infected. However, the increased demand for testing generated by
CTA users who receive noti�cations depletes the stocks and prevents several cases from being detected.
This phenomenon is apparent when comparing the ‘e�ciency’ of the two testing policies (Figure 6c, 6d).
When symptomatics are prioritised the proportion of positive tests is higher for any given rate of CTA
adoption.

In general, adoption of the CTA triggers two competing dynamics. On one hand, it informs agents and
leads some of those infected to isolate even in the absence of a test: a crucial outcome, given the high
proportion of a-symptomatic cases. On the other hand, it leads to a large and somewhat ‘ine�cient’
depletion of tests, as several uninfected agents would likely seek testing after a noti�cation from the app.
The model shows that this counterproductive effect can be mitigated either with a testing policy that
prioritises symptomatics, or with an overall increase in testing capacity.

CTA users’ compliance with self-isolation
When compliance level with self-isolation of CTA users is high, overall infections throughout the epidemic
are ~10% lower than when compliance level is low. The level of compliance with self-isolation becomes
more in�uential the higher the proportion of CTA users, and at lower levels of testing capacity (Figure 4).
E.g. in a scenario with no testing and 80% CTA users, overall infections reach 40% when compliance is
high and 43% when compliance is low. The peak of the epidemic compared to baseline scenario is
reduced by ~ 50% when compliance is high and ~40% when compliance is low (25% difference) (Figure
5).
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Discussion
The primary aim of this work is to contribute to the understanding of the complexity embedded in the
interaction between the circulation of COVID-19 and the mitigations proposed. The results presented
above show that app-based contact-tracing has the potential to mitigate the spread of COVID-19 in a
social distancing scenario. With that, CTA e�ciency in reducing the spread relies on additional elements:
testing capacity and management of limited testing resources. When priority for testing is given to
symptomatic cases the impact of CTA is linear; the higher the levels of CTA adoption, the more the virus
is suppressed. This is true for any level of CTA adoption and any level of testing capability.

A more complex dynamic emerges in the model under limited testing resources when symptomatic cases
are not prioritised. Increases in the adoption of the CTA produce a spillover effect whereby the large
number of (mostly non-infected) agents noti�ed by the CTA deplete the testing stock and prevent a
number of symptomatic agents from being tested. In this case, the CTA may even produce an increase in
the infection rate, especially if testing capacity is not su�ciently high relative to the number of app users.

These phenomena that emerge in the simulation can offer generalisable policy-relevant insights. First, the
model shows that to optimise the contribution of the CTA towards epidemic control an adequate testing
capacity has to be in place. This capacity is dependent on the proportion of CTA users in the population.
Second, the speci�c way in which testing resources are managed substantially affects the effectiveness
of containment. The suggestion is that governments should implement the CTA in parallel with a
substantial increase in testing capacity, and accurately plan the details of the testing policy, keeping in
mind that the mere availability of the CTA substantially alters patterns of demand for testing.

One of the aims of the model was to explore the impact of certain behavioural factors: we have shown
that, even under conditions of low compliance of CTA users towards self-isolation, a signi�cant decrease
in the spread of the virus is achieved. Moreover, compliance with self-isolation can be enhanced by
increasing the availability of testing to provide more certainty to exposed individuals regarding their
infection state. Recent �ndings suggest that providing people with assurances about their livelihoods, by
means of �nancial compensation, will increase compliance with self-isolation.31

As we demonstrated, in the more optimistic scenarios overall infections throughout the course of the
epidemic are reduced by half, compared to the baseline scenario. At the same time the model shows that
the mitigations simulated - CTA, testing, social distancing - are unlikely to completely suppress the
epidemic. However, even if the epidemic is not suppressed, the app-based contact-tracing strategy
contributes signi�cantly to lowering the epidemic peak, which is crucial for the functioning and
manageability of the healthcare system until a vaccine and other pharmaceutical treatments are
developed.

While this model simulates realistic quantities and generates outputs in the form of levels of infection
and trajectories of epidemic curves, those outlined above should not be interpreted as precise predictions.
A limitation to the model’s prediction capabilities are due to the unprecedented nature and novelty of
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technology-based contact-tracing. Its outcomes may be in�uenced by additional behavioral and
technological factors that are still to be explored and are not included in the current version of the model.
These factors include the speed with which individuals will enact their decisions on whether to isolate,
malfunction and inaccuracies in the operation of the app, and the processing speed and detection
accuracy of the test.

In conclusion, we maintain that smartphone-based contact-tracing is a viable epidemic mitigation
strategy, worth pursuing on the part of governments. We demonstrated that, as larger fractions of society
adopt the CTA, the spread of the virus is increasingly reduced, and, therefore, the bene�ts extend to the
wider population. In principle, the CTA offers speed and cost e�ciencies that can complement and extend
traditional manual contact-tracing methods. In our view, the idea of technology- based contact-tracing
should not be dismissed, especially not on the grounds that it may widen inequality penalising those with
limited access to the technology, or fail protect the elderly population who is less likely to adopt it.
Paradoxically, users of the CTA do not bene�t directly from doing so, since it only operates when an
individual may already have been exposed to the virus32. While the CTA operates on a personal level by
informing individuals of a possible risk of exposure, its general impact is at the societal level. By tracking
exposed individuals and informing them to seek testing and self-isolate, transmission chains are
interrupted, the spread of the virus is reduced, and so is the likelihood of infection for the whole
population, including those who are not using the CTA.
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Figures

Figure 1

Disease progression. Rectangles represent states of the disease and arrows the transition between states.
dA denotes the duration of the disease state given the age A of the agent. Agents with severe
symptomatic disease spend dsev days at home before being admitted to the hospital for a duration of dA
days. Transition between disease states occurs with age dependent probabilities; where αA and 1 −
αAhos denote the probability of an agent of ageA being symptomatic and asymptomatic, respectively. δ
A denotes the probability for a symptomatic agent to progress into severe disease; γA,G denotes the
probability of a severely ill agent of age A and gender G to die. For details of parameter values see
Supplementary table S1
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Figure 2

Procedure for testing and self-isolation and CTA noti�cation. Once symptomatic agent i becomes aware
of the disease, she seeks testing. If tests are available, she gets tested, receives a positive result and self-
isolates. Household members h of agent i will also self-isolate with probability ωh. Agent i will notify her
relatives that she is infected. If agent i uses the CTA all her contacts recorded in the previous 10 days are
noti�ed. When tests are unavailable, agent i will self-isolate with probability ωi . In case the agent
chooses to self-isolate the aforementioned procedure of self-isolation will take place, otherwise he will
continue as usual. Once CTA user j is noti�ed, she seeks testing. If testing is unavailable, she may self-
isolate with probability ω j ∗ Ω
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Figure 3

Distribution of daily contacts and epidemic dynamics with and without social distancing. (a) Distribution
of number of daily contacts generated by the ABM (black dots) and power-law distribution (gray line) with
an exponent of -2.1 as a reference for the shape of the distribution tail. (b) Distribution of infection
sources by type of contact, with and without social distancing. (c) Percent infected by day, from
beginning to end of the epidemic, with and without social distancing



Page 17/19

Figure 4

Percentage of the population infected during the course of epidemic. Scenarios vary by testing capacity
(x-axis) and percentage of CTA users (Boxplot’s color). Diagrams are organized by testing policy and
compliance with self-isolation of CTA users: (a) High compliance and priority for testing symptomatic
cases; (b) Low compliance and priority for testing symptomatic cases; (c) High compliance and no
priority for testing symptomatic cases; (d) Low compliance and no priority for testing symptomatic cases.
The boxplots show the median and interquartile range of multiple simulation runs.
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Figure 5

Reduction in infected cases at the peak of the epidemic. Reduction is relative to the peak of the epidemic
in the baseline scenario (10%) and measured as a fraction of this value. Scenarios vary by percent of CTA
users (x-axis) and testing capacity (y-axis) and organised by testing policy and compliance with self-
isolation of CTA users: (a) high compliance and priority for testing symptomatic cases; (b) low
compliance and priority for testing symptomatic cases; (c) high compliance and no priority for testing
symptomatic cases; (d) low compliance and no priority for testing symptomatic cases.



Page 19/19

Figure 6

Infected cases and positive tests for a testing policy with and without priority to symptomatic cases.
Percentage infected (a) and percentage of positive tests (c) by day, for a testing policy with priority to
symptomatic. Percentage infected (b) and percentage positive tests (d) by day, for a testing policy
without priority. Percentage of CTA users is in the scenario is marked by line colour. In these scenarios:
testing capacity = 3% and CTA compliance is high. Note that in the scenarios with no CTA users, although
only symptomatic cases are tested, the percentage of positive tests is not 100% because of in�uenza
cases that are also being tested.
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