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A B S T R A C T

Machine learning approaches provide an alternative to traditional fixed effects estimators in 
causal inference. In particular, double-debiased machine learning (DDML) can control for con-
founders without making subjective judgements about appropriate functional forms. In this 
paper, we use DDML to examine the impact of differential Covid-19 vaccination rates on care 
home mortality and other outcomes. Our approach accommodates fixed effects to account for 
unobserved heterogeneity. In contrast to standard fixed effects estimates, the DDML results 
provide some evidence that higher vaccination take-up amongst residents, but not staff, reduced 
Covid mortality in elderly care homes. However, this effect was relatively small, is not robust to 
alternative measures of mortality and was restricted to the initial vaccination roll-out period.

1. Introduction

Many countries experienced significant numbers of Covid-19 related deaths in elderly care homes throughout the pandemic (see for 
example Chen et al., 2021; Bjoerkheim and Tabarrok, 2022). In response, many governments, including in the UK, focused vaccination 
efforts on such care homes including priority allocation of resources, vaccination promotion campaigns and, in a number of juris-
dictions, compulsory vaccination for care workers.

The primary aim of the vaccination programme was to reduce mortality amongst elderly residents, a group particularly vulnerable 
to Covid-19. This aim might be achieved in a number of ways: vaccination of workers leading indirectly to lower rates of transmission 
amongst residents via less transmission from workers; vaccination of residents leading directly to fewer infections; vaccination of 
residents leading to lower mortality rates amongst those who still get infected. A secondary aim of the programme was to reduce staff 
absences. This aim might be achieved by high rates of vaccination of workers leading to lower infection rates and hence fewer Covid- 
related absences.

At the same time, there have been concerns that some of these benefits might be limited by side effects caused by vaccination and 
which may have contributed to non-Covid related staff absences and even potentially to non-Covid mortality amongst residents (Lv 
et al., 2021).

The key research questions of this paper are whether vaccination efforts in elderly care homes led to reductions in resident 
mortality and staff absences and, if so, what was the magnitude of such effects.
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There is evidence from randomised controlled trials (see UKHSA, 2022; Huang and Kuan, 2022 and Rahmani et al., 2022 for re-
views of this literature) that Covid vaccination can provide significant protection against serious illness and mortality relative to 
unvaccinated people who have not previously been infected with Covid. This provides an obvious route whereby higher vaccination 
rates for care home might reduce mortality from Covid.

Early on in the programme, there were hopes that vaccination would also prove highly effective against infection and transmission. 
Over time, it became clear that vaccination provided only limited and short-term effectiveness against infection (Andrews et al., 2022; 
Goldberg et al., 2021) and this raises doubt about the potential for the vaccination programme to prevent transmission from staff to 
residents.

Further, there are reasons why even the direct impact of vaccination on mortality may be lower in real-world situations than that 
observed in RCTs. These include cohort and behavioural effects rooted in the decision-making process regarding vaccination.

Cohort effects occur if groups facing lower risk from Covid, such as those with immunity from a prior infection, are less likely than 
others to choose to get vaccinated. It is well established that prior immunity provides protection that is at least as strong and durable as 
vaccination (Goldbert et al., 2021; Covid-19 Forecasting Team, 2023).1 If the vaccinated population includes a relatively low pro-
portion of previously infected people, then even if vaccination provides protection on an individual basis, at a population level we may 
observe infection or mortality rates that are more similar between vaccinated and unvaccinated populations.

Behavioural effects may include people who are vaccinated responding to their perceived lower risk by taking fewer precautions 
against catching Covid than those who are unvaccinated. For example, Antonelli et al. (2022) provide evidence that vaccinated people 
who get infected were more likely to experience very mild symptoms. This may be particularly important in the context of elderly care 
homes if vaccinated staff remain unaware of their infection and continue to work even when they are at risk of infecting residents.

As a result of these effects, even if vaccination reduces the mortality risk on an individual basis, the overall impact of higher 
vaccination rates on mortality may be more ambiguous. Such factors can help to explain why observational data often reveal infection 
rates no different and sometimes higher amongst vaccinated groups compared to those unvaccinated, even controlling for age (UKHSA, 
2022).

The empirical evidence on whether, in fact, vaccination rates do have causal effects in reducing mortality is mixed. Looking at 
aggregate data, observed mortality rates during infection waves were significantly lower in many countries after the vaccination roll 
out relative to before, suggesting vaccination may be an important factor in reducing mortality. However, this association was not 
consistent. Places such as Hong Kong, New Zealand and Taiwan that had seen relatively low mortality during 2020, all saw increased 
Covid-related mortality rates during 2022, well after most people in their populations had been vaccinated. For example, the 7-day 
average mortality rate in Hong Kong reached 40 deaths per million in March 2022. This was a rate far above the highest peak seen 
in the US during the whole pandemic despite cumulative vaccination rates at that time being similar.2

There are two important trends that may act as confounders in such temporal associations. One is the growth in importance of 
Covid-19 variants such as Omicron that are highly infectious but less lethal than variants dominant prior to the vaccination rollout. The 
second is the cumulative growth over time of those who have experienced but survived Covid infection and, as noted above, have a 
high level both of immunity from subsequent re-infection as well as protection from serious illness in the event of a re-infection.

The co-existence of these trends with the vaccine rollout makes it hard to identify causal effects of vaccination in aggregate data and 
this is reflected in the limited and inconsistent evidence documenting causal impacts. Subramanian and Kumar (2021) use both 
country-level and US county level data and find “no discernable relationship between percentage of population fully vaccinated and 
new COVID-19 cases” (p.1237). Gibson (2023) similarly finds “no apparent relationship between vaccination rates and changes in 
Covid-19 cases or changes in mortality” (p. 2999). In contrast, Agrawal et al. (2023) use an event study framework on a sample of 43 
countries and conclude that Covid-19 vaccination rates had a significant impact in reducing excess deaths. Extrapolating their results, 
the authors estimate that the vaccination campaign averted over two million deaths. These findings are consistent with some other 
population-level studies such as Chen (2023) and Hoxha et al. (2023). However, crucially none of these studies control for the effect of 
immunity from prior infections, nor do they address other issues of causality. A notable exception is Gibson (2022) who exploits 
exogenous interruptions in vaccine supply in New Zealand to estimate instrumental variable models concluding that the booster 
roll-out led to a significant increase in overall excess mortality.

One possible explanation for the difficulty in identifying a strong vaccination effect is that much of the existing research has 
examined impacts at the whole population level. A feature of Covid-19 is its discrimination by age and underlying health. For those 
aged under 60 and without underlying health problems, Covid-19 induced mortality was very low meaning there is little potential for 
vaccination to have material impacts on mortality for a large proportion of the population. As a result, studies testing for vaccination 
effects at a population level, face a high bar in achieving statistical significance.

Given this, focusing on the most vulnerable groups such as elderly care home residents is potentially a more fruitful source of 
improving our understanding of the impact of vaccination on mortality. To date there has been only limited research on the impact of 
Covid vaccination on mortality amongst the elderly care home resident population or on staff absences.

Maltezou et al. (2021; 2022) find some evidence that Covid-19 vaccination can reduce absenteeism amongst healthcare workers, 
though Chrissian et al. (2022) reports a high level of staff absences due to side effects from Covid-19 vaccination amongst health 

1 Vaccination may still have provided marginal additional protection to those previously infected.
2 Our World in Data https://ourworldindata.org/coronavirus/country/hong-kong
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workers.3 Most recently, Girma and Paton (2023) find that a vaccination mandate for care homes in England had no observable impact 
on resident mortality, though it did lead both to a notable increase in take-up amongst staff but also to a net reduction in the number of 
staff working in elderly care homes.4 Although the vaccine mandate itself appears to have been unsuccessful in reducing mortality, it 
remains possible that higher vaccination rates amongst staff led to at least some short-term impact on infection and transmission and 
hence some reduction in resident mortality.

The aim of this paper is to provide evidence on the impact of vaccination take-up of both staff and elderly residents on Covid and 
non-Covid mortality for residents as well as on other outcomes such as staff absences.

The measurement of vaccination take-up in statistical work is not a trivial issue for at least two reasons. First, the effectiveness of 
Covid-19 vaccination is known to decay significantly over time (Covid-19 Forecasting Team, 2023). Second, most vaccination cam-
paigns involved people receiving a second, and sometimes third or fourth dose with the aim of restoring vaccine effectiveness and it is 
not obvious how to combine these additional doses into a single ‘treatment’ measure. Here we build on existing work to propose a new 
‘vaccine stock’ measure that takes account of both these issues.

We use data from English care homes at the local authority level. Our basic statistical approach is to estimate the association 
between vaccination levels and subsequent outcomes such as mortality. Establishing causality in such a framework is notoriously 
challenging. The linear fixed effects model has been a workhorse in the applied economics literature, mainly because of its ability to 
control for unobserved time-invariant heterogeneity which might otherwise compromise causal inference. In our context, by con-
trolling for time- and area-specific effects, we can examine whether areas that experienced relatively large increases in vaccination 
take-up also experienced relatively small increases (or large decreases) in subsequent mortality. Time-varying differences in areas can 
potentially be accounted for by including as controls confounding variables such as community infection rates.

A shortcoming of this approach is that establishing causality depends on making strong assumptions about the role the confounding 
variables play in the association between the key variables of interest. There is also the difficulty in standard regression models of 
dealing with a high number of potential control variables. Here, we apply the double-debiased machine learning (DDML) approach, a 
method that obviates the need to assume specific-functional forms regarding the relationship between the outcome variable and 
covariates on the one hand, and treatment variables and covariates on the other.

Machine learning is still relatively novel in the context of healthcare in general and vaccination in particular. Exceptions include 
Olenski and Sacher (2024) who use variational inference to help identify the impact of nursing home quality on Covid-19 outcomes 
and Xiangxiang et al. (2023) who use DDML to estimate the causal impact of the take-up of anti-dementia drugs on patient outcomes 
whilst Cuadros et al. (2023) and Chernozhukov et al. (2023) both use DDML to examine the causal determinants of vaccination uptake. 
Magazzino, Mele and Coccia (2022) use machine learning to examine the impact of vaccination on infection fatality rates across 
countries, but at a whole population level and only considers the initial vaccine rollout period. To our knowledge, our paper is the first 
to use DDML to estimate the causal impact of vaccination itself on healthcare outcomes in elderly care homes.

The rest of the paper is set out as follows. In the next section, we provide an overview of Covid vaccination in English care homes. In 
Section 3, we set out our statistical method and describe our data. We present our results in Section 4 and in the final sections discuss 
the implications of our findings and conclude.

2. Overview of Covid vaccination in English care homes

The English national covid-19 vaccination programme was the first in the world and was launched on 8th December 2021.5 The 
initial aim of the programme was to reduce mortality and pressure on the National Health Service (NHS). To this end, the programme 
focused on a series of priority groups set out by the Joint Committee on Vaccination and Immunisation (JCVI). The first JCVI priority 
group was “Residents in a care home for older adults and staff working in care homes for older adults” (UKHSA, 2023, p.19).

The care home vaccination effort was carried out largely by GPs and through Community Trust services (Mountier-Jack et al., 
2023). Figs. 1a and 1b illustrate vaccination trends for elderly care home staff and residents respectively. We show the trend for each of 
the first dose (from December 2020), second dose (from March 2021), the first booster (from autumn 2021) and finally the second 
booster (from March 2022). Note that the latter was offered only to residents and not staff.

Take up amongst residents (Fig. 1a) was rapid and high for the first two doses, eventually reaching around 96 % coverage. There 
was, however, considerable variation across local authorities in both speed and level of take-up. For example, two weeks after the start 
of second dose rollout, coverage varied from as low as 34 % in Thurrock to a high of 94 % in Hammersmith and Fulham. Two months 
after the roll-out, coverage had reached over 90 % but ranged from 78 % (in Blackburn) to 96 % (Plymouth).

Take-up of the first booster was much slower. Two months from the booster roll out, average take-up was 67 % but ranging from 
under 30 % (Rutland and Reading) to over 85 % in Richmond-upon-Thames. Average take-up eventually reached just under 90 %. The 
second booster (only offered to residents) was slower yet, reaching around 40 % after two months.

Staff take-up (Fig. 1b) was consistently slower than for residents. For this reason, in June 2021, the UK Government announced its 
intention to introduce a vaccine mandate for care home workers in England. The mandate made it a condition of employment at 
residential care homes, that workers should have two doses of a recognised Covid vaccine no later than 11th November 2021. As a 

3 Earlier research such as ten Doesschate et al, (2022) and Verelst (2021) examines the impact of vaccination for other diseases on workplace 
absenteeism amongst healthcare workers.

4 Abouk et al (2024) similarly find that vaccine mandates for healthcare workers in the US exacerbated workforce shortages.
5 Mounier-Jack et al. (2023) provide an overview of the Covid-19 vaccination roll-out in England.
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result, takeup amongst staff of the first and second doses rose to about 95 % with a range of 89 % to 100 %. However, although the 
mandate was effective in increasing take-up, it also led to many workers leaving the care sector. Girma and Paton (2023) estimate that, 
as a result, net staffing in elderly care homes in England reduced by between 3 and 4 per cent.6

The mandate did not require staff to take part in the autumn 2021 booster programme and, as a result, staff take-up of the booster 
stalled at around 50 % and as low as 26 % in some local authorities. As noted above, the second booster campaign in spring 2022 was 

Fig. 1a. Vaccination rates for elderly care home residents in England. 
Notes: (i) Sample period is from 2020 week 50 until 2022 week 26. 
(ii) Data are from the Department for Health and Social Care, link provided in Appendix Table A1.

Fig. 1b. Vaccination rates for elderly care home staff in England. 
Notes: (i) Sample period is from 2020 week 50 until 2022 week 26. 
(ii) Data are from the Department for Health and Social Care, link provided in Appendix Table A1.

6 Butler, Butler, Farnell and Simmons (2024) provide an interesting analysis of worker performance in the context of Covid-19 infections.
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rolled out only to care home residents and not staff.

3. Methodology and data

3.1. Statistical methodology: doubly debiased machine learning (DDLM)

Classical regression strategies have been widely used in applied econometrics due to their ability to control for unobserved het-
erogeneity through fixed effects and their capacity for making causal inferences about specific parameters. However, traditional 
regression approaches face two major limitations that can be problematic in practice.

First, they break down in the presence of high-dimensional data, as they lack a systematic mechanism for selecting the most 
relevant confounders which capture potential nonlinearities and interactions. Second, they rely on assumptions about the functional 
relationship between the outcome, treatment variables, and confounders. These assumptions, such as linearity and additivity, are often 
made without substantive economic justification.

One might be tempted to include as many control variables as possible and use a highly flexible functional form, but this risks 
including irrelevant variables and compromising causal inference. Moreover, the confidence intervals for the causal parameters of 
interest may end up with incorrect coverage.

The double-debiased machine learning (DDML) approach offers an effective solution, allowing researchers to control for con-
founders even in high-dimensional data without relying on subjective judgments about functional form. DDML combines the pre-
dictive power of machine learning with traditional econometric methods, yielding estimates that can be interpreted as causal. 
Specifically, covariate adjustment functions are estimated using machine learning models, making them robust to functional form 
misspecifications and overfitting, while average treatment effects are obtained through orthogonalized regressions, as explained 
below.

We are seeking to evaluate the impact of Covid-19 vaccination (treatment or policy variables denoted by the vector d) on mortality 
and staff absences in elderly care homes (the outcome variables denoted y) conditional on a set of potential control variables or 
covariates x. All outcome variables are measured relative to their value six weeks earlier because such differencing has the merit of 
removing time-invariant unobserved confounders, if any.7

Adopting the notation of Chernozhukov et al. (2018), we consider a partially linear model as follows: 

yit = θ0dit + g0(xit) + ζit , (1) 

dit = m0(xit) + vit , (2) 

In the above, i is used to index (148) local authorities in England and t denotes time measured at weekly frequency. The effective 
estimating sample runs from the week 23 of 2020 to week 26 of 2022.

The equation of interest is [1] and θ0 is the vector of regression coefficients that we would like to estimate. The covariates are 
hypothesised to be related to the outcome variable through the unknown function g0(xti).

The second equation specifies the nature of the confounding, where the unknown function m0(xit) captures the possible dependence 
of d on x. ζit and vit represent equation errors.

We consider two treatment variables; residents and staff vaccines stocks. For each of these, we consider contemporaneous and 
lagged effects up to six weeks8 (giving a total of 7 sub-treatment variables in each case). This means we have a 14 ×1 vector of 
treatment variables.

When looking for causal effects of vaccination, we need to be aware of the likely timing of impacts. For example, mortality from 
Covid occurs, on average, around three weeks after infection. When considering the impact of staff vaccination on resident mortality, 
we can expect a further lag to allow time for reduced infection of residents from staff. The lagged effect is likely to be shorter for other 
outcome variables such as staff absences but even in that case, an absence due to a positive Covid test will reflect infection some time 
earlier. For this reason, estimated effects of current vaccination and (for Covid-related mortality at least) the first few lags can be 
thought of as an ad hoc placebo test with any observed impact unlikely to be causal.

The vector of potential covariates x to be used in the nonparametric functions g0(xti) and m0(xti) are listed as follows: life expectancy 
of the population aged 90 or over, local unemployment rate, earnings, population density, public health expenditure per capita, the 
number of care home residents aged 65 or over, the number of residents aged 85 or over, the percentage of the total population that is 
over 90 years old, Black, Asians and non-British White, local authority level infection rates amongst the general population lagged by 
three weeks, cumulative Covid death rates in care homes lagged by three weeks, weekly time trend and local authority level fixed 
effects.

The motivation for these controls is rooted in the epidemiological evidence on the determinants of mortality from Covid. For 
example, there is evidence (e.g. Mackey et al., 2020; Pathk et al., 2022) that mortality rates were higher in areas of economic 
deprivation and amongst particular ethnic and demographic groups. Acharya et al. (2021) argue that differences in public health 
expenditure may help to explain infection trends. Community infection rates accounts for differential timing across regions of Covid 

7 Note that using a shorter lag would risk the effects being influenced by the treatment, whilst a longer lag would mean dropping more obser-
vations. In our supplementary analysis, reported in the Appendix, we report results in which the outcomes are measured in levels.

8 See the appendix for a detailed explanation of the construction of the vaccination stocks.
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waves. Finally, the inclusion of cumulative death rates is intended to control for the fact that high previous infection rates in an area is 
likely to result in lower mortality rates from subsequent infections.9

A number of the controls are measured at the local authority level and as such may not reflect demographics specific to the care 
home population. Including local authority fixed effects as potential controls provides a more generalised approach that can reflect 
unobservable factors that may be specific to residential care homes in particular local authorities.

Employing as many control variables as possible and choosing a highly flexible functional form risks overfitting and compromising 
causal inference. For instance, the confidence intervals for θ0 might end up having the wrong coverage (Chernozhukov et al., 2018). On 
the other hand, adopting a parsimonious approach risks underfitting the conditioning functions and biasing the treatment effects 
estimator. The role of machine learning algorithms, therefore, is to select the optimal set of conditioning variables and associated 
functional form via the functions g0(xit) and m0(xit).

However, as shown by Chernozhukov et al. (2018), a direct application of off-the-shelf ML methods to estimate the causal 
parameter, θ0 is not generally valid. This is because doing so introduces so-called regularisation bias on account of the fact that ML 
methods trade off variance for bias by design.

In order to overcome (debias) this regularisation bias, Chernozhukov et al. (2018) propose to estimate two (double) equations using 
suitable ML learners. In this paper we use the random forest algorithm with repeated 5-fold cross validation clustered at local authority 
level. Throughout, the root mean squared error is used as the loss function. In brief, our DDML method can be described as follows: 

1. Apply a random forest learner of y on x to estimate ĝ0(x) and partial out the effect of x from y to obtain zit = yit − ĝ0(xit).
2. Use a separate random forest learner of each element of the treatment vector d, say d(k); k = 1,…,14 on x to estimate m̂0(k)(x) and 

partial out the effect of x and obtain the orthogonalised regressor v(k)it = d(k)it − m̂(k)0(xit). Once this is done, form the vector of 
orthogonalised regressors as ( v(1)it … v(14)it )́

3. Regress zit on vit to obtain the vector of causal parameter estimates.

If the nuisance models ĝ0(x) and m̂0(x), and the final parameter θ̂0 are estimated on the same observations this would lead to poor 
out-of-sample performance. A creative solution to this problem is sample splitting. This involves estimating the nuisance models ̂g0(x)
and m̂0(x) on one part of the data; and then obtain θ̂0 using the other part of the data. In this paper, we follow best practice by 
employing cross-fitting which switches the role of the model selection and estimation samples to ensure that the entire sample is used 
for the final estimation.

An important contribution of Chernozhukov et al. (2018) is in showing that this OLS estimator converges to the true value as the 
sample size increases (i.e. it is consistent) thereby solving the regularisation bias associated with the naive ML approach.

As already stated, our baseline models utilize random forest machine learners, a popular type of supervised machine learning 
model.10 Random forests combine multiple decision trees into powerful ensemble models. These tree-based models use nonparametric 
algorithms to recursively partition the data into non-overlapping regions. A key advantage of random forests is their random selection 
of a fraction of features (conditioning variables) when constructing each tree, which helps to de-correlate the trees and enhance 
predictive performance.

We also explore the robustness of this approach in our supplementary analysis by estimating the effects using the parametric elastic 
net machine learner instead of the non-parametric random forest algorithm. We implement the procedure using the R package, ddml 
(Ahrens et al., 2024).

We compare the results using the DDML approach with estimates from more standard panel data regressions with local authority 
and week-specific fixed effects. Again, we estimate different models for various potential lags of our treatment variables.11

3.2. Data

We use weekly data from the Department of Health and Social Care (DHSC) on vaccination take-up of each dose for each English 
upper-tier local authority for elderly care home residents and staff. Data are based on returns provided weekly by individual care 
homes.

The data are published for upper tier local authorities. These are local government regions that vary in size but, have a mean 
population of just over 400,000 and cover a mean area of around 300 miles2. In terms of population size, they are, on average, 
somewhat bigger than US counties and similar to French Departments. Each local authority contains an average of about 75 elderly 
care homes. Due to boundary changes mid-sample, we dropped Northamptonshire from the sample leaving a total of 148 English 
authorities. Weekly data on staffing and vaccinations were collected from the start of the vaccination roll out at the end of 2020, 

9 Cumulative prior infections in care homes would be a more direct measure but these data are not available consistently for care homes.
10 James et al (2021) provides a helpful overview of various machine learning algorithms.
11 The presence of local-authority fixed effects means time-invariant covariates drop out of the model. The remaining co-variates are infection rates 

amongst the general population and cumulative Covid death rates in care homes each lagged by three weeks.
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though response rates from care homes were relatively low for the first few weeks of the rollout.12 The vaccination data include rates 
for each of the first dose, second dose, first booster and (for residents only) second booster.

Our baseline estimates use data from 2020, week 23.13 Although some data are available before this time, there are concerns over 
its reliability due to rapidly changing testing and diagnostic practices in the early part of the pandemic.14

We collect data from the Office of National Statistics (ONS) on weekly deaths each week in each local authority. The ONS report 
includes the total number of deaths as well as those in which Covid-19 is mentioned as a cause on the death certificate and each series is 
broken down by those occurring in elderly care homes and those occurring elsewhere.15 We use the ONS series by week of death 
occurrence (rather than week of registration).

From these data, we construct three weekly measures of mortality: 

(i) Deaths from Covid in care homes per 1000 resident population.
(ii) Total deaths in care homes per 1000 resident population.

(iii) Deaths from Covid in care homes as a percentage of all Covid deaths.

We see these measures as complementary ways of assessing the vaccination impact. Looking at total deaths in care homes gets 
around any potential problems with the classification of deaths as from Covid. The motivation for measure (iii) is that care home staff 
and residents were top of the UK Governments priority groups for vaccination. As a result, we would expect to see a particular 
reduction in Covid deaths in care homes as a proportion of the total as the vaccine was rolled out and in those areas where take up in 
care homes was relatively high. As a caveat to this point, the elderly and other at-risk adults were also on the vaccination priority list, 
albeit below care home staff and residents.

Data on care home staffing are taken from the DHSC workforce statistics. We use two different outcome measures, each using 
weekly data for upper tier local authorities. The first measure is the percentage of directly employed staff who are absent due to Covid- 
19. Unfortunately, these data are only available from week 6 of 2021 so we are unable to track absences before and during the start of 
the initial vaccination roll out. Note that throughout the period we study, both staff and residents were subject to systematic Covid-19 
testing so absences should not be affected by variations in testing levels.

Weekly staff absences for non-Covid reasons are not published.16 However, DHSC do publish data on the percentage of care homes 
each week that are either in breach or at risk of being in breach of agreed staffing levels that are deemed to be safe. This measure is 
likely to reflect absences due both to Covid but to other illnesses (including those due to vaccination side effects) as well as any staff 
recruitment or retention issues, for example those related to the vaccine mandate. The staffing breach data are available from 2020 
week 50, i.e. the time when the initial vaccination programme was launched.

For each local authority, we also collected data on the other potential confounding variables: life expectancy of the population aged 
90 of over, unemployment rate, earnings and public health expenditure, demographic information on population density, population 
by age, and ethnicity, the lagged weekly community infection rate in each local authority, calculated as the number of positive Covid 
tests reported to the UKHSA per 100,000 total population and, finally, the lagged cumulative rate of care home deaths from Covid.

The best way to measure our treatment (vaccination) is not obvious given the relatively fast waning of vaccine effectiveness noted 
above. Agrawal et al. (2023) deal with this issue by estimating a ‘vaccine stock’ at each time period that allows for waning. We follow 
their approach by calculating the vaccination stock as being the percentage of each group (residents or staff) who have been vacci-
nated, subject to a 3 % weekly decay rate.17

This approach, however, does not take account of the fact that most of those vaccinated were provided with second and booster 
doses after a period that may have countered the waning effect of the original dose. Here, we adjust our stock variable to account for 
second and booster doses by assuming that each dose results in maximum effectiveness but then decays again by 3 % per week. Our 
precise calculation is provided in the Appendix. We show the national trend of resident and staff vaccination stocks in Fig. 2. The boost 
in stock levels following each rollout, followed by the gradual decay is clearly visible.

For comparison, in our supplementary analysis, we report estimates using a slower (2 %) and faster (4 %) weekly decay rate as well 
as an alternative, simpler, measure - the percentage of the relevant population (staff or residents) who have received at least one 
vaccination dose in each week.

In Table 1, we present some descriptive statistics for our treatment and outcome variables and covariates. For the two treatment 
variables (staff and resident vaccination stocks), we report statistics lagged by up to 6 weeks to reflect the fact that we can expect some 

12 The potential issue here is if response rates are systematically related to vaccination take-up rates, for example if areas with initially low 
response rates from care homes are also those where take-up was slower. In our supplementary analysis, we report results with the observation 
period starting 10 weeks after the initial roll out when response rates were much higher.
13 The ONS weekly data are reported using a system of 52 weeks for most years (for leap years, they use 53 weeks). In 2021, Week 1 is the week 

ending 8th January 2021 and Week 52 is the week ending 31st December.
14 In particular, community infection rates, which are a potentially important co-variate, are likely to be unreliable earlier than this. Using this 

sample period means we have about 6 months of data before the start of the vaccination rollout.
15 This does not necessarily mean that Covid-19 was the underlying cause of deaths.
16 If available, this would provide an additional potential control variable.
17 A 3% rate is reasonably consistent with reported estimates of vaccine effectiveness, e.g. those published in the UKHSA (2022) Vaccine Sur-

veillance reports.
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time to elapse between the treatment (vaccination) and outcomes such as infection, staff absence or mortality. Details on the definition 
of each variable and data sources are provided in Appendix Table A1.

4. Results

4.1. Univariate trends

We present simple time trends of our key outcome variables in Figs. 3 to 5. In Fig. 3a, we show trends in care home deaths in total 
and also broken down by Covid and non-Covid. Covid deaths peak and then decrease a few weeks following the roll out of the first dose, 
a period that coincides with the expected seasonal peak in deaths. From spring of 2021, Covid deaths remain low for most of the rest of 
the period. After a smaller peak in spring 2022, Covid deaths decline again a few weeks after the second booster roll out.

Remembering that deaths will be associated with infections some weeks prior, lower Covid mortality in the post-vaccination period 
is consistent with vaccination reducing Covid mortality. However as noted earlier, other trends make it difficult to infer a causal effect. 
First is the gradual growth in the cumulative proportion of residents who will have immunity from having survived a previous Covid 
infection. Second is the emergence variants such as Omicron that appear to have been highly infectious but less dangerous. A final 
point is that, to the extent that a high number of particularly vulnerable people had died during the first (pre-vaccine) Covid wave, we 
would expect the remaining pool of vulnerable residents to be lower during the vaccine rollout.18 Each of these factors may have 
contributed to lower post-vaccination mortality even in times of high infection rates.

We explore further whether mortality trends follow a pattern that would have been observed even without vaccination by showing 
(in Fig. 3b) care home Covid deaths as a percentage of all Covid deaths. Elderly care homes were the first priority group for vaccination. 
Elderly not in care homes were the next priority and the broader population were vaccinated only from around April 2021. Given this, 
if vaccination was driving the reduction in mortality, we would expect to see Covid-related deaths in care homes decrease relative to 
those in the rest of the population after the first dose roll out. If anything, we see the opposite effect about 3–4 weeks from the start of 
the rollout. The trend is mixed with the percentage declining after the second dose (a period when the broader population were 
receiving their first dose), then increasing significantly in late 2021 before decreasing again following the rollout of the 2nd booster 
dose.

Overall, the descriptive data provide a mixed picture on the link between the vaccine roll out and care home resident mortality.
The final two graphs display trends in staff absences from Covid. In Fig. 4 we show the percentage of staff reported as being absent 

from Covid each week. The data are only available from spring 2020. Absence rates decline in the run up to the second dose and shortly 
after. However, this trend soon levels off before increasing again. There then follows a further decrease during summer and autumn of 
2021, but there is no sign of the trend being affected by the rollout of the first booster dose. Absence rates do decline sharply after the 
2nd booster, but recall that this was not targeted at staff.

Fig. 2. Vaccination stock for elderly care home residents and staff in England. 
Notes: (i) Sample period is from 2020 week 50 until 2022 week 26. 
(ii) Data are from the adult social care statistics for England, link provided in Appendix Table A1. 
(iii) Stock values are calculated as described in the text and data appendix.

18 We thank an anonymous referee for this point.
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In Fig. 5 we present data on the percentage of care homes at risk or in breach of overall staffing standards. This should reflect 
absences from all causes, not just Covid. These data will reflect absences caused by vaccine side effects as well as reductions in staffing 
caused by the vaccine mandate. The percentage of care homes affected increases from the rollout of the first dose before decreasing 
sharply. It then trends up again from mid-2021 until early-2022, the period in which the vaccine mandate was being implemented.

In Table 2, we report partial correlations between each of the outcome variables and the vaccination stocks. Some correlations are 
significant and consistent with a vaccination effect. For example, resident vaccination is associated with a significantly lower Covid 
death rate when using the 4- and 5-week lags. However, the correlation is not significant for the 6-week lag. For other outcomes, and 
similar to the univariate time trends, there is little consistent pattern in the correlations either in terms of the statistical significance or 
even the direction of correlations.

Overall, the univariate time trends and partial correlations present only limited and inconsistent evidence of vaccination effects on 
mortality or staff absences. That does not necessarily mean vaccination had no effect – the trends are likely to have been influenced by 
a range of factors (including the prevalence of community transmission) and which may serve to mask a vaccination effect. To this end, 
we now turn to the fixed effects and DDML estimates of the average treatment effect parameters which allow us to exploit differences in 
vaccination take-up across local authorities to help identify causal effects.

4.2. Results from machine learning techniques

4.2.1. Variable importance (VIP) analysis
By way of exploratory data analysis, we conducted some variable importance (VIP) analysis using standard machine learning 

techniques. In particular, we build models that predict the outcome variables based on the random forest learner which uses the 
treatment and control variables as predictors. In general, VIP analysis consists of computing the increase in mean squared errors (MSE) 
of predictions as a result of excluding each predictor variable in turn. The larger the percentage increase in MSE associated with 
excluding a variable, the greater is the model’s predictive accuracy and the more important the variable is deemed to be. Thus, by 

Table 1 
Summary statistics of treatment and outcome variables and covariates.

mean median sd min max

Treatment variables     
Resident vaccine stock 47.35 60.13 31.65 0.00 94.62
Staff vaccine stock 39.37 51.68 26.42 0.00 82.42
Resident percentage at least 1 vaccination 66.05 93.70 43.03 0.00 100.00
Staff percentage at least 1 vaccination 61.63 84.90 40.99 0.00 100.00
Outcome variables (relative to values six weeks earlier)     
Covid deaths in care per 1000 residents − 0.33 0.00 3.09 − 80.00 60.00
Total deaths in care per 1000 residents − 0.50 0.00 6.49 − 140.00 100.00
% Covid deaths occurring in care homes − 0.29 0.00 29.50 − 100.00 100.00
% staff absence from Covid − 0.12 − 0.10 1.04 − 5.70 6.20
% care homes in staffing breach/risk 0.04 0.00 3.26 − 33.30 33.30
Outcome variables (levels)     
Covid deaths in care per 1000 residents 0.74 0.00 1.95 0.00 60.00
Total deaths in care per 1000 residents 7.86 7.27 5.00 0.00 100.00
% Covid deaths occurring in care homes 15.79 0.00 24.30 0.00 100.00
% staff absence from Covid 1.05 0.80 0.86 0.00 7.20
% care homes in staffing breach/risk 2.96 0.00 4.20 0.00 33.30
Covariates     
Life expectancy 9.43 9.12 1.45 6.94 15.48
Earnings 622.04 598.10 83.83 470.30 976.20
Unemployment rate 4.76 4.60 1.61 1.90 9.30
% of population aged 90 or over 0.84 0.82 0.27 0.24 1.68
Care home residents aged 65 or over 1766.68 1155.50 1669.68 50.00 8221.00
Care home residents aged 85 or over 1008.78 624.50 1025.16 29.00 5122.00
Population density 2810.33 1566.32 3220.06 64.06 15,794.50
% of population White 81.99 88.79 17.25 27.12 98.32
% of population White non-British 5.21 3.36 4.98 0.60 28.46
% of population Black 4.37 1.45 6.29 0.10 28.34
% of population Asian 9.30 5.39 10.25 0.58 44.91
Community infection rate 301.50 180.50 394.52 0.00 3882.23
Cumulative care home Covid death rate 109.65 104.32 70.79 4.39 880.00
Public health expenditure per capita 0.08 0.07 0.03 0.03 0.19
N = 16,132     

Notes:.
(i) The summary statistics are from the start of the vaccination rollout in 2020 week 23 until 2022 week 26. Exceptions are staffing breach data 
(starting point = 2020 week 50, N = 11,988) and absences (starting point = 2021 week 6,N = 11,396).
(ii) For covariates that are not measured weekly (life expectancy, earnings, unemployment, public health expenditure and population measures), 
statistics are for 2021.
(iii) Data sources are as listed in Appendix Table A1.
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ranking variables’ importance according to the value of percentage increase, one can get a sense of the order of importance of the 
predictors.

We report results from the VIP analysis in Table 3. For most outcome variables, the community infection rate and demographic 
variables emerge as important predictors. The various lags of resident and staff vaccination stocks generally rank low in the list. 
Although helpful in indicating the relative importance statistically of variables, the VIP analysis does not directly answer our main 
research question regarding the direction and magnitude of the causal relationships (if any) between vaccination rates and our 
outcome variables.

4.2.2. Fixed effects and double debiased machine learning (DDML) results
We start by reporting, in Table 4, standard fixed effects panel data estimates. As noted above, we would not expect to observe any 

Fig. 3a. Care home deaths in England: Covid, non-Covid and total. 
Notes: (i) Sample period is from 2020 week 23 until 2022 week 26. 
(ii) Data are from the ONS, link provided in the Appendix Table A1.

Fig. 3b. Care home Covid deaths in England as % of all Covid deaths. 
Notes: (i) Sample period is from 2020 week 23 until 2022 week 26. 
(ii) Data are from the ONS, link provided in the Appendix Table A1.
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causal impact of vaccination in the first three weeks after vaccination. We would also expect for any impact on mortality to be greater 
for resident than staff vaccination. For resident vaccination, there is little evidence of any significant (at the 5 % level) effects for any 
outcome. The exception is a significantly negative impact on the percentage of Covid deaths occurring in care homes when using the 
current vaccination stock value. This effect is unlikely to be causal given the time for vaccination to take effect on observed mortality, 

Fig. 4. Elderly care home staff absences for Covid in England. 
Notes: (i) Sample period is from 2021 week 6 until 2022 week 26. 
(ii) Data are from the Department for Health and Social Care, link provided in the Appendix Table A1.

Fig. 5. Elderly care homes at risk or in breach of staffing standards in England. 
Notes: (i) Sample period is from 2020 week 50 until 2022 week 26. 
(ii) Data are from the Department for Health and Social Care, link provided in the Appendix Table A1.
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though it is possible that it reflects patients who are both unable to be vaccinated due to frailty or illness but whose condition also 
makes them particularly vulnerable to death following infection.19 It is worth noting that the point estimates for most of the mortality 
measures using the later lags (when a vaccination effect is more likely to show) are generally positive.

For staff vaccination, we observe some negative estimates for mortality measure (iii) but statistical significance is not robust. The 
estimates indicate vaccination is positively associated with staff absence for some lags but negatively associated with staffing breach 
risks.

In our supplementary analysis (Tables A2a and A2b), we split the sample into two time periods, the first from the start of our sample 
until the end of the primary course roll out (2020 week 23 until 2021 week 39) and the second for the rollout of the booster doses (2021 
week 39 until 2022 week 26). In neither period do we find evidence that vaccination take-up significantly reduced mortality. There is 
some evidence that staff vaccination is associated with fewer care homes in breach of staffing levels for early, but not the later period.

Turning to the doubly debiased machine learning (DDML) approach, we report our baseline estimates in Table 5. Then in Tables 6a 
and 6b we present separate estimates for each of the primary and booster rollouts.

Looking first at the estimated causal impact on mortality, in contrast to the standard panel fixed effects regression estimates, the 
DDML results indicate that resident vaccination led to a reduction in resident Covid and total mortality rates. No such reduction is 
found for our other mortality measure (percentage of total Covid deaths that occurred in care homes) or for staff vaccination on any 
mortality outcome. This is unsurprising given the evidence noted above that vaccination has only limited impact against infection and, 
hence, transmission. Indeed, we find significantly positive impacts on total mortality from staff vaccination. However, the fact these 
are also observed for current and very early lags (a period when it is implausible that staff vaccination could impact resident mortality) 
means we are cautious about inferring causality here, even when using DDML.

When we split the sample into the two time periods, the estimates suggest any reduction in mortality from resident vaccination was 
seen only in the roll out of the primary course, i.e. until September 2021. After that point, if anything resident vaccination is associated 
with higher Covid-related mortality. For our third mortality measure, although the point estimates for the later lags are negative, we 
find no significant impacts even in the early period.

Staff vaccination is associated with higher mortality in the early period, though again the fact that we observe that effect even when 
using early lags (i.e. before a vaccination effect could be observed), suggests this may not be a true causal effect.

In order to appreciate the clinical significance of the effect of resident vaccination, recall that the treatments are measured in 
percentages (times 100). The average point estimate for the 4th to 6th lag for the impact of resident vaccination on the total death rate 

Table 2 
Partial correlation of each of outcome variables with treatment variables (one dose only).

Outcome variable

Covid death rate in 
care homes

Total death rate in 
care homes

% of all Covid deaths 
occurring in care homes

% staff absence 
from Covid

% care homes in staffing 
breach/risk

Resident 
vaccine stock

    

Current 0.048*** 0.084*** − 0.132* − 0.014*** − 0.052***
Lagged 1 week 0.001 − 0.021 0.001 − 0.001 0.036**
Lagged 2 weeks − 0.019* − 0.052** − 0.041 − 0.001 − 0.007
Lagged 3 weeks − 0.004 − 0.027 0.183 0.004 0.034**
Lagged 4 weeks − 0.030*** 0.009 − 0.188 0.010* − 0.013
Lagged 5 weeks − 0.025** − 0.034 0.003 0.022*** − 0.009
Lagged 6 weeks − 0.010 − 0.017 0.129 − 0.018*** − 0.009
Staff vaccine 
stock

    

Current 0.048*** 0.024 0.317** − 0.027*** 0.043**
Lagged 1 week − 0.025 − 0.003 − 0.016 0.024** − 0.004
Lagged 2 weeks − 0.011 0.008 0.029 0.008 0.017
Lagged 3 weeks − 0.021 0.057 − 0.285 − 0.004 − 0.040*
Lagged 4 weeks 0.012 − 0.095** 0.226 − 0.013 − 0.006
Lagged 5 weeks − 0.083*** − 0.070* − 0.107 − 0.032*** − 0.021
Lagged 6 weeks 0.133*** 0.165*** − 0.066 0.059*** 0.043***
N 15,984 15,984 10,956 9916 10,952

Notes:.
(ii) Significance level: * 0.10, ** 0.05, *** 0.01.
(ii) Sample period for mortality is 2020 week 23 until 2022 week 26. For absences the period starts in 2021 week 6 and for staffing breach in 2020 
week 51.
(iii) Data sources as described in Appendix Table 1.

19 More general concerns about potential reverse due to unobserved heterogeneity are mitigated to some extent by the inclusion of LA-specific 
fixed effects and trends in the conditioning. In step 2 of the DDML algorithm, we use an ML learner on the treatment vector (d) to obtain the 
orthogonalized regressor, purging the treatment variables of potential endogeneity. Furthermore, most of our treatment variables are lagged, 
making it less likely that future infection rates could influence past vaccine stock levels.
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during the primary dose period is 0.022. That implies a 10 % increase in the resident vaccination stock from the mean value for that 
period (38.3 %) is associated with a reduction in the mortality rate per 1000 residents of 0.084 per week. With a total population of 
about 260 thousand residents, that is equivalent to about 22 deaths per week nationwide, close to 1 % of total care home deaths.

The DDML estimates of the impact of vaccination on our two staffing measures are inconsistent. Some results suggest staff 
vaccination levels were associated with more, rather than fewer, staff absences. For staffing breaches, very few of the estimates are 
statistically significant at the 5 % level.20

In our supplementary analysis we explore how robust these results are to various different specifications. First (see Table A3) we 
find estimates using the elastic net learner approach. These are qualitative similar to the baseline estimates.

Next (Table A4), we report estimates using the actual percentage of residents and staff who had received at least one vaccination. 
The main difference with our baseline results is that we no longer find a significant reduction in mortality rates from resident 
vaccination.

We then repeat (Table A5) our baseline estimates but starting the sample only from 2021 week 10. As noted above, the rationale for 
this experiment is that response rates from care homes regarding vaccination levels were much higher meaning the vaccination stock 
measures are more precisely measured from that point on. These results are qualitatively similar to our baseline specification, but the 
point estimates for the impact of resident vaccination on mortality rates are somewhat lower.

In Table A6, we report estimates with our outcome variables measured in levels rather than relative to the values six weeks 

Table 3 
VIP analysis, % Inc MSE increases.

Covid death rate in 
care homes

Total death rate in 
care homes

% of all Covid deaths 
occurring in care homes

% staff absence 
from Covid

% care homes in 
staffing breach/risk

Community infection rate 35.08 33.30 41.01 48.53 43.48
% of population aged 90 or 
over

31.04 27.22 30.82 46.68 33.65

Population density 30.08 28.77 32.37 42.14 30.20
% of population Black 23.22 24.71 28.22 32.57 29.94
Cumulative care home 
Covid death rate

23.03 16.18 44.25 43.88 41.62

Unemployment rate 20.43 15.75 33.24 36.01 32.46
% of population Asian 20.19 21.24 28.09 34.27 28.75
Staff vaccine stock current 18.57 10.30 22.13 14.37 21.42
Time trend 18.00 16.03 26.06 72.94 24.86
Staff vaccine stock lag 1 16.90 8.59 21.39 12.97 18.03
% of population White 16.41 18.60 28.79 36.71 26.11
Earnings 16.00 10.00 23.10 44.62 38.20
% of population White non- 
British

14.03 14.21 24.54 51.05 30.28

Public health expenditure 
per capita

13.25 13.19 27.11 39.42 32.59

Resident vaccine stock 
current

11.40 14.27 25.88 33.16 30.00

Staff vaccine stock lag 6 11.32 8.33 19.22 21.14 17.99
Staff vaccine stock lag 2 10.44 11.24 24.97 17.48 13.22
Care home residents aged 
85 or over

9.77 9.10 29.15 45.09 34.23

Resident vaccine stock lag 5 9.51 9.55 21.13 25.56 31.15
Staff vaccine stock lag 3 9.28 7.65 25.42 19.63 14.43
Life expectancy 9.21 9.31 26.39 37.37 33.41
Resident vaccine stock lag 2 8.76 14.56 25.26 18.36 30.60
Resident vaccine stock lag 1 8.13 13.62 28.45 24.64 29.91
Care home residents aged 
65 or over

7.34 8.76 30.93 39.01 35.05

Resident vaccine stock lag 3 7.12 7.77 24.82 16.38 22.87
Staff vaccine stock lag 4 6.79 7.40 24.53 22.77 13.70
Resident vaccine stock lag 4 6.76 7.50 24.32 18.49 29.93
Resident vaccine stock lag 5 5.88 10.08 23.16 22.44 30.86
Staff vaccine stock lag 5 4.80 7.20 18.37 21.39 18.39

Notes:.
(i) Sample period for mortality is 2020 week 23 until 2022 week 26. For absences the period starts in 2021 week 6 and for staffing breach in 2020 
week 51.
(ii) Data sources as described in Appendix Table 1.
(iii) Figures are the percentage increase in the mean square error (MS) associated with excluding a variable. Higher values indicate greater importance 
of the variable as a predictor.

20 Note that staff absences due to vaccination side effects might be observed even from current staff (but not current resident) vaccination.
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previously. The main difference with these results are the significantly negative estimates found for staff vaccination. However, the 
significant estimates for the early lags (i.e. before we should be likely to observe a true effect) suggest that at least some of those 
estimates are unlikely to be causal.

Finally, we report estimates (in Tables A7a and A7b) using slower (2 %) and faster (4 %) weekly decay rates to estimate our 
vaccination stock variables. For our mortality measures at least, these results are substantively similar to those using our baseline 
specification.

Taken together, our DDML estimates reveal some evidence that higher resident vaccination rates may have reduced Covid mortality 
in elderly care homes at least in the period of the initial rollout (i.e. up to about September 2021). There is little evidence of any 
reduction in mortality in the booster period or from staff vaccination. Further, we do not find evidence of a reduction in Covid deaths in 
elderly care homes relative to deaths in the broader community, despite the much higher vaccination rates in care homes.

5. Discussion

Some commentary about the pandemic takes as read that high rates of vaccination played a significant role in reducing Covid- 
associated mortality. Although there is a negative temporal association between the vaccination roll out and mortality rates, it is 
difficult to identify a causal impact of vaccination separately from other explanations for lower mortality rates such as immunity from 
previous infection and/or later variants of the virus being less fatal.

We used a doubly debiased machine learning (DDML) approach to identify causal relationships between vaccination rates and 
elderly care home mortality and other outcomes. The elderly care sector contributed to a large proportion of Covid deaths in many 
countries. We had access to detailed data on the evolution of vaccination coverage amongst staff and residents in care homes in 

Table 4 
Panel data estimates of vaccination on outcomes in elderly care homes.

Covid death rate in 
care homes

Total death rate in 
care homes

% of all Covid deaths occurring 
in care homes

% staff absence 
from Covid

% care homes in staffing 
breach/risk

Residents     
Current − 0.0137 0.0130 − 0.1525** − 0.0016 − 0.0103

(0.013) (0.019) (0.072) (0.003) (0.016)
One week 0.0102 0.0056 − 0.0062 0.0004 0.0397**

(0.015) (0.027) (0.074) (0.003) (0.017)
Two weeks − 0.0143 − 0.0496* − 0.0560 − 0.0010 − 0.0243*

(0.013) (0.025) (0.102) (0.003) (0.014)
Three 
weeks

0.0134 − 0.0102 0.2112** − 0.0004 0.0277**

(0.015) (0.021) (0.090) (0.003) (0.013)
Four weeks − 0.0140 0.0248 − 0.2039* − 0.0015 − 0.0208**

(0.018) (0.023) (0.106) (0.003) (0.010)
Five weeks 0.0225 0.0223 0.0530 0.0040 − 0.0060

(0.014) (0.025) (0.084) (0.003) (0.010)
Six weeks 0.0007 0.0090 0.0380 − 0.0019 0.0012

(0.015) (0.021) (0.068) (0.004) (0.009)
Staff     
Current − 0.0274 − 0.0674** 0.0166 − 0.0032 0.0048

(0.025) (0.031) (0.111) (0.006) (0.019)
One week 0.0033 0.0349 0.0754 0.0055 − 0.0107

(0.015) (0.038) (0.148) (0.005) (0.020)
Two weeks 0.0129 0.0556 0.0274 − 0.0031 0.0109

(0.014) (0.037) (0.168) (0.005) (0.018)
Three 
weeks

− 0.0031 0.0812** − 0.2459 − 0.0002 − 0.0355*

(0.027) (0.040) (0.178) (0.005) (0.019)
Four weeks 0.0424 − 0.0684 0.2480 0.0013 0.0004

(0.039) (0.042) (0.178) (0.005) (0.015)
Five weeks − 0.0362 − 0.0244 − 0.1886 − 0.0064 − 0.0029

(0.034) (0.032) (0.148) (0.006) (0.015)
Six weeks 0.0182 0.0074 0.0291 0.0123** 0.0072

(0.035) (0.030) (0.115) (0.006) (0.017)

Notes:.
(i) * p < 0.1; ** p < 0.05, *** p < 0.01; standard errors in brackets.
(ii) Sample period for mortality is 2020 week 23 until 2022 week 26. For absences the period starts in 2021 week 6 and for staffing breach in 2020 
week 51.
(iii) Data sources as described in the data appendix.
(iv) Treatment variable is “vaccination stock” as described in the text.
(v) Models are estimated separately for each lag.
(vi) All models include the following co-variates: local authority level infection rates amongst the general population lagged by three weeks, cu-
mulative Covid death rates in care homes lagged by three weeks, local authority level fixed effects and time (weekly) fixed effects.
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England. The advantage of the DDML approach is that it can leverage the predictive power of machine learning methods while 
exploiting traditional econometric approach. The resulting estimates should be more robust than traditional approaches to functional 
form misspecification and overfitting.

Standard panel data regression estimates do not indicate that higher vaccination take-up reduced mortality in elderly care home. In 
contrast, using the DDML approach, we are able to identify some evidence that vaccination may have reduced Covid-related mortality 
to some extent. This finding is, however, somewhat equivocal: it applies only to two of our three mortality measures and even for those 
two measures, the effect is only found for the period of the first course of Covid-19 vaccination (i.e. up to September 2021). Even using 
DDML, we are unable to identify strong evidence that vaccination rates amongst care home staff reduced mortality or that resident 
vaccination reduced mortality during booster roll out period (from September 2021). Indeed, in the later period, we find some evi-
dence that higher vaccination rates are associated with higher Covid mortality.

The lack of evidence that vaccination of care home staff has any causal effect in reducing mortality amongst residents is unsur-
prising in the light of research noted above suggesting vaccination has modest impacts on contagiousness and, hence transmission. The 
limited effect of resident vaccination on mortality requires more explanation given evidence from some randomised controlled trials 
(RCTs) that, other thing equal, Covid vaccination lowers the risk of serious illness and death. However, there are good reasons why 
such trial outcomes may not be replicated in real world data.

First, is the well-known difficult of controlling for healthy vaccinee effects even within RCTs and which may lead to effectiveness 
being overstated. Second, RCTs typically compare mortality rates amongst those vaccinated with those unvaccinated and who have not 
previously had Covid. Even at the start of the vaccine rollout in the UK, many residents and staff in care homes had previously 
recovered from a Covid infection. Previous infection is known to reduce very significantly the chance both of subsequent infection and 
of mortality given subsequent infection. As a result, the potential for any beneficial mortality impact of vaccination amongst this group 
will be correspondingly smaller. Further, if the previously infected group are less likely than others to be vaccinated, this would 

Table 5 
DDLM estimates of vaccination on outcomes in elderly care homes.

Covid death rate in 
care homes

Total death rate in 
care homes

% of all Covid deaths occurring 
in care homes

% staff absence 
from Covid

% care homes in staffing 
breach/risk

Residents     
Current 0.010** 0.013*** − 0.010 − 0.016*** − 0.009

(0.004) (0.005) (0.026) (0.002) (0.006)
One week − 0.003 − 0.006 − 0.007 − 0.009*** − 0.002

(0.004) (0.006) (0.024) (0.002) (0.007)
Two weeks − 0.019*** − 0.026*** − 0.009 − 0.002 − 0.002

(0.004) (0.006) (0.025) (0.002) (0.007)
Three 
weeks

− 0.028*** − 0.035*** − 0.002 0.004** − 0.004

(0.004) (0.006) (0.023) (0.002) (0.006)
Four weeks − 0.030*** − 0.033*** − 0.009 0.009*** − 0.011*

(0.004) (0.005) (0.023) (0.002) (0.006)
Five weeks − 0.024*** − 0.023*** 0.013 0.012*** − 0.009

(0.004) (0.005) (0.021) (0.002) (0.005)
Six weeks − 0.010*** − 0.006 0.031 0.012*** − 0.003

(0.004) (0.005) (0.020) (0.002) (0.005)
Staff     
Current 0.011*** 0.024*** 0.068** − 0.005*** 0.002

(0.003) (0.004) (0.029) (0.002) (0.006)
One week 0.007** 0.021*** 0.058* 0.000 0.004

(0.003) (0.004) (0.030) (0.002) (0.006)
Two weeks 0.002 0.015*** 0.044 0.004** 0.002

(0.003) (0.005) (0.031) (0.002) (0.005)
Three 
weeks

− 0.001 0.013*** 0.026 0.007*** − 0.003

(0.003) (0.005) (0.030) (0.002) (0.005)
Four weeks 0.001 0.013*** 0.025 0.010*** − 0.003

(0.003) (0.004) (0.029) (0.002) (0.006)
Five weeks 0.005 0.019*** 0.018 0.013*** − 0.000

(0.003) (0.005) (0.026) (0.002) (0.006)
Six weeks 0.014*** 0.030*** 0.023 0.019*** 0.005

(0.003) (0.004) (0.024) (0.002) (0.005)

Notes:.
(i) * p < 0.1; ** p < 0.05, *** p < 0.01; standard errors in brackets.
(ii) Observation period for mortality is 2020 week 23 until 2022 week 26. For absences, period starts in 2021 week 6 and for staffing breach in 2020 
week 50.
(iii) Data sources as described in the data appendix.
(iv) Treatment variable is “vaccination stock” as described in the text.
(v) The potential covariates are as described in the text.
(vi) Estimates use the random forest algorithm.
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provide another mechanism that pushes up population-level mortality rates amongst the vaccinated relative to unvaccinated cohorts.
Apart from the novel application of DDML techniques, a key strength of our analysis is the construction of a measure of ‘vaccination 

stock’ that takes account both of waning vaccination effectiveness over time as well as the impact of second and booster vaccination 
doses.

The limited effectiveness of vaccination on Covid mortality is consistent with research (for example, Fabiani et al. (2020), Simonsen 
et al., 2007 and Verhees et al., 2019) on the impact of influenza vaccination and which has similarly found it difficult to establish a 
clear causal impact on mortality rates.

There are of course limitations and caveats to our analysis. Our statistical approach relies for identification on differences in 
vaccination rates across local authority areas. Although there were quite significant differences in levels and trends in take-up rates 
across England, nearly all local authorities saw a relatively high level of take-up, particularly amongst residents. That means our results 
can be interpreted as suggesting a marginal increase in take-up has at best limited impact on mortality rates. We do not directly es-
timate the effect on mortality of average vaccination rates relative to no vaccination at all.

That said, our DDML results are consistent with descriptive trends. Had vaccination had a very large impact on mortality rates (as 
suggested by some of the modelling research), we would expect to observe at least some signal in the trend data. The difficulty in 
identifying any consistent signal during the various rollout periods is indicative at least that any mortality effect is modest.

6. Conclusion

A good deal of attention has recently been directed to the potential of using machine learning in quantitative research. In this paper, 
we explore this potential in trying to identify a causal impact of Covid-19 vaccination in reducing mortality in elderly care homes.

Using standard panel data regression analysis and doubly debiased machine learning (DDML) techniques suggests both that 

Table 6a 
DDLM estimates of vaccination on outcomes in elderly care homes: primary course.

Covid death rate in 
care homes

Total death rate in 
care homes

% of all Covid deaths occurring 
in care homes

% staff absence 
from Covid

% care homes in staffing 
breach/risk

Residents     
Current 0.021*** 0.019*** 0.021 − 0.026*** − 0.024***

(0.006) (0.006) (0.031) (0.002) (0.009)
One week 0.005 − 0.005 0.016 − 0.019*** − 0.018**

(0.005) (0.007) (0.031) (0.002) (0.009)
Two weeks − 0.017*** − 0.029*** − 0.006 − 0.011*** − 0.015*

(0.005) (0.007) (0.030) (0.003) (0.009)
Three 
weeks

− 0.029*** − 0.038*** − 0.023 − 0.006* − 0.012

(0.006) (0.007) (0.030) (0.003) (0.008)
Four weeks − 0.034*** − 0.037*** − 0.045 0.002 − 0.017**

(0.006) (0.007) (0.032) (0.004) (0.007)
Five weeks − 0.028*** − 0.025*** − 0.028 0.007** − 0.014**

(0.006) (0.006) (0.029) (0.003) (0.007)
Six weeks − 0.011** − 0.004 − 0.015 0.009*** − 0.006

(0.005) (0.006) (0.027) (0.003) (0.005)
Staff     
Current 0.031*** 0.044*** 0.027 − 0.009** − 0.019**

(0.005) (0.007) (0.043) (0.004) (0.009)
One week 0.024*** 0.038*** − 0.001 0.009** − 0.012

(0.004) (0.007) (0.045) (0.004) (0.009)
Two weeks 0.019*** 0.028*** − 0.017 0.019*** − 0.005

(0.004) (0.006) (0.045) (0.004) (0.008)
Three 
weeks

0.014*** 0.027*** − 0.042 0.027*** − 0.002

(0.004) (0.007) (0.045) (0.004) (0.008)
Four weeks 0.013*** 0.025*** − 0.032 0.035*** − 0.002

(0.004) (0.007) (0.040) (0.004) (0.007)
Five weeks 0.012*** 0.027*** − 0.021 0.040*** − 0.001

(0.004) (0.007) (0.038) (0.004) (0.007)
Six weeks 0.019*** 0.035*** − 0.009 0.040*** 0.005

(0.004) (0.007) (0.034) (0.004) (0.006)

Notes:.
(i) * p < 0.1; ** p < 0.05, *** p < 0.01; standard errors in brackets.
(ii) Observation period for mortality is 2020 week 23 until 2021 week 39. For absences, period starts in 2021 week 6 and for staffing breach in 2020 
week 51.
(iii) Data sources as described in the data appendix.
(iv) Treatment variable is “vaccination stock” as described in the text.
(v) The potential covariates are as described in the text.
(vi) Estimates use the random forest algorithm.
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vaccination had only a limited impact on care home mortality and that any impact was restricted to the initial rollout period of the 
vaccine.

Our analysis casts doubt on the hypothesis that high rates of vaccination were a particularly important factor in reducing Covid 
mortality after the initial waves. In turn, this has implications for public policy relating to Covid vaccination. In particular, it may be 
appropriate to look again at the case for continuing to expend resources on offering regular booster vaccination doses to vulnerable 
populations such as care home residents.
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Table 6b 
DDLM estimates of vaccination on outcomes in elderly care homes: booster period.

Covid death rate in 
care homes

Total death rate in 
care homes

% of all Covid deaths occurring 
in care homes

% staff absence from 
Covid

% care homes in staffing 
breach/risk

Residents     
Current − 0.008** 0.022** − 0.244*** − 0.007*** 0.001

(0.004) (0.010) (0.073) (0.003) (0.010)
One week − 0.009** 0.013 − 0.207*** − 0.003 0.008

(0.004) (0.012) (0.077) (0.003) (0.012)
Two weeks − 0.005 − 0.012 − 0.119 0.006* 0.010

(0.004) (0.015) (0.079) (0.003) (0.013)
Three 
weeks

0.001 − 0.018 0.023 0.015*** 0.019

(0.002) (0.016) (0.075) (0.003) (0.014)
Four weeks 0.005** − 0.014 0.075 0.024*** 0.022

(0.002) (0.015) (0.070) (0.002) (0.013)
Five weeks 0.009*** − 0.010 0.177*** 0.031*** 0.025*

(0.003) (0.014) (0.068) (0.002) (0.014)
Six weeks 0.013*** − 0.008 0.271*** 0.034*** 0.024*

(0.002) (0.012) (0.064) (0.002) (0.013)
Staff     
Current 0.013*** 0.055*** 0.076 0.013*** 0.032***

(0.004) (0.012) (0.072) (0.003) (0.012)
One week 0.015*** 0.054*** 0.118 0.013*** 0.032***

(0.005) (0.012) (0.083) (0.003) (0.012)
Two weeks 0.012*** 0.052*** 0.122 0.010*** 0.031**

(0.003) (0.012) (0.083) (0.003) (0.012)
Three 
weeks

0.009*** 0.038** 0.140 0.006* 0.022*

(0.003) (0.015) (0.090) (0.003) (0.012)
Four weeks 0.006* 0.013 0.155 0.002 0.018

(0.003) (0.029) (0.095) (0.003) (0.013)
Five weeks 0.001 0.013 0.125 0.000 0.017

(0.006) (0.025) (0.095) (0.003) (0.014)
Six weeks 0.004 0.001 0.185* 0.003 0.020

(0.003) (0.032) (0.104) (0.004) (0.015)

Notes:.
(i) * p < 0.1; ** p < 0.05, *** p < 0.01; standard errors in brackets.
(ii) Observation period is 2021 week 39 until 2022 week 26.
(iii) Data sources as described in the data appendix.
(iv) Treatment variable is “vaccination stock” as described in the text.
(v) The potential covariates are as described in the text.
(vi) Estimates use the random forest algorithm.
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