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Abstract
Since its launch on 24 September 2020, the NHS COVID-19 app has been downloaded to
over 21 million phones, and used regularly by approximately 16.5 million users in
England and Wales, which is 49% of the eligible population with compatible phones, and
28% of the total population. The main epidemiological impact of the app to date has been
from the exposure notification function, which automates contact tracing from confirmed
cases based on digital measurements of proximity events between phones. The app sent
1.7 million exposure notifications: 3.2 per index case, or 4.4 per index case who
consented to be contact traced. We estimated that 6.1% of app-notified individuals
subsequently tested positive (the secondary attack rate, SAR), comparable to the SAR for
manual contact tracing (7.3% for close contacts and 13.5% for direct contacts). We
estimated infected cases averted by the app in October-December 2020 using two
conceptually complementary approaches. Modelling based on the observed notifications
and SAR yielded 284,000 (224,000-344,000) averted cases, whilst statistical comparison
of matched neighbouring local authorities yielded 594,000 (317,000-914,000) averted
cases, i.e. about one case averted for each case consenting to notification of their
contacts through the app. Improvements in the app notification system gave increased
epidemiological effectiveness of the app, further supporting evidence for an effect of the
app. We estimated that for every 1% increase in app users, the number of infections can
be reduced by 0.8% (from modelling) or 2.3% (from statistical analysis).
The United Kingdom has been heavily hit by the COVID-19 pandemic, recording one of the
highest confirmed death rates in the world in 2020 and experiencing two waves in spring and
autumn, and a third in winter due to the B.1.1.7 SARS-CoV-2 variant. In order to help control the
spread of the disease, the NHS COVID-19 app was launched in England and Wales on 24
September 2020, early in the second wave. Out of 33.7 million eligible people with compatible

smartphones, the app has been downloaded on 21 million unique devices, and is regularly used
by at least 16.5 million users. The app provides a number of functions that were expected to
reduce the spread of COVID-19. The main function is ‘digital contact tracing’ (Ferretti, Wymant,
et al. 2020; Kretzschmar et al. 2020; Lunz, Batt, and Ruess 2020; Abueg et al. 2020; Lambert
2020; Cencetti et al. 2020) using the Google Apple Exposure Notification (GAEN) system.
GAEN is embedded in the Android and iOS operating systems and allows privacy-preserving
contact tracing (Google/Apple 2020; Troncoso et al. 2020). App users can be notified if they had
a contact with another user later confirmed to have COVID-19. If the exposure has
characteristics that exceeded a risk threshold, the user will receive an exposure notification and
an instruction to quarantine. App-based contact tracing is a novel public health measure, with
limited empirical validation or estimates of epidemiological impact. Users also check into venues
using a custom QR code scanner, and may receive notifications that they have visited risky
venues. This feature enables a degree of “backwards” contact tracing, where a common source
for clusters of cases can be found (Endo et al. 2020). In addition, the app includes a symptom
checker linked to the booking of PCR tests, automated reporting of a majority of test results in
the app, and locally appropriate information on COVID-19 prevention.
When installing the app, users enter their postcode district (the first half of the postcode),
allowing analysis of geographic variation in app use. For consistency between data sources, we
aggregated data at the level of lower tier local authorities (LTLAs), of which there are 338 in
England and Wales. We defined app uptake as the mean number of active users over
November and December, divided by the population size. App uptake was variable between
LTLAs (Figures 1A and 1B), with an interquartile range of 24.8 - 33.2%. We defined three
phases for the analysis, shown in Figure 1C: phase 0 before app launch, phase 1 from 1
October to early November 2020 (first version of app) and phase 2 from early November to 31
December 2020 (improved version of app). These are described in more detail in Table 1.
Phases in the app precede phases in the resulting cases: there is a lag between changes in
transmission rates and changes in confirmed cases, we assumed by 8 days. Other factors
beside the app changed during these phases. Phase 1 saw increases and local targeted and
tiered control measures, phase 2 saw first a reduction due to the November lockdown and then
a rise in December, mostly driven by the new variant B.1.1.7 (Figure 1C-E).

Figure 1: geographical variability, at the Lower Tier Local Authority (LTLA) level, of both
app uptake and number of COVID cases. Panel A: mean app uptake by LTLA in phase 2/3,
as a map. Panel B: mean app uptake by LTLA in phase 2/3, as a histogram. Panel C: the
seven-day rolling mean of the number of daily confirmed COVID-19 cases per 100,000
population, by date of specimen, coloured by the cumulative per-capita number of cases in
September. Each LTLA is shown as one line. Bold black horizontal arrows indicate the different
phases of the app intervention, and the appearance of the new B.117 viral variant of concern.
Panel D: cumulative number of confirmed cases (by specimen date) in phase 1, by LTLA. Panel

E: as Panel D but in Phase 2. Panels C-E are based on public data on the total number of
people tested positive for COVID, not app users specifically.
Phase

Date range
for cases*

Rationale

Additional context

0

1 Aug 2020 30 Sept 2020

Two months of baseline data before the introduction of the app.
Used for adjustment and stratification of analyses. We ignore
the effects of pilot studies in Newham and the Isle of Wight.

Infection rates grew
approximately exponentially.

Deployment

1 Oct 2020 7 Oct 2020

The number of app users increased rapidly in the first week after
launch (24-30 Sep). This phase is excluded from our statistical
analysis (which assumes a steady-state number of users) but
not from our modelling approach.

1

8 Oct 2020 6 Nov 2020

The phase begins with stabilisation of number of app users, and
ends with release of version 3.9 of the app (29 Oct). During this
phase the app used a simple implementation of GAEN with a
conservative (high) threshold for triggering exposure
notifications.

Local alert levels (3-tier
system) in England from 14
Oct.
Firebreak lockdown in Wales
23 Oct - 9 Nov.

2

7 Nov 2020 31 Dec 2020

The phase begins with release of version 3.9 of the app, when a
custom risk scoring system for exposure notification was
introduced in England and Wales and the number of
notifications per index case increased immediately by a factor of
2. The phase ends when the threshold risk score for exposure
notification was reduced, leading to a further immediate increase
in the number of notifications.

England lockdown until 2
Dec, 3-tier system
afterwards.
Emergence of the new
B.1.1.7 viral variant.
Tier 4 introduced on 20 Dec.

3

1 Jan 2021
onwards

We exclude this phase from our analysis, because the app was
sufficiently different from phase 2 to be separate, but there were
not enough data for reliable analysis.

App

8 Oct 2020 11 Jan 2021

Combined period for the overall effect of the app, at the present
time of analysis

Table 1. Phases of the analysis, and their justification in terms of changes to the NHS
COVID-19 App. *Changes in case numbers resulting from changes to the app will lag behind in
time; we assumed by 8 days, hence for example the change in the app occurring on 23
December is not expected to be reflected in case numbers until 31 December.

Figure 2: characterising the behaviour of the app. A: the total number of app downloads and
active users over time. Fluctuations in app users are artifactual, driven by reporting issues on
Android handsets, such that the estimate of ‘active users’ is a lower bound estimate. B: the daily
number of app users receiving a confirmed positive test, and the daily number of those who had

already been advised to quarantine due to receiving an exposure notification. C. The total
number of notifications triggered each day.

Roughly 1.75 million exposure notifications were sent as a result of 560,000 app users testing
positive over the whole time period: a mean number of notifications per index case of 3.2. Since
72% of app-using index cases consented to app-based contact tracing after receiving a positive
test, the number of notifications per contact tracing event was 4.4. For comparison, the mean
number of contacts traced per index case by the central manual tracing system in the same
period is 1.8 in phases 1 and 2 combined.
(https://www.gov.uk/government/publications/nhs-test-and-trace-england-statistics-24-december-t
o-30-december). Unlike for manual contact tracing, we do not know any details of the nature of
the contacts that resulted in a contact tracing notification. We can however indirectly infer that
they are likely in large part non-overlapping with those found by manual contact tracing. The
majority of contacts found by manual contact tracing live in the same household as the index
case (68% according to (Lee et al. 2021)). In England and Wales, each adult lives with an
average of 0.9 other adults, and therefore, given that users of the app must be aged over 16, it
seems highly likely that most of the 4.4 adults contact traced by the app do not live in the same
household as the index case. The total number of notifications is shown in Figure 2.
An important question regards the probability that an app user who receives an exposure
notification is actually infected. We partially address this by reporting the secondary attack rate
(SAR) in app users, which is the probability that someone who receives a notification later tests
positive within two weeks of being notified. We estimated this to be 6.1%.
This estimate does not count individuals who were infected, but who did not test, or who did test
but did not enter the result in the app; only individuals who were notified and received a positive
test contribute to this, whilst all notified individuals are counted in the denominator. Data to
estimate this was available only for phase 3, in January 2021, after a change in the threshold for
risk calculation which meant that more notifications were being sent than during phases 1 and 2.
Our estimate is commensurate with the SAR observed in encounters with relatives and social
contacts, at the workplace and in school (Koh et al. 2020; Public Health England 2020b; Lee et
al. 2021). The SAR for close contacts identified by manual contact tracing during December
2020 and January 2021 was 7.2% for close contacts and 13.0% for direct contacts (Public
Health England 2020b). An in depth investigation of the SAR for manual contact tracing in an
earlier time period (Lee et al. 2021), perhaps better corresponding to our period of analysis,
suggested an overall SAR of 6.4%, and a SAR of 4.6% for contacts not with other members of
the household. In summary, contact tracing with the app identifies contacts who are
approximately equally likely to be infected than with manual contact tracing.
These results indicate that the app is functioning at a technical level: sending an appropriate
number of exposure notifications, and to the right people. Technical functioning of the Swiss and
Spanish COVID-19 tracing app have recently been demonstrated (Salathé et al. 2020;
Rodríguez et al. 2021). The epidemiological functioning of the app -- the number of infections

averted -- depends on the degree of complementarity of the app with other interventions, the
timeliness of exposure notifications (see Supplementary figure 3), and adherence to quarantine.
To evaluate this epidemiological effect we used two complementary approaches. First, we
modelled the number of cases averted using the number of observed notifications and the SAR
in app users. Second, we performed statistical comparisons of cumulative cases in
neighbouring LTLAs with a similar baseline infection rate.
To model the impact of the app, we started from the number of notifications in each local area
(Figure 2C and 2D) and modelled the likely impact in averting cases downstream. For a
notification to prevent infections the notified person must be infected, and so calculating the
number of cases averted requires multiplying the number of notifications by the SAR. The
number of transmissions averted depends also on the timeliness of the notification relative to
onwards transmission (Ferretti, Wymant, et al. 2020), which can be quantified in terms of the
delay between exposure and notification. Adherence to instructions to quarantine is critical but
hard to assess reliably. UK surveys found only 11% of individuals in quarantine declared proper
adherence to quarantine rules, but 65% of individuals intended to adhere to quarantine (Smith
et al. 2020), albeit imperfectly. In this more pessimistic scenario, the total number of predicted
averted cases during the period 24 Sep - 29 Dec would be 176,000, assuming 50% adherence
to imperfect quarantine (95% credibility interval: 56,000-295,000). Recent surveys found a high
adherence to quarantine (greater than 80%) (Fancourt et al. 2020), and this behaviour may be
more representative of app users. In this more optimistic scenario, the number of averted cases
is approximately 382,000 (95% credibility interval: 364,000-399,000). We considered an
intermediate scenario of 61% overall effectiveness of quarantine in preventing transmissions as
our central estimate, corresponding to 279,000 cases averted (95% credibility interval:
210,000-347,000). The predicted number of cases averted was higher in areas of high app
uptake (Figure 3). The slope of the regression in Figure 3B indicates that the fraction of cases
averted increases by 0.8% for every 1% increase in app uptake (Table 2).

Figure 3: the predicted cases averted in each LTLA, in Phases 1 and 2 combined, as a
function of local app uptake. A: predicted number of cases averted. B: predicted percent of
cases averted (among all cases observed or averted).
Our second approach to evaluate the impact of the app was to link the variation in app uptake
between LTLAs with the variation in cumulative cases. We took care to account for strong
confounding factors. We therefore used a stratified approach, only comparing LTLAs with
similar socio-economic and geographic properties. We used several different ways of grouping
LTLAs into comparable units, and found similar results; one is described below, with the others
in Supplementary Information.
People who use the app live in LTLAs which, compared to the national average, have lower
levels of poverty, are more rural, and have higher local GDP (see Supplementary Information
section on confounding). We included these variables in the regression to measure an effect of
the app adjusting for these known confounders. We expected that app uptake would also be
associated with other factors that affect epidemic dynamics but which were not directly
measured, such as adherence to social distancing measures, use of face masks, etc. Since
these factors affected case numbers before app release, app uptake should have some
correlation with case numbers even before app release. To test this, we regressed the number
of cases in Phase 0 (before release of the app) on a number of covariates including the later
uptake of the app. App uptake was indeed a major predictor of Phase 0 cases (see
Supplementary Information). To account for this confounding effect, we stratified LTLAs into
quintiles based on their Phase 0 cases, and only compared within these strata. With this
stratification, the correlation between app uptake and pre-app cases disappeared, i.e. this
adjusted for unmeasured confounders (see Supplementary Information, “Placebo regression”).
The number of confirmed cases in an LTLA is also confounded by those in neighbouring LTLAs,
therefore we only compared neighbouring LTLAs (those sharing a border). We found that the
difference in number of cases per capita between neighbouring LTLAs, matched by Phase 0
case number quintile, was strongly and robustly associated with differences in app use, whether
or not we adjusted for other demographic confounders (Figure 4, Table 2, and Supplementary
Information for Robustness analyses).

Figure 4. A: a map showing the quintiles of cases per capita LTLAs during Phase 0. We only
compared each LTLA to other neighbouring LTLAs within the same quintile. B: the unadjusted
relationship between difference in app uptake and difference in number of cases per capita in
Phases 1-3 combined.
Disaggregating the effect by phase, we found that it was larger during the second phase (Table
2). This is consistent with the sudden increase in the number of notifications sent out by the app
during phase 2 (Figure 2C). Table 2 shows the estimated effect size replicated in a number of
different statistical analyses (see Supplementary Information for details).
Percent reduction in cases for every percent increase in app use
Analysis

Phase 1

Phase 2

Overall

Modelling

0.32 (0.30 - 0.35)

0.92 (0.84 - 1.0)

0.79 (0.71 - 0.87)

Matched neighbours
regression

1.09 (0.04 - 2.14)
(bootstrap: 0.15 - 2.16)

2.66 (1.75 - 3.56)
(bootstrap: 0.80 - 4.71)

2.26 (1.50 - 3.00)
(bootstrap: 1.60 - 3.19)

Secondary analyses

Phase 1

Phase 2

Overall

Stratified linear regression
in clusters

-1.05 (-2.08 - -0.04)

3.34 (2.53 - 4.14)

2.76 (2.16 - 3.35)

Matched pairs regression*

5.08 (1.77 - 8.40)

3.89 (1.05 - 6.74)

4.39 (1.70 - 7.08)

Matched pairs regression
adjusted for local
efficiency of manual
contact tracing*

4.49 (0.21 - 8.77)

3.11 (-0.14 - 6.35)

3.67 (0.31 - 7.02)

Table 2. The estimated effect of the app, measured as the percent reduction in cases for every
percent increase in app use, based on different analytical approaches. The two primary
approaches -- modelling and matched neighbours -- are described in the main text. The three
robustness checks for the statistical analysis are described in the Supplementary Information.
Ranges shown are 95% confidence intervals (CIs) for regressions, and a sensitivity analysis
exploring 2.5%-97.5% effectiveness of imperfect quarantine for the modelling. *Is restricted to
England only, and uses data on the national NHS Test & Trace contact tracing program
aggregated by Upper Tier Local Authority. Measure of manual contact tracing quality is the
proportion of contacts reached per case.
We translated both the modelling and statistical findings into estimates of cases averted in
Table 3. These estimates are comparable to the number of app users who tested positive and
consented for notifications to be sent: roughly 400,000. This finding suggests that on average,
each confirmed case who consented to notification of their contacts through the app prevented
one person from becoming infected.
Analysis

Cases averted in phases 1 and 2 combined

Deaths averted in phases 1 and 2 combined

Modelling

279,000 (210,000 - 347,000)

4,100 (3,100 - 5,100)

Matched
neighbours

594,000 (317,000 - 914,000)

8,700 (4,700 - 13,500)

Table 3. Cases averted, as predicted by the different approaches. The total number of cases
and deaths that actually occurred in phases 1 and 2 combined was 1,892,000 and 32,500,
respectively. Ranges shown are 95% CIs for regressions, and a sensitivity analysis exploring
2.5-97.5% effectiveness of imperfect quarantine for the modelling. Deaths averted were
estimated using the empirical case fatality rate.
Finally, we extrapolated the findings to explore different ways in which the app could be
improved, by re-running scenarios with different parameters (Table 4). Even though these are
retrospective projections, the expected reductions in number of cases are relevant when
considering forward projections.

Percent reduction in total case burden in phase 2 (in addition to
reductions observed for the current implementation of the app)
Analysis

Modelling

Statistical extrapolation

Increase uptake to 35.9% - current 90th
percentile - for all LTLAs (Improve equity)

11% (8-13%)

21.0% (14.5-26.8%)

Increase uptake across the board by 20
percentage points (Mass improvement)

23% (18-29%)

41.5% (29.5-51.5%)

Switch to opt-out notification (5% drop-off)*

6.5% (4.9-8.1%)

NA

Improve adherence to quarantine by 20
percentage points

6.8% (5.1-8.5%)

NA

Reduce time to test result by one day**

3.6% (2.7-4.5%)

NA

Table 4. Scenarios for improvements, in terms of the percent reduction in total case burden that
would have occurred during phase 2. This is the further reduction relative to the cases that
actually occurred, not relative to cases inferred in the absence of the app. Ranges shown are
95% CIs for regressions, 2.5-97.5% effectiveness of imperfect quarantine for the modelling.
*Currently, the app requires consent after the receipt of a positive test for contact tracing to be
initiated, which is provided by 72% of users. We assume that changing to opt-out consent, e.g.
by consent at registration, would increase this to 95%. **Reducing test turnaround time has
many benefits not modelled here, here the effect is only that mediated through the app.
Discussion
Our analysis suggests a relatively large number of COVID-19 cases were averted by contact
tracing via the NHS app, ranging from approximately 200,000 to 900,000 depending on the
details of the method, compared to the 1.9 million cases that actually arose. Averted cases were
concentrated in Phase 2, covering November and December 2020, after a major upgrade to the
app’s risk scoring function (Lovett et al. 2020). These findings can be compared to prior results
from modelling, such as our report to NHSx (Hinch et al. 2020). Applying our individual-based
simulation of a contact tracing app (Hinch R and Probert WJM et al. 2020), with a similar
mechanism calibrated to a different setting, Abueg et al estimated that a 30% uptake of the app
would result in approximately 1 infection averted for every 4 infections arising for 4.5 months of
action (Abueg et al. 2020). Our estimates are in line with these expectations, and also with an
approximately exponential dependence of the number of cases averted on uptake over the
observed range of uptakes. Problems with contact tracing can cause large increases in
infections: one estimate attributed 127,000 additional cases to the failure to manually trace
contacts of 16,000 index cases in a timely manner (Fetzer and Graeber 2020). Equivalently,
improvements to contact tracing -- such as adding app-based proximity detection and
notification to the traditional manual system -- can cause large reductions in infections.

Though it is informative to estimate effects on the time-varying reproduction number R, as done
for example in (Flaxman et al. 2020), we did not pursue this analysis here. The epidemic
dynamics of individual LTLAs are difficult to interpret: the time period of analysis coincided with
staggered introductions of locally targeted restrictions, a short national lockdown, the Christmas
holiday season, and the emergence of the B.117 variant genotype, which is more infectious and
has rapidly become the majority variant spreading nationally across the country (Volz et al.
2021; Davies et al. 2020; Vöhringer et al. 2020; Public Health England 2020a). Future work
could perhaps model all of these effects in a single hierarchical model, permitting joint
estimation of the app effect over LTLAs with linked drivers and dynamics. Careful construction
of counterfactual time series could also be considered (Brodersen et al. 2015). Our simpler
approaches have the benefit of transparency, and we hypothesise that under negative-feedback
dynamics, appropriately constructed comparisons of total case counts over a sufficiently long
time period may reveal underlying propensity for disease spread.
The main limitation of our analysis is that it is an observational study: no randomized or
systematic experiment resulted in different app uptake in different places. Interpreting
observational analyses requires particular care due to the risk of confounding. To mitigate
inherent limitations, we combined a modelling approach based on the number of exposure
notifications sent and the observed secondary attack rate, with a statistical approach that was
stratified to focus on differences between directly comparable areas only. Our modelling
approach was based on the mechanistic function of the app. Our statistical approach was based
on emulating how a cluster randomised trial would have been conducted (Hernán and Robins
2016). To test for the tendency of the statistical method to be biased by confounding factors, we
conducted a placebo analysis (see Supplementary Information). The method was found,
reassuringly, to give a null association for the placebo analysis. Nonetheless, it remains
possible that changes in app use over time and across geographies reflect changes in other
interventions, and that our analysis incorrectly attributes the effect to the app. Our modelling
approach is less prone to this bias than our statistical approach. A second limitation of our
analysis is that we did not have data on the combined effect of manual and digital contact
tracing. Based on the analysis of delays (Supplementary Information), and on the rate of
notifications per index case, we may reasonably infer that the app had a separate and additional
effect to manual contact tracing. We confirmed this with an analysis which included adjustment
of a metric of quality of manual contact tracing, which did not affect our conclusions. Our
statistical approach is less prone to this second source of bias than the modelling approach.
The app is best understood as part of a system of non-pharmaceutical interventions, not in
isolation. The specific role of app-based contact tracing is to speed up contact tracing, and to
reach more people per index case. Contact tracing requires case finding, and so is a follow up
to effective, widespread and rapid testing. Contact tracing is not a substitute for social
distancing or face covering; control of the epidemic requires all available interventions to work
together. Isolation and quarantine can only be effective when financially supported; replacing
quarantine by daily testing could improve both specificity and adherence. Outbreak response
and backwards contact tracing are ways of increasing the effectiveness of the intervention.
Better use of location-specific QR code scanning could help: notifications for 226 risky venue

events have been issued as of 20 Jan 2021. App-based contact tracing may free up resources
for specialist contact tracers to focus on investigations of complex local epidemics and
outbreaks.
The app is working as a public health tool. Improvements were implemented to the risk scoring
model that resulted in increased accuracy and efficacy (Lovett et al. 2020). These
improvements are currently specific to the NHS app, but are open source and could be
incorporated into the Google Apple Exposure Notification system to improve digital contact
tracing around the world.
Users should be informed that if they receive an exposure notification and are asked to
quarantine, the risk that they are infected is similar to that when they were identified by manual
contact tracing as a ‘close contact’, i.e. 7.3%. The secondary attack rate of 6.1% is the
proportion of people notified by the app who go on to themselves test positive during the period
when they were asked to isolate, or in the 14 days after. Since only a fraction of infected people
ever test to become confirmed cases, it is not a measure of the proportion of these notified
people who are infected. The proportion of contacts that are infected may be twice as high as
the secondary attack rate, both for manual and app based contact tracing.
The surest way to increase the effectiveness of the programme is to increase uptake, and to
provide material support to individuals undergoing isolation and quarantine. Special efforts may
be needed to reach underserved communities. Faster testing, perhaps using point-of-care
antigen tests, and integration of self-testing with the app could result in better disease control.
Widespread vaccination will eventually reduce the need for non-pharmaceutical interventions,
but vaccination will unlikely have global reach within the coming months, during which time
improved non-pharmaceutical interventions could still prevent many infections (Galanti et al.
2020; Moore et al. 2021). Smartphone use is already global, and thus privacy-preserving
contact tracing apps should be further integrated into the public health toolkit.

Methods
Estimating app uptake. To monitor the safe function of the app and enable its evaluation, a
limited amount of data are shared with a secure NHS server. Each active app sends a single
data packet daily. The fields in these packets contain no sensitive or identifying information, and
are approved and publicly listed by the Information Commissioner
[https://www.gov.uk/government/publications/nhs-covid-19-app-privacy-information]. For the
reported numbers of downloads, repeat downloads to the same phone are counted only once.
The number of active users each day is defined as the number of data packets received by the
NHS server; for a single representative value of this quantity, we took the mean over all days in
November and December (earlier data was deemed less reliable). We note that there continue
to be unexplained fluctuations in reported user numbers on Android phones. To estimate uptake
within an LTLA, each postcode district was mapped to the LTLA in which the majority of its
population reside, and we took the ratio (number of active users in postcode districts mapped to

this LTLA) / (total population in postcode districts mapped to this LTLA). The population of
England and Wales is 59.91 million, of whom 47.48 are over 16 and thus eligible to use the app
[ONS]. Assuming that England and Wales is representative of the UK, we estimate that 82% of
people aged 16+ have smartphones [OFCOM], and that of smartphones in circulation, 87%
support the Google Apple Exposure Notification system [Department of Health and Social Care,
personal communication]. The denominators for measuring uptake at the national level are
therefore 59.91 million (total population) and 33.87 million (eligible population with compatible
phones).
Defining numbers of cases. The COVID-19 case numbers per day we used here are those
reported at https://coronavirus.data.gov.uk/, by specimen date and LTLA. We obtained
per-capita case numbers at the LTLA level by dividing by LTLA populations reported by ONS.
Testing has been available through the NHS Test and Trace system in all areas throughout the
period, with a median delay of less than 2 days from booking a test to receiving the result.
Testing capacity has mostly exceeded demand, except for two weeks in early September. We
assumed that case ascertainment has been relatively constant over the period of analysis, an
assumption qualitatively supported by the unbiased ONS and REACT studies (Steel and
Donnarumma 2020; Riley et al. 2020).
Estimation of the secondary attack rate amongst exposure notified people. We focussed
on a period in January when these data were linked, rather than earlier periods when isolations
and test positivity were available at the population level. The SAR at time t1 was computed by
comparing the number of cases in exposed users (i.e. those that become positive after being
asked to isolate due to risky contact) I N to the number of exposure notifications N over the
same period: S AR(t) = ∑ pN P (t|y)I N (y)/N (t) , where pN P (tN |tP ) is the probability of a user being
y

notified at time tN conditional on getting a positive test at a later time tP .
Modelling cases averted based on exposure notifications and secondary attack rate. The
effect of notifications received at time t on cases averted can be modelled as the product of (i)
the number of notifications, (ii) the secondary attack rate, i.e. the probability that notified
individuals are actually infected, (iii) the expected fraction of transmissions preventable by strict
quarantine of an infectious individual after a notification, (iv) the actual adherence to quarantine,
and (v) the expected size of the full transmission chain that would be originated by the contact if
not notified. Before each notification, the contact’s app sends a request for permission to the
central NHS server. We estimated the total number of notifications per day on each Operating
System (OS: Android or iOS) from these requests. We estimated the number of notifications per
LTLA from the number of partial days of quarantine (typically corresponding to the first day of
quarantine, i.e. the day of notification) per day, OS and LTLA, rescaling it by a time- and
OS-dependent factor to match the number of notifications per day and OS. The delay between
last exposure and notification is assumed to follow a normal distribution, with time-dependent
parameters estimated via Least Squares from the daily number of notifications and individuals in
quarantine. The fraction of preventable transmissions is estimated from the delay distribution
using the generation time distribution in (Ferretti, Ledda, et al. 2020) with mean 5.5 days. We

assume 97.5% effectiveness of quarantine in preventing transmission with complete adherence,
and 50% as central value for quarantine with imperfect compliance. Finally, the size of the
epidemic chain triggered by a single case is computed assuming that local epidemics do not mix
and that the extra cases do not affect the epidemic dynamic.
Statistical analysis. Each statistic of interest, app uptake, log cases per capita for phase X, %
population living in poverty, rural/urban score and local GDP, is collated by LTLA. Let y label a
local authority, and let M(y) label the subset set of neighbouring (adjacent) LTLAs that are in the
same quintile of cases for phase 0. Each statistic f_y measured in y is compared to the
population-weighted mean in matched neighbours f_M(y), such that D_f_y is the difference in f
between x and its matched neighbours. Effects are estimated by regressing D_logcases_y for
each phase with predictor variables D_uptake_y, D_poverty_y, D_rural_y and D_GDP_y. Full
results of regression are shown in Supplementary Materials. Predictions for cases averted are
found using the regression coefficient beta_uptake for D_uptake_y, and predicting the effect of
uptake being reduced to 15% (or kept as is if less than 15%) by linear extrapolation. We
assume that there is little benefit of app uptake below 15%. A quadratic regression with
intercept at 0 provides very similar findings (not shown). Cases averted are multiplied by the
crude case fatality rate to predict deaths averted.
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