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Abstract

Background To support proactive care during the coronavirus pandemic, a digital COVID-19 symptom tracker was
deployed in Greater Manchester (UK) care homes. This study aimed to understand what factors were associated with
the post-uptake use of the tracker and whether the tracker had any effects in controlling the spread of COVID-19.

Methods Daily data on COVID-19, tracker uptake and use, and other key indicators such as staffing levels, the num-
ber of staff self-isolating, availability of personal protective equipment, bed occupancy levels, and any problems in
accepting new residents were analysed for 547 care homes across Greater Manchester for the period April 2020 to
April 2021. Differences in tracker use across local authorities, types of care homes, and over time were assessed using
correlated effects logistic regressions. Differences in numbers of COVID-19 cases in homes adopting versus not adopt-
ing the tracker were compared via event design difference-in-difference estimations.

Results Homes adopting the tracker used it on 44% of days post-adoption. Use decreased by 88% after one year of
uptake (odds ratio 0.12; 95% confidence interval 0.06-0.28). Use was highest in the locality initiating the project (odds
ratio 31.73; 95% Cl 3.76-268.05). Care homes owned by a chain had lower use (odds ratio 0.30; 95% Cl 0.14-0.63 ver-
sus single ownership care homes), and use was not associated with COVID-19 or staffing levels. Tracker uptake had no
impact on controlling COVID-19 spread. Staff self-isolating and local area COVID-19 cases were positively associated
with lagged COVID-19 spread in care homes (relative risks 1.29; 1.2-1.4 and 1.05; 1.0-1.1, respectively).

Conclusions The use of the COVID-19 symptom tracker in care homes was not maintained except in Locality 1 and
did not appear to reduce the COVID-19 spread. COVID-19 cases in care homes were mainly driven by care home local-
area COVID-19 cases and infections among the staff members. Digital deterioration trackers should be co-produced
with care home staff, and local authorities should provide long-term support in their adoption and use.
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Background

Residents of care homes (both residential and nursing
homes) are particularly vulnerable to developing severe
illness from COVID-19 [1]. Over a quarter of all COVID-
19-related deaths in England during 2020 were in care
homes [2, 3]. By the end of April 2020, a third of all care
homes had reported COVID-19 outbreaks [4]. To sup-
port care homes, local health and care systems needed
real-time data on COVID-19 cases, residents’ health,
staff shortages, and availability of personal protective
equipment (PPE) to identify those homes, and residents
within homes, who needed immediate support to contain
and manage COVID-19.

With the emergent threat of COVID-19, a digi-
tal tracker was introduced into Greater Manchester
(GM) care homes to facilitate proactive management
of COVID-19 and residents’ health [5]. The tracker was
developed from a digital falls prevention tool' through a
partnership between a regional health innovation organi-
sation, a technology company, and clinical leads from one
of the localities in GM. The tracker was designed for use
on either personal computers, laptops, tablet devices, or
other mobile devices for facilitating bedside assessment
and input of residents’ health data.’

The tracker allowed staff to input residents’ COVID-
19-related symptoms (temperature of 37.8° and/or a new,
dry cough) and other health indicators including con-
fusion, health status over the last four weeks, residents’
advance care planning, and whether the resident has
been prescribed end of life drugs. Staff members were
asked to enter data for each resident to get a snapshot of
residents’” health, aid early identification of deterioration,
and facilitate care planning and system response.

Real-time data were to be shared with the resi-
dent’s general practice (GP) and local NHS community
response teams with the hypothesis that this would result
in swift measures being put in place (e.g., approaches to
manage residents’ health and to help contain COVID-19
spread). Aggregated home-level daily data were visible
to area hubs, GPs, and Greater Manchester health and
care providers via a visual GM dashboard held by Greater
Manchester Health and Social Care Partnership (GMH-
SCP). This provided a longitudinal dataset of COVID-19
cases and residents’ well-being which included: an inter-
active map using circles of different colours and sizes
to display homes with and without COVID-19 cases,
the latest assessment date, daily assessed and reported

! For a general introduction of Falls app and COVID tracker, see the company
site https://safesteps.tech/covid-tracker.

% For a brief introduction and template of the tracker deployed in GM, see
the user guide https://healthinnovationmanchester.com/wp-content/uploa
ds/2020/07/CV19-Care-Home-Dashboard-User-Guide-Jul20.pdf.
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residents, and a summary dashboard showing trends in
COVID-19 and residents’ well-being.

The tracker was deployed in GM, England from April
2020 onward. The deployment was initiated as a partner-
ship between Health Innovation Manchester (HInM),
GMHSCP, and a local authority and its NHS Founda-
tion Trust [5]. By the end of 2020, 91 care homes (17%
of homes in GM) had adopted the tracker and by April
2021, 139 (25%) of care homes had adopted the tracker.
Tracker uptake was mandated for all care homes in one of
the ten localities and advised or optional in the remain-
ing nine. In some localities, the tracker was adopted in a
small number of care homes to get feedback before wider
deployment across the locality. Homes across all locali-
ties were expected to do regular assessments (mostly
daily) of all the residents for COVID-19 symptoms, con-
fusion signs, and general well-being.

Like many digital technologies deployed worldwide to
fight COVID-19 [6], the tracker might affect COVID-
19 spread in several ways. The training provided on
recording COVID-19 symptoms in the tracker may have
improved carers’ understanding of initial COVID-19
symptoms, leading to timely interventions. The shar-
ing of real-time data with GPs and local response teams
may have led to prompt interventions such as provision
of PPE, addressing staff shortages, providing guidance on
keeping distances and self-isolation, and clinical care.

The continuous use and success of such digital track-
ers depend on a multitude of factors [6—9]. Trackers may
have limited success if they are not deemed fit for pur-
pose, useful or where workforce barriers limit their use.
They may also be rejected if a lack of system responsive-
ness to the data is perceived [7, 8]. Similarly, if the tracker
was not used in a timely way/effectively, the shared data
were not acted upon, or the guidelines were not followed
then the tracker might not help in controlling COVID-19
spread or improving any other health indicators in care
homes. Additionally, symptom screening alone might not
reduce COVID-19 transmission because more than 50%
of COVID-19 cases are either mild or occur in asymp-
tomatic residents [6]. On the other hand, if the tracker
is thought to be useful for purposes beyond COVID-19
(e.g., recording residents’ health status and advance care
plans) then its use might be sustained even if pandemic
pressures ease [8].

The evidence published to date on the use and effec-
tiveness of digital technologies to fight COVID-19 has
mostly focused on national-level experiences, comparing
the use of big data, artificial intelligence, cloud comput-
ing, 5G, etc., for remote health services, communication,
tracking, and monitoring in the fight against COVID-19
[9-12]. In adult social care, pre-COVID-19 research is
mostly qualitative in nature and focused on workers’ and


https://safesteps.tech/covid-tracker
https://healthinnovationmanchester.com/wp-content/uploads/2020/07/CV19-Care-Home-Dashboard-User-Guide-Jul20.pdf
https://healthinnovationmanchester.com/wp-content/uploads/2020/07/CV19-Care-Home-Dashboard-User-Guide-Jul20.pdf
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residents’ experiences of digital technologies, barriers
and facilitators to their uptake, the application of digi-
tal technologies for telehealth, social prescribing, and to
support people living with dementia [12, 13]. The post-
COVID-19 research has focused on descriptions of inter-
ventions, how COVID-19 has changed the prospect of
digital technology use, how the new technologies could
be harnessed in social care and inequalities in access to
digital technologies. The key message from existing pub-
lished work is that more research is needed to clearly
understand the use and effectiveness of such technolo-
gies and their impact on digital inequalities [6, 13, 14].

There is limited quantitative evidence on the sus-
tained use of digital trackers, and factors affecting use,
for COVID-19 management in adult social care or the
impacts such trackers may have on containing the pan-
demic spread. Particularly, literature on the abandon-
ment of digital innovations versus sustained use is sparse
in adult social care [15]. Addressing this is important
as uptake alone is not enough for achieving the desired
outcomes.?

This study aimed to enhance the literature by assessing
post-uptake actual use of a digital tracker and whether
there was any association between tracker uptake and use
and the spread of COVID-19 in care homes in Greater
Manchester, UK by answering the following questions:

1 Was there any association between the care home
use of a digital COVID-19 tracker and the type of
care home, time since tracker adoption, frequency of
COVID-19 cases, care home staffing levels, supplies
of PPE, and the care home location?

2 Did the uptake and use of a COVID-19 tracker
impact on the number of COVID-19 cases in care
homes?

Methods

This study evaluates the use and impact of a digital
tracker for COVID-19 management in care homes in
Greater Manchester (GM), UK. It is reported according
to the STROBE framework [17].

Intervention

Tracker deployment started in one GM locality in April
2020. Care homes in a second locality began using the
tracker in July-August 2020 and by the end of 2020, care
homes from eight (of 10) GM localities were using the

3 For example, in Norway twenty-one out of 28 hospitals reported using tele-
medicine, however relative use of telemedicine compared to that of outpatient
visits in qualifying specialties was only about one percent [16].
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tracker. In total, 91 GM care homes adopted the tracker
at different times during 2020, the number reached 139
by April 2021.

Study period and population

The study considered all 547 care homes in the GM data-
base across the 10 GM localities. The analysis of tracker
use covered the 139 homes that adopted the tracker
over the period April 2020 to April 2021. For the tracker
impact evaluation, data from year 2021 were excluded
due to possible differential effects of COVID-19 vaccina-
tion. 13 care homes were dropped from the analysis due
to a lack of data on COVID-19 cases. Impact evaluation
analysis thus included 534 care homes for the April to
December 2020 period.

Study design and data sources

The study was a prospective cohort analysis of care
homes’ use of the tracker and COVID-19 cases in the
care homes. Daily data on the number of residents whose
health was assessed and reported in the tracker were
used to develop a measure of tracker use. These data were
obtained via the GM health and care system for the 139
homes that adopted the tracker over the study period.
Daily data on care home staffing levels, staff-self-isolat-
ing, occupancy levels, number of available beds, residents
with COVID-19 (either positive or having symptoms),
a flag about whether the home accepts new admissions
(yes, limited capacity, emergencies only, not possible) and
PPE supplies were provided by the GM health and care
system via COVID-19 dashboards for all GM care homes
(further details of GM COVID-19 situation reporting
data are provided in the Additional file 1: Appendix S1)
and linked to data from the Care Quality Commission
(CQC) [18] care directory of home types to examine rela-
tionships between the tracker use and type of home own-
ership, residential status (residential vs nursing), quality
ratings, and service types (flags on whether the home
serves residents with dementia, learning disabilities and/
or autism, physical disabilities, and mental health prob-
lems, respectively). Middle Super Output Area (MSOA)
level COVID-19 weekly cases data were also merged to
account for the spread of COVID-19 in the MSOA of the
care home. The MSOA-level weekly data were extracted
from the publicly available UK COVID-19 dashboard and
converted into daily data using geometric growth for-
mula. The data were also merged with data on the home’s
local area index of multiple deprivation [19].

Analysis

The percentage of residents whose health was
reported in the tracker was plotted by locality and
over time to evaluate geographical and time variations
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in assessments for the care homes that adopted the
tracker. Correlated random effects logistic regression
was used to estimate the odds of tracker use (where
a home is using the tracker if at least one resident is
assessed on a given day) by type of home and across
localities [20]. Fixed effects logistic regression tested
the association of tracker use with staff levels, COVID-
19 cases, PPE availability and change in tracker use
with time since adoption. To explore the association
between the tracker use and time since adoption, care
homes were divided into eight categories; each with a
50 day window. Group 1 comprises care homes adopt-
ing the tracker within the last 50 days, and group 8
comprises care homes that adopted the tracker at least
350 days previously. For estimator selection and treat-
ment of missing data, see Additional file 1: Appendix
S2.

Correlated random effects logistic regression esti-
mated odds of COVID-19 outbreaks (where an out-
break is defined as having at least one COVID-19
positive resident or resident having symptoms on a
given day in a care home) by home residential status,
ownership type, CQC quality ratings, and type of resi-
dents served. For methods and a discussion of missing
data see Additional file 1: Appendix S3.

To assess the impact of the tracker on COVID-19
spread, an event design difference-in-difference (DID)
model was estimated [21]. This compared changes in
COVID-19 cases per 100 occupied beds (hereafter out-
comes) in homes that adopted versus did not adopt the
tracker. In an event design, time is measured in rela-
tive terms; time to and time since the event of interest.
Event design DID is particularly useful in cases where
there is variation in timings of intervention implemen-
tation across units of interest and a possibility that
the effects of intervention might differ across units or
over time [22-24]. Given this, the event design DID is
recommended for evaluations of COVID-19-related
policy interventions [21]. As COVID-19 cases will
likely depend not only on tracker use, models were
adjusted for lagged values of covariates such as staff
available, home local area COVID-19 cases, and a
flag on whether the home was accepting new admis-
sions, to reduce potential confounding. Addition-
ally, we used propensity score matching to match the
homes that adopted versus did not adopt the tracker
by home ownership, residential status, quality ratings,
home area deprivation index, and the type of residents
served before the DID estimations. The estimations
were restricted to 2020 due to possible differential
effects of COVID-19 vaccination. 13 care homes were
in the database but had no data on COVID-19 or occu-
pied beds during 2020. The DID estimations included
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534 care homes with 127,589 observations (homes x
days). A range of sensitivity analyses were conducted
using Poisson regression and non-parametric esti-
mation techniques (Additional file 1: Appendix S4)
[24-26].

Results

Summary statistics of the number of homes and their key
characteristics are provided in Table 1. In GM, 66% of
care homes provided only residential services whilst 44%
provided nursing or both nursing and residential services.
88% of the care homes were for-profit businesses. 34% of
care homes were owned and run by chains whilst 66%
were in single ownership. At the beginning of the pan-
demic, 78% of care homes were rated ‘good’ and 3% were
rated ‘outstanding’ by the CQC whilst 18% were rated as
‘requiring improvement. Care homes that adopted the
tracker were larger (by the number of occupied beds and
staffing) and owned by a chain than care homes that did
not adopt the tracker. There were no statistically signifi-
cant associations between tracker adoption and most of
the other characteristics reported in Table 1.

Care home use of the tracker

Figure 1 plots the monthly percentage of residents whose
health was reported in the tracker across localities and
over time. Between April 2020 and April 2021 the aver-
age weekly percentage of residents whose health status
was reported in the tracker ranged between 13% and 57%
across localities (calculated as over time mean of

%xloo for each locality). On most days care

homes were either reporting every resident (40% days) or
none (56% days).

Regression analysis explored variations in tracker
use by locality and types of homes (Columns 1 and 2 of
Table 2) and examined association with staffing levels,
COVID-19 cases and PPE supply (Table 2, Column 3).
Since care homes were either reporting all or none of the
residents on 96% days, tracker use was measured by a
binary indicator taking a value of one if at least one resi-
dent was reported on a given day and zero otherwise.

Column 1 of Table 2 reports the odds of tracker use
by care home types and localities without any adjust-
ment for the available mediating factors such as staffing
levels, COVID-19 cases or PPE supply whereas Column
2 adjusts for these factors. From Column 2, the tracker
use was 32 times higher (OR 31.73: 95% CI 3.76;268.05)
in Locality 1 compared with the reference locality (Local-
ity 7). There was no statistically significant difference in
tracker use between all the other localities. Care homes
owned by a chain had 70% lower odds of tracker use (OR
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Table 1 Greater Manchester care homes by service type and tracker adoption

All care homes Care homes not Care homes P-value of

adopting tracker adopting tracker  difference”

Number of care homes 547 408 139 .
Number of occupied beds per home per day” 2861 2745 31.82 0.00
Number of available beds per home per day® 5.20 4.84 6.16 0.00
Number of workers per home per day® 38.57 3748 41.57 0.00
Number of staff self-isolating per home per day® 092 0.84 1.14 0.00
Number of COVID-19 cases per 100 beds per day® 1.95 1.94 1.98 0.36
Care homes with PPE supply of less than a week (%)° 27.12 2583 30.71 027
Care homes with PPE supply of one to four weeks (%)° 67.80 69.05 64.29 034
Care homes with PPE supply of more than a month (%)° 5.08 512 5.00
Care homes with new admissions status: no issue (%) 41.81 47.06 27.14 0.00
Care homes with new admissions status: limited capacity (%)° 22.79 17.65 37.14 0.00
Care homes with new admissions status: emergencies only (%)° 038 0.51 0.00
Care homes with new admissions status: not possible (%) 3503 3478 35.71 0.84
Care homes providing residential services only (%)¢ 66.09 67.37 62.50 034
Not-for-profit care homes (%)¢ 12.02 12.89 9.56 0.36
Branded (chain ownership) care homes (%)“ 33.53 2947 44.85 0.00
Care homes with CQC rating: inadequate (%)¢ 0.80 0.82 0.74 .
Care homes with CQC rating: requires improvement (%)¢ 17.37 16.12 20.74 0.23
Care homes with CQC rating: good (%)“ 7844 80.05 74.07 0.18
Care homes with CQC rating: outstanding (%)¢ 3.39 3.01 444 041
Care homes with residents with learning disability/autism (%)© 19.38 2132 13.97 0.08
Care homes with residents with physical disabilities (%)¢ 37.02 36.32 3897 061
Care homes with residents with mental health issues (%)¢ 29.07 30.53 25.00 027
Care homes with residents with dementia (%)¢ 54.84 52.89 60.29 0.16

Care homes adopting the tracker are those care homes that adopted the tracker over the April 2020-April 2021 period.

9For the count variables, the p values are from a t-test comparing the difference in means by tracker use. For categorical variables, the p values are from Fisher’s Exact
Test on the association between the respective characteristic and the tracker uptake. P values are reported only when n > 30 for t-testand n > 5 for Fisher Exact test

in each group.

bThese variables come from the GM COVID-19 situation reporting data. The numbers are mean values over the Apr 2020-Apr 2021 period.

“These variables come from the Care Quality Commission care directory. The percentages are based on 522 care homes as all care homes in the GM COVID-19

situation reporting data could not be linked to the CQC register

0.30: 95% CI 0.14;0.63) compared with independently
owned care homes (Column 2 of Table 2).

Column 3 of Table 2 reports the association of staffing
levels, COVID-19 cases and PPE supply with tracker use
and how use changed since adoption of tracker. Tracker
use decreased significantly over time; use was 75% lower
after 200 days of adoption compared with the first 50 days
of tracker adoption: OR 0.25 (95% CI 0.15;0.39). Tracker
use was 57% lower when PPE supply was sufficient for 1
to 4 weeks’ use compared with when PPE supply was suf-
ficient for less than a week (OR 0.43: 95% CI 0.24;0.78).
There was only a weak or no association between tracker
use and the percentage of residents with COVID-19: 0.99
(95% CI 0.99;1.00) or staff available for work: 1.00 (95%
CI10.99;1.00).

Table A2 in the Additional file 1: Appendix S2 tested
the effects of interactions between the time since tracker

adoption and local authority indicators by including
days on tracker x locality indicators among the regres-
sors. However, most of the coefficients for the interaction
terms were statistically insignificant, and the main results
of Table 2 still hold. For details on the robustness checks
on the factors associated with the tracker use, see the
Additional file 1: Appendix S2.

COVID-19 outbreaks and tracker impact on COVID-19
spread

Figure 2 plots the trends in daily COVID-19 cases per
100 occupied beds in care homes which adopted the
tracker versus those which did not adopt the tracker. For
both groups, the percentage of COVID-19 positive resi-
dents was higher during April, May 2020 and October—
December 2020 compared with other months (matching
Waves 1 and 2 of the pandemic in England).
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Fig. 1 Trends in assessments by local authorities. C/ confidence interval. The number of care homes that adopted the tracker changes with calender
time in each locality. Two localities trends are not reported due to the low number of homes adopting the tracker in those localities

Regression analysis explored COVID-19 outbreaks by
types of care homes (Columns 1 and 2 of Table 3) and
whether adopting the tracker affected COVID-19 spread
(Table 3, Columns 3—4). To prevent any effects from dif-
ferences in COVID-19 vaccination levels the latter analy-
sis was restricted to the year 2020 only.

On 87% of days between April 2020 to April 2021
there was no resident with COVID-19 symptoms or
who tested positive. A COVID-19 outbreak was thus
measured by a binary indicator taking a value of one if
at least one resident tested positive or had symptoms
on a given day, zero otherwise. Column 1 of Table 3
reports the odds of outbreaks by care home types with-
out any adjustment for time variant mediating factors
whereas Column 2 adjusts for the available mediating
factors.

From Column 2, the odds of experiencing a COVID-19
outbreak were lower in larger care homes [41+4 occupied
beds] (OR 0.54: 95% CI 0.30;0.98) compared with small
homes [1-23 occupied beds] and care homes with resi-
dents who had learning disabilities and/or autism (OR
0.18: 95% CI 0.09;0.34) compared with care home with
no such residents. On the other hand, care homes CQC
rated as requiring improvement and care homes owned
by a chain had higher odds of COVID-19 outbreaks
(ORs 6.14: 95% CI 1.13;33.42 and 1.44: 95% CI 1.02;2.04,

respectively). Not-for-profit care homes and homes with
dementia users experienced more outbreaks and residen-
tial only care homes fewer outbreaks but the difference
became insignificant after controlling for staff, home
local area cases, and PPE. This means that the differences
in the odds of COVID-19 outbreaks in these latter care
homes were mediated by differences in their staff, home
local area cases or PPE supplies.

Several parametric and non-parametric DID estima-
tions were run to assess the impact of the tracker on
COVID-19 cases among care residents. No statisti-
cally significant difference was found in the number of
COVID-19 cases between the care homes that did and
did not adopt the tracker. The unadjusted and adjusted
estimation results for the standard DID are given in
Table 3, Columns 3 and 4 (see the coefficient of tracker
uptake lag 7). The event design DID estimations sum-
mary is provided in Table 4. Except for some random
instances, none of the pre-tracker’s uptake and post-
tracker uptake coefficients are statistically significant in
Table 4. This finding is particularly clear after adjusting
for all available covariates (Column 4 of Table 4). This
implies that, after adjusting for the covariates, adop-
tion of the tracker did not appear to influence rates of
COVID-19. Results of additional sensitivity analyses,
including parametric and non-parametric estimations
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Table 2 Associates of post uptake tracker use
Odd ratio Odd ratio Odd ratio
Not-for-profit homes (vs for-profit homes) 0.67 [0.16,2.83] 0.69[0.17,2.90]
Residential homes (vs nursing homes) 0.651[0.31,1.39] 0.76 [0.33,1.76]
Small homes [1-23 occupied beds] 1.00 [=reference] 1 OO[ reference]
Medium homes [24-40 occupied beds] 1.2010.84,1.72] 71[0.83,1.67]
Large homes [414 occupied beds] 1.01 [0.64,1.60] 0.98[0.62,1.54]
Chains owned homes (vs single-ownership homes) 0.34[0.17,0.691*** 0.30[0.14,0.631%**
Homes with residents with dementia (yes/no flag) 0.66[0.28,1.53] 0.51[0.22,1.15]
Homes with learning disability and/or autism (yes/no flag) 0.371[0.11,1.25] 0.38[0.12,1.27]
Homes with residents with physical disabilities (yes/no flag) 1.26 [0.64,2.47] 1.23[0.64,2.35]
CQC rated inadequate 1.00 1.00
Requires improvement 0.50[0.10,2.53] 0.46[0.09,2.27]
Good 0.56[0.13,2.35] 0.45[0.10,2.04]
Outstanding 0.33[0.06,1.78] 0.24[0.04,1.39]
Locality 7 1.00 1.00
Locality 6 0.63 [0.04,9.06] 0.57[0.04,8.54]
Locality 5 1.02 [0.12,8.39] 1.15[0.14,9.74]
Locality 4 2.441[0.25,23.74] 1.56 [0.15,15.90]
Locality 3 2.36[0.19,29.31] 2491[0.20,31.13]
Locality 2 8.52[1.00,73.03]* 5.85[0.67,51.27]
Locality 1 27.87 [3.26,238.56]*** 31.73 [3.76,268.05]***
Days on tracker [1-49] 1.00 1.00 1.00
Days on tracker [50-99] 0.65[0.52,0.817*** 0.64 [0.51,0.801*** 0.61[0.52,0.71]%**

Days on tracker [100-1

Days on tracker [250-299

Days on tracker [300-349

Days on tracker [350-399]

Homes COVID-19 +ve residents (%)
Number of workers available for work
Number of MSOA level COVID-19 cases
Number of staff self-isolating

[

[

[ 49]
Days on tracker [150-199]
Days on tracker [200-249]

[ ]

[ ]

PPE [less than a week]

PPE [1 to 4 weeks]

PPE [more than 1T month]

Accepting new admissions [no issue]
Accepting new admissions [limited capacity]

Accepting new admissions [emergencies only]

[

[

[

Accepting new admissions [not possible]
Number of occupied beds
Home fixed effects

Week fixed effects

N

Homes

Chi-Squared

P-value

[ ]
0.52[0.37,0.74]***
0.38 [0.24,0.62]***
0371[0.21,0.63]***
0.25[0.12,0.50]***
0.25[0.11,0.56]***
[ ]

0.21 [0.08,0.60]***

v

20456

130
15656082.9
0.00

[ ]
0.51[0.36,0.72]***
0.37[0.23,0.591***
0.35[0.21,0.601***
0.24 [0.12,0.48)***
0.23[0.10,0.52]**
0.20 [0.07,0.56]***
0.99[0.99,1.001*
0.99 [0.98,1.00]
1.00 [0.99,1.00]
0.98[0.94,1.02]
1.00
0.59[0.31,1.13]
0.61[0.33,1.14]
1.00

1.03 [0.85,1.26]
1.04 [0.67,1.61]
1.14[0.98,1.33]*

v

20456

130
263828727
0.00

[ ]

045 [0.35,0.58]***
0.30 [0.21,0.43]***
0.25[0.15,0.39]***
0.18 [0.10,0.32]***
0.15[0.08,0.31]***
0.12 [0.06,0.28]***
0.99 [0.99,1.00]***

0 [0.99,1.00]

0 [0.99,1.00]
0.99[0.96,1.02]
1.00
0.43[0.24,0.78]***
0.45[0.24,0.82]***
1.00
4[0.92,1.18]
0.99[0.53,1.86]
1.19[1.08,1.31]%*
1.00 [1.00,1.00]
v
v
24091
137
7953
0.00

Cluster robust 95% confidence intervals are in the brackets. The dependent variable is tracker use [=1 if at least one resident is assessed on a given day in a care home,
0 otherwise]. The coefficient of one locality is not reported due to very low uptake. Columns 1 and 2 exclude 7 homes due to missing CQC data. The estimations in
Columns 1 and 2 also include a categorical variable on home local area index of multiple deprivation; the coefficients are mostly insignificant and omitted to save
space. The results were obtained from logistic regressions. To prevent omitted variables bias Column 2 includes additional variables and their means (means not
reported) . Column 3 removes the time invariant characteristics of homes by including home fixed effects. Details on methods selection and missing data are given in

the Additional file 1: Appendix S2. *** p<0.01, ** p<0.05, * p<0.1
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Fig. 2 Trends in COVID-19 cases (per 100 beds) by tracker uptake

— Care homes not adopting tracker

(with and without matching on care home types and
quality ratings) for all care homes and sub sample of
homes from only 4 GM localities are reported in the
Additional file 1: Appendix S4.

Our analyses identified several other factors that were
consistently associated with the number of COVID-19
cases in care homes (Table 3, Column 5). The number of
staff self-isolating and the number of COVID-19 cases in
the MSOA area where the home was situated were posi-
tively associated with COVID-19 cases in care homes.
From Table 3, one additional staff member self-isolating
was associated with a 29% increase in care home COVID-
19 cases per 100 occupied beds seven days later (RI 1.29
:95% CI 1.22; 1.36). Similarly, there was a 5% increase in
care home COVID-19 cases per 100 occupied beds for
each additional COVID-19 confirmed case in the home
MSOA area: RI 1.05 (95% CI 1.03; 1.07). Care homes not
accepting new residents had 56% more COVID-19 cases
per 100 beds seven days later compared with care homes
accepting new residents (RI 1.56 (95% CI 1.10; 2.21)).
But this does not necessarily mean that issues in accept-
ing new residents into homes caused COVID-19, indeed
many care homes reported COVID-19 outbreak as a rea-
son for not accepting new residents.

Sufficient PPE to last 1 to 4 weeks was associated with
26% fewer COVID-19 cases per 100 beds seven days later
compared with PPE supply that was sufficient for less
than a week: RI 0.74 (95% CI 0.55; 0.99). However, this
result does not hold in the additional sensitivity analyses
in the Additional file 1: Appendix S4. Finally, the num-
ber of workers available for work had no association with
COVID-19 cases.
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Discussion

The onset of COVID-19 led to a host of digital innova-
tions to fight the pandemic. Digital technology has played
a key role alongside physical restrictions in containing
the virus, and in the provision of online health and other
social-economic services [10, 11]. Literature on the use
of digital technologies during COVID-19 has focused on:
the types of digital technologies used and the way they
were used; the challenges use of these technologies cre-
ated; their effectiveness in tracking COVID-19 spread;
and how these technologies can be integrated into the
health and care systems [10, 11]. To date, adult social
care related studies have mostly focused on the role of
such technologies in telemedicine, and the digital divide
COVID-19 has created for the elderly [12, 13]. One key
concern about digital innovations in health and social
care is the abandonment of such technologies even after
initial uptake [15, 16].

This study contributes to the existing knowledge by
analysing the use of a digital COVID-19 tracker over time
and space, the factors associated with use and its impact
on the spread of COVID-19. The study found that among
the 139 care homes that adopted the tracker, its use
decreased by more than 75% within one year of deploy-
ment. Tracker use was 30 times higher in care homes in
the locality where the tracker was developed and tested.
Tracker use was 66% lower in care homes owned and run
by chains than in individually owned homes. Moreover,
tracker use was negatively associated with care home PPE
supplies and was not associated with COVID-19 rates or
staffing levels.

The study analysed whether the odds of experiencing
COVID-19 outbreaks were associated with any specific
care home characteristics. The findings suggested that
the odds of experiencing COVID-19 outbreaks were
higher in care homes owned by a chain (odds of the out-
break were twice compared with single-ownership care
homes) and homes rated as requiring improvement. The
odds of experiencing COVID-19 outbreaks were 80%
lower in care homes with residents with learning disabili-
ties and/or autism.

The final part of the study analysed whether the tracker
had any impact on rates of COVID-19 in care homes and
found no difference in the rates of COVID-19 according
to whether homes adopted the tracker or not. The two
main drivers of the rates of COVID-19 in care homes
appeared to be COVID-19 cases in the local area and
amongst the care home staff. A staff member self-isolat-
ing on a given day was associated with a 29% increase in
COVID-19 cases among the care residents seven days
later. The findings that digital symptom tracking had no
impact on containing COVID-19 spread in care homes,
and that workers and home surroundings were key
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Table 3 COVID-19 outbreaks by types of care homes and the impact of the tracker in COVID-19 containment
Outbreaks by home types Tracker impact Other drivers
Odd ratio 0Odd ratio Relativerisk  Relative risk Relative risk
Not-for-profit homes (vs for-profit homes) 246 [1.394.371*** 149[0.90,2.47]
Residential homes (vs nursing homes) 0.38[0.25,0.591***  0.83 [0.56,1.22]
Small homes [1-23 occupied beds] 0 [= eference] 1.00 [=reference]
Medium homes [24-40 occupied beds] 0.76[0.51,1.14] 0.82[0.54,1.25]
Large homes [41+ occupied beds] 048 [0. 27086} 0.54[0.30,0.98]**
Chains owned homes (vs single-ownership homes) 2.09 [1.44,3.051%** 144 [1.02,2.04]**
Homes with residents with dementia (yes/no flag) 9[1.26,2.83]*** 1.21[0.85,1.74]
Homes with learning disability and/or autism (yes/no 9[0.10,0.38]**  0.18 [0.09,0.34]***

flag)

Homes with residents with physical disabilities (yes/
no flag)

Inadequate CQC rated

Requires improvement

Good

Outstanding

Tracker uptake lag 7 (yes/no flag)

Number of MSOA level COVID-19 cases lag 7
Number of workers available lag 7

Accepting new admissions [no issue] lag 7
Accepting new admissions [limited capacity] lag 7

[
Accepting new admissions [emergencies only] lag 7
[

Accepting new admissions [not possible] lag 7
Worker RAG [Green] lag 7

Worker RAG [Amber] lag 7

Worker RAG [Red] lag 7

Number of staff self-isolating lag 7

PPE [less than a week] lag 7

PPE [1 to 4 weeks] lag 7

PPE [more than 1 month] lag 7

Number of beds available lag 7

Number of occupied beds lag 7

Home random effects

Home fixed effects

LA fixed effects

Week fixed effects

N

Homes

Chi-Squared

Pseudo R-Squared

Homes adopting tracker (estimation sample)
Homes not adopting tracker (estimation sample)

1.08 [0.74,1.60]

1.00
6.00 [0.86,42.04]*

4.01[0.47,34.04]

1.17[0.82,1.67]

1.00

6.14[1.13,33.42]**

4421[0.82,23.95]*
0.40,18.29]

[
3.63[0.52,25.19]
[ [
1.31[0.81,2.13] 1.39[0.87,2.22]
01 [1.00,1.02]***
0.99 [0.98,1.00]
1.00
1.38 [1.05,1.82]**
261[1.21562]*
2.01 [1.56,2.58]***
1.00
143 [1.01,2.03]**
2.58[1.39,4.79]**
118 [1.11,1.25]
1.00
0.71[0.49,1.02]*
0.82[0.49,1.39]

v v

v v

v v
161,999 159,492
497 497

665.1 (p-val=0.00) 923.2 (p-val=0.00)

0.72[042,1.25]

0.318
83
327

0.60 [0.35,1.04]*
1.06 [1.04,1.08]***
0.98 [0.97,0.99]***
1.00
1.251[0.85,1.83]
0.86[0.31,241]
72 [1.19,2.501**
1.00
211 [1.68,2.66]**
4.28 [3.07,5.97]**

1.01[1.00,1.02]
0.98 [0.97,1.00]**

v
v
v
95,033

0.380
83
327

0.72[0.45,1.13]
1.05 [1.03,1.07)**
0.99 [0.98,1.00]
1.00
1.21[0.83,1.76]
0.90 [0.44,1.83]
1.56 [1.10,2.21]**
1.00
1.181[0.92,1.51]
1.411[0.99,2.01]*
1.29 [1.22,1.36]***
1.00
0.74[0.55,0.99]**
0.8810.48,1.61]
0[0.99,1.02]
0.99 [0.97,1.00]**
v
v
v
95,026

0433
83
327

95% clustered robust confidence intervals are in the brackets. The dependent variable in Columns 1 and 2 is COVID-19 outbreaks [=1 if at least one resident has
COVID-19 symptoms or tested positive on a given day, 0 otherwise]. The dependent variable in Columns 3-5 is COVID-19 symptomatic/positive residents per 100
beds. Column 1 estimated with random effect logistic, Column 2 with correlated random effects logistic models and Columns 3-5 with fixed effects Poisson regression
(coefficients are incidence rate ratios). The estimations in Columns 1 and 2 also include a categorical variable on home local area index of multiple deprivation; the
coefficients are mostly insignificant and omitted to save space. Column 4 does not control for any confounding factors. Column 5 includes factors other than PPE and
staff self-isolating as these might be caused by the tracker uptake. All the control variables are included with lag 7 keeping in view the incubation period of COVID-19.
Details on methods selection, missing data, and further sensitivity analysis are given in the Additional file 1: Appendices S3 and S4. *** p<0.01, ** p<0.05, * p<0.1
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Table 4 DID estimates of COVID-19 cases per 100 beds in the pre and post tracker use periods
Unadjusted event design Adjusted event design Matching based event design  Adjusted
event
design
Prior 34th day 1.24 1.50 3.22% 1.33
[0.54,2.84] [0.63,3.56] [1.159.01] [0.60,2.95]
28 days to event 1.16 1.07 1.10 1.23
[0.34,3.93] [0.31,3.74] [0.22,5.58] [0.38,3.98]
21 days to event 1.03 1.05 1.21 1.09
[0.34,3.07] [0.38,2.90] [0.54,2.71] [0.39,3.03]
14 days to event 1.53 149 1.30 1.57
[0.65,3.58] [0.68,3.27] [0.58,2.92] [0.68,3.60]
7 days to event 1.44 1.39 1.59 1.39
[0.88,2.37] (0.86,2.25] [0.79,3.19] [0.94,2.06]
1 day to event 1.18 1.35 1.77 1.36
[0.76,1.83] [0.82,2.20] [0.82,3.83] [0.86,2.17]
1 day after event 0.80 083 1.07%*% 0.84
[0.53,1.21] [0.51,1.37] [1.03,1.11] [0.51,1.38]
7 days after event 0.68 0.70 0.82 0.70
[0.37,1.26] [0.35,1.39] [047,1.44] [0.32,1.53]
14 days after event 0.40** 0.38** 0.51 0.45%
[0.19,0.85] [0.17,0.86] [0.19,1.42] [0.20,1.02]
21 days after event 0.83 0.73 0.55 0.90
[0.24,2.87] [0.19,2.75] [0.13,2.28] [0.24,3.32]
28 days after event 1.10 0.78 1.26 0.85
[0.27,4.48] [0.19,3.13] [0.37,432] [0.22,331]
Beyond 34th day 1.08 1.05 1.67 1.03
[0.43,2.75] [0.39,2.81] [0.56,5.00] [0.44,2.41]
N 98,890 95,033 41,245 95,026
Homes 410 406 174 406
Pseudo R-squared 0314 0.381 0.39%4 0434

Cluster robust 95% confidence intervals are in the brackets. The coefficients are incidence rate ratios. For additional covariates included in each of the columns, see
Table A3 in the Additional file 1: Appendix S4. Column 3 estimations were run on a matched sub-sample (matching was done on all the characteristics reported in the
CQC data given in Table 1 with nearest 5 neighbours for each treated home). The estimations included 34 pre and 34 post uptake event indicators, but to save space

reports only the ones with seven days gap. ***p<0.01, **p<0.05, *p<0.1

drivers of COVID-19 spread into care homes, are also
confirmed in other studies [27-29].

The finding that the odds of tracker use were higher
in Locality 1 than the reference Locality 7 and that the
percentage of residents receiving daily assessments was
also relatively stable overtime (Fig. 1) in Locality 1 com-
pared with other localities, has important implications.
The local authority and associated health and care system
in Locality 1 were partners in the development and ini-
tial deployment of the tracker [5]. This finding resonates
with qualitative work that has found local production and
support as the key success factors in digital technolo-
gies adoption in adult social care and elsewhere [6, 30,
31]. Additionally, the concurrent implementation study
[30] of the tracker compared implementation in four of
the localities and found health and care systems were
digitally well integrated in Locality 1, compared with

the other three localities. Thus, the higher tracker use in
Locality 1 is a reflection of better systems of data flows,
better response to the data created needs, digital literacy
and culture of digital applications among care staff, or
strong local council leadership that encourages digital
innovations [6, 30, 31].

The pressure the COVID-19 pandemic placed on adult
social care was one reason for lower uptake and use of
the tracker as recognised in the parallel implementation
study [30]. Nevertheless, the decline in tracker use over
time and the lack of consistent association of use with
COVID-19 cases suggests that care homes may have felt
the tracker was unnecessary, perhaps due to the devel-
opment of testing capacity, vaccination, and better PPE
supply [30]. However, the assessment and reporting of
residents’ well-being was a key component of the tracker
and one could assume that homes would continue its use
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if they felt it helped promote residents” health by encour-
aging regular assessment, active intervention and support
from the local health systems. Our data did not suggest
a concomitant reduction in the percentage of residents
who were unwell over the study period and therefore the
decline in tracker use suggests that homes in most locali-
ties did not feel that it invoked a useful system response.

The finding that the tracker was ineffective in control-
ling COVID-19 spread in care homes is plausible for
two reasons. Firstly, it has been shown that 50 to 70% of
care home residents with COVID-19 were asymptomatic
[6, 29], so a symptom tracker could only ever identify a
proportion of COVID-positive residents. Secondly, the
low frequency of assessments and possible lack of active
response from the local health and care system might
be another reason for the lack of apparent impact of the
tracker on spread of COVID-19.

This study has several strengths. The study is particu-
larly novel in its assessment of tracker use, enabling an
assessment of use over time since adoption that adjusted
for a range of potential confounding factors. The impact
assessment also adjusted for a range of potential medi-
ating factors with consistent findings across a range of
sensitivity analyses. Secondly, our analyses examined
COVID-19 spread in care homes within a region with
its own devolved health and care system [32]. The local
focus controls for regional policy variations and facili-
tated the ability to observe use and impact with local-
level data being available that may be more difficult to
observe in national initiatives. Thirdly, the study findings
are complemented by a contemporaneous qualitative
study explaining the factors that facilitated/inhibited the
implementation and use of the tracker [30].

However, this was an observational study and has limi-
tations. The study used a combination of COVID symp-
toms data and confirmed cases of COVID from the GM
COVID-19 situation report instead of confirmed COVID
cases only for the impact evaluation. These have both
merits and weaknesses. To use confirmed cases data,
one must know the testing regimes of homes as low/high
COVID-19 cases among homes might be the reflection of
differences in testing regimes. Conversely data based on
symptoms will miss asymptomatic residents and poten-
tially misclassify people has having COVID-19 when they
have symptoms due to other illnesses. Whilst symptoms
may not necessarily represent confirmed COVID-19
cases, we found a close association between our COVID-
19 data and COVID-19 related deaths in care homes (see
the Additional file 1: Appendix S1).

The data used for the COVID-19 impact evaluation
of the tracker were an unbalanced panel as some care
homes started data submission at later stages of the study
period. Unbalanced panels always raise the possibility of
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selection bias. Our inspection of data revealed that care
homes from different local authorities started submission
at different calendar dates. Thus, it is unlikely that any
unobserved care home characteristic was the reason for
the data being an unbalanced panel. Similarly, the initial
uptake of the tracker was largely decided by local author-
ities. Nevertheless, the descriptive statistics revealed that
care homes that adopted the tracker were larger on aver-
age, raising the possibility of selection into the tracker.
To account for the possible selection bias, the sensitiv-
ity analyses matched the care homes on different CQC
characteristics before the estimation of tracker impact.
Despite all these, the study finding of no causal asso-
ciation between tracker uptake and COVID-19 spread
should be taken with caution.

The study also analysed the association of staft infec-
tions and local area COVID-19 cases with COVID-19
spread in care homes. COVID-19 cases in care home res-
idents might come from COVID-19 infections among the
care home staff and local area COVID-19 cases and vice
versa. However, exploring both possibilities were not the
focus of this study. The current study only explored the
relationship between infection of a member of care home
staft and resident COVID-19 cases seven days later.

Our study suggests several potential areas for future
exploration. First, though, the tracker was ineffective in
controlling the virus spread, such trackers might have
impacted on the number of residents admitted to hos-
pital and/or COVID-19-related deaths through active
information sharing and responses from the local health
systems. One possible area of investigation might be the
impact of such trackers on excess deaths in care homes.
Similarly, the tracker might have impacted the quality of
residents’ care or had workforce implications. The digi-
tal skills the adult social care workforce developed during
the pandemic might have enhanced their capabilities and
motivation to co-produce and evaluate digital solutions
for online consultations, falls prevention, and early signs
of deterioration. Finally, the relationship between homes
owned by a chain, tracker use, and COVID-19 outbreaks
needs further study to understand the mechanisms
behind this, as similar findings emerged from a study in
Canada as well [33].

Conclusion

This study demonstrated that the post-uptake use of
a digital tracker deployed in GM care homes during
COVID-19 was short-lived except in a local author-
ity that was a partner in its initial development and
deployment and has a relatively well-integrated health
and social care system. COVID-19 cases in care homes
were mainly driven by care home local-area COVID-19
cases and infections among the staff members, and the
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digital symptom tracking was not helping in containing
COVID-19 spread in care homes.

COVID-19 has driven the development and adoption
of new digital technologies at scale and speed. During
COVID-19 the focus was on the uptake of digital tech-
nologies and removing barriers to uptake. The learning
from the initiatives during COVID-19 may be used to
identify practices that can be put in place for creating a
supportive environment for sustained and effective use of
digital technologies. The findings from this study imply
that strong local leadership and co-production might be
key success factors in the sustained use of digital technol-
ogies in adult social care. Similarly, the integration of pri-
mary, secondary, and social care systems are identified as
enablers in increasing engagement with digital technolo-
gies [30]. Clear evidence of their effectiveness shall help
to convince wider adoption and sustained use.
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