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 39 

Abstract 40 

 41 

Hospital-based transmission played a dominant role in MERS-CoV and SARS-CoV 42 

epidemics but large-scale studies of its role in the SARS-CoV-2 pandemic are lacking.  Such 43 

transmission risks spreading the virus to the most vulnerable individuals and can have wider-44 

scale impacts through hospital-community interactions. Using data from acute hospitals in 45 

England we quantify within-hospital transmission, evaluate likely pathways of spread and 46 

factors associated with heightened transmission risk, and explore the wider dynamical 47 

consequences. We show that hospital transmission is likely to have been a major contributor 48 

to the burden of COVID-19 in England. We estimate that between June 2020 and March 2021 49 

between 95,000 and 167,000 patients acquired SARS-CoV-2 in hospitals with nosocomially-50 

infected patients likely to have been the main sources of transmission to other patients. 51 

Increased transmission to patients was associated with hospitals having fewer single rooms 52 

and lower heated volume per bed. Moreover, we show that reducing hospital transmission 53 

could substantially enhance the efficiency of punctuated lockdown measures in suppressing 54 

community transmission. These findings reveal the previously unrecognised scale of hospital 55 

transmission, have direct implications for targeting of hospital control measures, and 56 

highlight the need to design hospitals better-equipped to limit the transmission of future high 57 

consequence pathogens. 58 

 59 

 60 

 61 

 62 

 63 
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Introduction 64 

 65 

Hospital transmission played a central role in the spread of Middle East respiratory syndrome 66 

coronavirus (MERS-CoV) and severe acute respiratory syndrome coronavirus (SARS-CoV) in 67 

human populations 1,2, and multiple reports have indicated that SARS-CoV-2 is capable of 68 

spreading efficiently in healthcare settings 3–11 and is associated with poor outcomes 12,13. However, 69 

attempts to fully document the extent of hospital transmission using systematically-collected 70 

national data or to take a data-driven approach to quantifying the drivers and dynamical 71 

consequences of such transmission are lacking. Addressing these knowledge gaps is important: 72 

hospital transmission directly affects patients likely to have multiple factors associated with poor 73 

outcomes; it puts healthcare workers (HCWs) at risk and compromises their ability to provide safe 74 

patient care; it disrupts service delivery; and it can play a major role in disseminating infection to 75 

vulnerable groups in the community. Moreover, because non-pharmaceutical interventions in the 76 

community do not affect rates of transmission from infected patients and HCWs in hospitals, 77 

hospital transmission can have important effects on epidemic dynamics during lockdown periods. 78 

Understanding such transmission has implications for both ongoing epidemics and for threats from 79 

new variants in highly vaccinated populations. 80 

 81 

We use data from 145 National Health Service (NHS) acute hospital trusts (organisational units 82 

containing one or more acute care hospitals), excluding only those caring exclusively for children. 83 

These trusts contained 356 hospitals, had a combined bed capacity of approximately 100,000, (over 84 

98% of the total NHS general and acute care bed capacity in England in 2020) and employed 85 

859,134 full-time equivalent HCWs, 2.5% of the working-age population of England. From 20th 86 

March 2020, all such trusts completed a daily situation report which included essential information 87 

on the prevalence and incidence of SARS-CoV-2 infection, the number of patients admitted with 88 
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SARS-CoV-2 infection and of staff absences due to COVID-19. From 5th June 2020, a 89 

classification of the likely source of infection based on ECDC criteria was also required 14. This 90 

was determined by the interval between hospital admission and date of onset of PCR-confirmed 91 

infection in hospitalised patients: community onset infections were defined as those with an interval 92 

of two days or fewer; an interval of 3-7 days led to a classification of indeterminate healthcare-93 

associated; those with an interval of 8-14 days were classified as probable healthcare-associated; 94 

and intervals of 15 days or more were classified as definite healthcare-associated. Since few 95 

patients have hospital stays exceeding seven days and many nosocomially-infected patients will be 96 

discharged before testing positive, such definitions necessarily capture only a proportion of 97 

hospital-acquired infections.  98 

 99 

We make use of these data, linked with other national data sets to infer the number of hospital-100 

acquired infections in England between June 2020 and February 2021, the pathways of nosocomial 101 

transmission, factors potentially modulating such transmission, and to understand its dynamical 102 

consequences.  103 

 104 

 105 

 106 

Results 107 

 108 

Between 10th June 2020 and 17th February 2021 a total of 16,950 and 19,355 SARS-CoV-2 109 

infections in hospital inpatients met the criteria for definite and probable healthcare-associated 110 

infections respectively. To estimate the total number of hospital-acquired infections we multiply the 111 

recorded number of definite healthcare-associated infections by the reciprocal of the proportion of 112 

hospital-acquired infections that we expect to meet these “definite healthcare-associated” criteria. 113 
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Using the empirical length-of-stay distribution, the estimated incubation period distribution, and the 114 

profile of PCR test sensitivity as a function of time since infection15 (Fig. 1 a-c) we estimate that a 115 

policy of PCR testing symptomatic patients would detect 26% (90% credible interval (21%, 30%)) 116 

of hospital-acquired infections, with 12% (10%, 14%) of all such infections meeting criteria for 117 

definite healthcare-associated infection (Fig. 1 d-f). Adding asymptomatic PCR testing on days of 118 

stay 3 and 6 (as recommended by national screening guidance in England) increases the proportion 119 

detected to 33% (26%, 38%) but does not substantively alter the proportion classified as definite 120 

healthcare-associated. Augmenting symptomatic PCR tests with testing for all patients at seven-day 121 

intervals (a policy adopted by some hospitals in England) increases the proportion of hospital-122 

acquired infections detected to 44% (39%, 47%), and the proportion classified as definite 123 

healthcare-associated to 17% (16%, 18%). These low probabilities for detection and classification 124 

as definite healthcare associated are a consequence of the typically short lengths of patient stay and 125 

low PCR sensitivities early in the course of infection (Fig. 1 b-c).  126 

 127 

Combining these estimates with the number of reported definite healthcare-associated infections, 128 

we infer the number of hospital-acquired infections under two sets of assumptions. First, we assume 129 

patient testing followed national guidance which specifies testing of symptomatic patients but 130 

includes no asymptomatic testing after day seven post-admission. This provides a plausible lower 131 

bound for the chance of identifying hospital-acquired infections and thus an upper bound for the 132 

estimated numbers of such infections. Second, we assume testing for all patients at seven-day 133 

intervals post-admission in addition to symptomatic testing of patients. This provides a plausible 134 

upper bound for the chance of identifying hospital-acquired infections and thus a lower bound on 135 

the estimated numbers of such infections. Using definite healthcare-associated infections only, this 136 

yielded as an upper bound a mean (90% CrI) estimate for the number of nosocomial infections of 137 

143,000  (123,000, 167,000) and a lower bound of 99,000 (95,000, 104,000). During this period 138 
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there were 9.2 million hospital admissions from 5.0 million individual patients, so we estimate that 139 

between 1% and 2% of admissions resulted in a hospital-acquired SARS-CoV-2 infection. Similar 140 

estimates were obtained in sensitivity analyses using more granular length-of-stay data, while 141 

repeating the analysis using probable and definite healthcare-associated infections yielded estimates 142 

that were 20-30% higher (Supplementary Information: Section 2.1).   143 

 144 

 145 

 146 

 147 

 148 

    149 

     150 

      151 

    152 

 153 
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154 

             155 

Fig. 1 | Quantifying the probability of observing hospital-acquired infections and estimating the total number of such 156 

infections. Model inputs are shown in the top row and include the incubation period distribution (a) 16, the PCR sensitivity profile 157 

(b) 15, and the length-of-stay distribution (c) for patients who were not admitted with COVID-19. In (c) the minimum lengths of stays 158 

needed to be classified as a probable or definite healthcare-associated infection are shown by dashed and solid vertical lines. 159 

Estimates of the probabilities that patients with hospital-acquired SARS-CoV-2 infections have a PCR positive test while in hospital 160 

under different screening policies (d), and estimates of the probabilities that they both screen positive and meet the post-14 day onset 161 

criteria to be considered a “definite” healthcare-associated infection (e) or the post-7 day criteria to be classified as a probable or 162 

definite healthcare-associated infection (f) are shown in the middle row, with the Public Health England screening recommendations 163 

highlighted in green and the policy of screening all patients at seven day intervals after admission is highlighted in blue (note that in 164 

contrast to this policy, weekly and 2 and 3 x weekly policies screen on fixed days of the week). The bottom panel (g) shows the 165 

estimated total number of hospital-acquired infections across adult NHS trusts in England assuming the screening policies 166 

highlighted in the middle row based on recorded “definite healthcare-associated infections”. 167 

 168 

 169 

To quantify drivers of transmission to patients and HCWs we linked these data to national data-sets 170 

(Fig. 2 e-l) capturing information on hospital characteristics potentially affecting transmission, 171 

HCW vaccination, and regional prevalence of the Alpha variant. As no direct measurements of 172 
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hospital ventilation were available, we used hospital building heated volume per bed as a proxy. 173 

This analysis was restricted to 96 of the 145 trusts for which complete data were available and used 174 

negative binomial auto-regression models where the dependent variable was either the weekly 175 

number of patients with healthcare-associated infections or the imputed weekly number of HCW 176 

infections. Independent variables were selected based on biological plausibility. Mechanistic 177 

considerations informed the parameterisation of the dispersion terms and the inclusion of additive 178 

effects for exposures to community-acquired patient infections, hospital-acquired patient infections, 179 

and infected HCWs (Fig. 2, top row), combined with multiplicative effects of trust characteristics 180 

(Fig. 2, middle row), HCW vaccine coverage and Alpha variant prevalence (Fig. 2, bottom row).  181 

 182 

Amongst the additive terms the strongest predictor of new healthcare-associated infections was the 183 

number of patients in the same trust with healthcare-associated infections the previous week (Fig. 184 

3); thus one patient with a newly identified healthcare-associated infection the previous week was 185 

associated with an additional 1.07 (95% CrI 0.93,1.19) hospital-acquired infections in patients the 186 

following week (setting variables representing hospital characteristics to their mean values, and in 187 

the absence of the Alpha variant or vaccine effects). Additive effects associated with patient 188 

exposures to infected HCWs and patients admitted with SARS-CoV-2 were smaller, though the 189 

larger number of such exposures increased their contribution to patient infections (Fig. 3F). 190 

 191 

Considering multiplicative effects associated with trust characteristics, increased availability of 192 

single rooms was associated with reduced incidence of healthcare-associated infections in patients 193 

with an incidence rate ratio (IRR) for a one SD increase in single room availability (corresponding 194 

to a 15% increase in the percentage of beds as single rooms) of 0.91 (0.87, 0.97), while heated 195 

volume per bed was associated with a similar reduction (IRR 0.90 (0.84, 0.97) for a one SD 196 

increase corresponding to an increase per bed of 207m3, and older hospital buildings were also 197 
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associated with reduced hospital transmission (Fig. 3). These effects were not seen for infections in 198 

HCWs. HCW vaccination was associated with substantial reduction in transmission to patients 199 

linked to exposures to infected HCWs, and large reductions in the overall rate of infection in 200 

HCWs. Increased Alpha variant prevalence was associated with large increases in the rates of 201 

infection in both patients and HCWs.  202 

 203 

Negative controls can help assess the likelihood that associations between exposures and outcomes 204 

in observational studies result from relationships which are not directly causal17. We used as a 205 

negative outcome control the number of patients admitted with community-acquired SARS-CoV-2 206 

infection. Assuming most hospital admissions with SARS-CoV-2 result from community 207 

transmission, this outcome would not be expected to have a strong association with hospital 208 

characteristics and exposures. If associations between hospital exposures and this control outcome 209 

are similar to those for hospital-acquired infections, it would suggest that confounding is a plausible 210 

explanation. Note, however, that since some SARS-CoV-2 admissions from the community will 211 

result from the readmission of patients infected in hospital some link is expected. In all models 212 

considered with this control outcome, there was no strong association with the number of 213 

healthcare-associated infections or with the single room provision, strengthening the evidence that 214 

these both play a causal role in the incidence of hospital-acquired infections (Supplementary 215 

Information: Tables S15-S17). However, both heated volume per bed and HCW vaccination 216 

coverage showed similar negative associations with the control outcome as reported for healthcare-217 

associated infection outcomes, indicating the need for caution when considering whether these 218 

reported associations might reflect direct causal effects.  219 

 220 

To help interpret estimated regression coefficients we performed a series of simulation studies, 221 

generating synthetic transmission data-sets from a multitype branching process model, applying an 222 
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observation model to obtain partially observed infection data, and replicating the above analysis. 223 

This analysis indicated that when the outcome was patient hospital-acquired infections, regression 224 

coefficients typically underestimated the expected number of secondary cases per case when only a 225 

proportion of hospital-acquired infections were observed, though represented good approximations 226 

as the proportion approached 1 (Extended Data Fig. 4). 227 

  228 
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 229 

 230 

 231 

Fig. 2 |  Summary of data used in the analysis. First row: data from situation reports related to SARS-CoV-2 232 

infection in England showing variation between trusts. Each circle corresponds to one NHS trust scaled by the number 233 

of available beds. Shading indicates cumulative totals to the end of the period considered (February 17 2021). 234 

Geographic locations are approximate. Cumulative number of hospital-associated infections in patients per 100 hospital 235 

beds with first positive sample >14 days after admission (a); hospital-associated infections in patients with first positive 236 

sample >7 days after admission (b); imputed cumulative number of cases in healthcare workers (c) with grey shading 237 

indicating missing data; infections in hospitalised patients with community onset (d). Second row: trust-level data 238 

characteristics from the third quarter of 2020: bed occupancy (e); age of acute hospital buildings in the trust expressed 239 

as a weighted average of the percentage of hospital buildings constructed in 1964 or earlier, where weights are the 240 

hospital gross internal floor areas (f); number of single room beds per trust (including isolation rooms) as a percentage 241 

of the number of general and acute beds available in the last quarter of 2020 (g); heated volume per bed (h). Third row: 242 

a snapshot of regional HCW immunisation data at two time points showing the proportion of HCWs who had received 243 

at least one vaccine dose at least three weeks earlier (i,j), and regional data on the proportion of confirmed infections 244 

due to the Alpha variant (in both cases voronoi tessellations centred on the location of the largest hospital in each trust 245 

are shown).  246 
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 247 

 248 

  249 

 250 

 251 

 252 

Fig. 3 | Factors associated with nosocomial SARS-CoV-2 acquisitions in patients HCWs and predictive 253 

distributions. a, b show additive effects associated with categories of host infections and multiplicative effects of 254 

vaccine coverage in healthcare workers, Alpha prevalence and trust characteristics (posterior means, 50% and 90% CrIs 255 

are shown). For multiplicative effects, values below one indicate an association with reduced infection rates. Note that 256 

in the model for infections in patients (a) HCW vaccine coverage acts by modulating transmission associated with 257 

infected healthcare workers, while in the model for infections in healthcare workers it has a global effect, modulating 258 

the overall rate of infection. Associated posterior predictive distributions for the number of infections by week in the 20 259 

largest trusts are shown (c and d; solid line corresponds to observed values and shaded regions correspond to 50% and 260 

90% CrIs). The bottom row shows, for all trusts, classifications of detected infections (e) by week, and contributions to 261 

predicted infections in patients (f) and HCWs (g) from the three categories of infected hosts predicted by the negative 262 

binomial regression models.  263 

 264 
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We used estimates from these analyses to inform a dynamic model coupling hospital and 265 

community dynamics. We considered three scenarios: high hospital transmission, corresponding to 266 

self-sustaining within-hospital transmission; and intermediate and low hospital transmission, where 267 

all hospital transmission rates were reduced by 25% and 50% respectively compared to the high 268 

hospital transmission scenario (Figure 4). Community transmission rates were identical in all 269 

scenarios.   270 

 271 

While the level of hospital transmission had little overall impact on an unmitigated epidemic 272 

(Extended Data Fig. 5), when community transmission is controlled through punctuated lockdowns, 273 

the extent of hospital transmission can have a profound impact on overall epidemic dynamics. If 274 

lockdowns are put in place for a fixed time period and then released in a stepwise manner (Fig. 4a-275 

i), the total infected population in the community decreases from 27% in the high hospital 276 

transmission scenario to 12% and 7% in the intermediate and low transmission scenarios (Fig. 4g-i) 277 

with corresponding increases of the percentages of HCWs infected from 21% to 52% and 91% (Fig. 278 

4d-f). Conversely, if instigation and release of lockdowns is driven by threshold infection rates in 279 

the community (Fig. 4j-u) the total number infected does not depend strongly on levels of hospital 280 

transmission (Fig. 4j-o) but the time spent in lockdown and the efficiency with which lockdown 281 

averts infections (Fig. 4p-u) is enhanced by reducing hospital transmission. These effects can be 282 

substantial despite the fact that, at any one time, the number of patients and HCWs is less than 2% 283 

of the total population. 284 

 285 

 286 

 287 

 288 

 289 
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 290 

 291 

Fig. 4 | Dynamics of community and hospital infections. Results are shown from simulation runs under high (a,d,g), 292 

intermediate (b, e, h) and low (c,f,i) rates of hospital transmission scenarios, where rates of hospital transmission in 293 

intermediate and low scenarios are, respectively, 25% and 50% lower than the high hospital transmission scenario 294 

without altering parameters related to community transmission. Assumed population sizes for community, hospital 295 

inpatients and HCWs are 500,000, 1000, and 4000 respectively. Solid vertical lines correspond to initiation of 296 

“lockdown” measures which are assumed to reduce person-to-person transmission rates in the community by 80% for 297 

the first lockdown and 70% for the second. The two broken vertical lines correspond to progressive release of lockdown 298 

measures, here assumed to result in transmission rates in the community that are reduced by 70% (after 100 days) and 299 

40% (after a further 50 days) compared to the pre-intervention rate. The same three hospital transmission scenarios are 300 

used when considering threshold-driven lockdown measures (j-u), when lockdown measures are initiated and released 301 

based on per capita infection rates in the community being above or below pre-specified thresholds. In these scenarios, 302 

when lockdown is in place person-to-person transmission rates in the community are assumed to be reduced by 90% 303 

compared with pre-intervention levels, while release of lockdown is followed by community transmission rates that are 304 

50% of those prior to the first lockdown.    305 

 306 



 

16 

 307 

Discussion 308 

 309 

Between 1% and 2% of hospital admissions are likely to have resulted in a hospital-acquired 310 

SARS-CoV-2 infection during the “second wave” in England, with only a minority of these 311 

infections correctly classified as “healthcare-associated”. Time series data indicated that patients 312 

who themselves acquired SARS-CoV-2 infection in hospital were the main drivers of transmission 313 

to patients while transmission from both HCWs and nosocomially-infected patients were of similar 314 

importance for transmission to HCWs. HCW vaccination was associated with large reductions in 315 

infection rates and there was evidence that aspects of hospital building design could modulate such 316 

transmission. 317 

While lack of genomic data means we cannot conclusively demonstrate transmission, our findings 318 

accord with focused local investigations with densely-sampled viral genome sequences. Such 319 

studies indicate that many hospital-onset infections not meeting ECDC definitions for healthcare-320 

associated infection are hospital-acquired and highlight the importance of superspreading 5,18. Such 321 

superspreading is implicit in our negative binomial models which attribute 80% of detected patient-322 

patient transmission events from nosocomially-infected patients to 21% of infected patients. Also 323 

aligned with our findings (Fig. 3 f-g) are conclusions from local studies that hospital-acquired 324 

infection in patients is primarily due to transmission from nosocomially infected patients, while 325 

sources for HCW infections came from patients and HCWs in approximately equal proportions 326 

9,18,19.  327 

National infection prevention and control (IPC) guidance in England at the start of June 2020 328 

emphasised respiratory and hand hygiene, use of face masks for patients and HCWs, cohorting of 329 

patients and staff, environmental decontamination, ventilation, and staff social distancing. 330 
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Screening of all patients for SARS-CoV-2 during the first seven days of their hospital stay was 331 

recommended throughout the period, but some trusts went beyond these requirements by 332 

performing weekly testing. Records of such measures were not kept at a national level and lack of 333 

centrally collected data on trust-specific IPC measures means that effective interventions may have 334 

gone unrecognised. Simulation studies, however, suggest that high-frequency asymptomatic 335 

screening and rapid isolation of patients with suspected SARS-CoV-2 can substantially reduce 336 

SARS-CoV-2 transmission in healthcare settings 20,21 and highlight the importance of contact 337 

tracing 22. 338 

The factors that make it hard to prevent SARS-CoV-2 transmission are relevant for hospitals 339 

everywhere. While some well-resourced hospitals avoided large-scale nosocomial transmission in 340 

early 202023–25, even in high-income settings the extent of such transmission showed considerable 341 

variation between hospitals 8. Seroprevalence data prior to vaccination in HCWs also indicate a 342 

high degree of heterogeneity between hospitals even within the same countries and are consistent 343 

with high levels of nosocomial transmission in many settings (Extended Data Fig. S6). Hospitals in 344 

resource-limited settings face particular challenges due to poorly-funded IPC activities, lack of 345 

capacity to carry out routine testing, lack of isolation facilities, and high levels of patient crowding, 346 

but attempts to systematically quantify the extent of such transmission outside high-income 347 

countries are currently lacking. 348 

 349 

Our findings have implications for control policies. First, they highlight the importance of early 350 

identification and prompt initiation of control measures for patients with new hospital-acquired 351 

infections and for other patients they may have infected. Second, they reinforce the need for 352 

measures that reduce transmission from patients with asymptomatic infection in non-COVID 353 

hospital areas, including improved ventilation, use of face coverings by patients and staff, increased 354 

distancing between beds, minimising patient movements within and between wards, and promotion 355 
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of hand hygiene26. Third, our findings support efforts to prioritise HCWs for COVID-19 356 

vaccination both due to direct protection to HCWs and due to indirect protection offered to patients. 357 

Fourth, the findings highlight the need to prioritise research into effective methods of reducing 358 

hospital transmission of airborne pathogens, including ward design and air filtration systems 27. 359 

Finally, our findings show that hospital transmission can have a substantial impact on epidemic 360 

dynamics. In particular, the role of hospital transmission in seeding COVID-19 into care homes and 361 

other vulnerable groups in the community must be further investigated in light of the finding that 362 

much of the hospital transmission is likely to be unobserved.  363 

 364 
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 445 

Methods 446 

 447 

Quantifying the number of hospital acquired infections 448 

 449 

To quantify the number of hospital-acquired infections in patients we first estimate the 450 

probability,!!" ,that an infection acquired by a patient in trust # in week $ is both detected by a PCR 451 

test and meets the definition of a hospital-acquired infection. In the main analysis, this definition 452 

requires the first positive specimen date to be 15 days or more after the day of hospital admission 453 

and while the patient is in hospital. In general, !!"will depend on the testing policy in place at the 454 

time, the sensitivity of the PCR test (which varies with time since infection), the length-of-stay 455 

distribution in the trust for patients at risk of being infected with SARS-CoV-2 while in hospital, 456 

the distribution of times from infection to onset of symptoms, and the proportion of infections 457 

which are symptomatic. Consider an infection that a patient acquires % days after the day the 458 

patient is admitted to the hospital. The testing policy in place in the trust during the patient’s stay, 459 

the day of infection, and the incubation period distribution together determine the probability that a 460 

patient is tested on day & after the patient is infected (for &= 0,1,2,3...). We assume the test has a 461 

specificity of 1. Let '# represent the probability of a positive PCR test result for a test taken & days 462 

after the date of infection, and let (!"#represent the probability that such a test is performed & days 463 

after the  infection event. The probability that a patient admitted to trust # in week $ with length of 464 

stay ) infected on day of stay % (where % ≤ )) has a positive PCR test while in hospital is given 465 

by +!"$% = 1	 − ∏ (#&%…$	 1 − (!"(#*%)'#*%).  466 

 467 
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For such a hospital-acquired infection to meet the definition of a confirmed “definite” hospital-468 

acquired infection requires the first positive sample to be taken 15 or more days after the day the 469 

patient is admitted to the trust. The probability, +′!"$% , of this happening for patients with length of 470 

stay ) infected on day % is clearly zero for ) < 15, otherwise it is given by the probability that 471 

there is no positive test before day 15 and at least one positive test after. For % ≥ 15 this probability 472 

is identical to +!"$%, otherwise it is given by   473 

+′!"$% = ∏ (#&%...-.	 1 − (!"(#*%)'#*%) (1-∏ (#&-/...$	 1 − (!"(#*%)'#*%)).  474 

The probability that a new nosocomial infection in trust #	and week $	is detected is then given by 475 

!!" =	∑ 8!"$%$,% +!"$% while the probability that a new nosocomial infection in trust#and week $is 476 

both detected and meets the definition of a confirmed nosocomial infection is 477 

 !!" =	∑ 8!"$%$,% +′!"$%, where 8"!$% is the probability that, given a new hospital-acquired 478 

infection in trust # in week $	occurs, it occurs in a patient with length of stay	) on day of stay %. If 479 

9!$represents the probability that a patient at risk of nosocomial infection with SARS-CoV-2 480 

admitted to trust # has a length of stay of ) days, then, on a given day, the expected proportion of 481 

patients who both have a length of stay of ) days and are currently on day of stay%is given by 482 

:!$% = 9!$)/(% ∑ 9!11 ;) if ) ≥ % and 0 otherwise.  Analysis of individual-level patient data 483 

indicates that while daily risk of infection changes over calendar time, it does not vary appreciably 484 

with day of stay % for typical lengths of stays 9, and we therefore approximate 8!"$% 	(the 485 

conditional probability of a new infection occurring on day of stay d in a patient with length of stay 486 

m given that an infection occurs) by :!$% which we estimate based on the reported lengths of stays 487 

of completed patients episodes of patients admitted to each trust over the time period considered. 488 

Given these estimates of !!"and the observed number of confirmed hospital-acquired infections, 489 

<!" , we estimated the the total number of hospital-acquired infections (combining observed and 490 

unobserved), =!", by applying Bayes’ formula: +(=!"|<!" , !!") =  +(<!"|=!" , !!")+(=!")/+(<!"|!!")	 491 
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where +(<!"|=!" , !!") represents the binomial likelihood of observing <!"infections, +(=!")is the 492 

prior distribution for the total number of infections, which we take to be uniform, and we calculate 493 

+(<!"|!!")using the formula +(<!"|!!") = ∑ +2 (<!"|!!" , =!" = @)+(=!" = @)	.  494 

We consider a number of different testing policies, which determine the (!"#values. The minimal 495 

testing policy, which involves the fewest tests, requires only that patients displaying symptoms of 496 

COVID-19 are tested, and we assume all such patients are tested on a single occasion. When this 497 

policy is in place the times of testing of patients with hospital-acquired infections, in relation to the 498 

time of infection, is determined by the incubation period and such a test is assumed to be performed 499 

if and only if the patient develops symptoms on or before the day of discharge. A second testing 500 

policy extends this by assuming that in the event of a negative screening result from a patient with 501 

symptoms, daily testing will continue to be performed until patient discharge, the first positive test, 502 

or three consecutive negative tests (whichever occurs first). In these analyses we use reported 503 

estimates of sensitivity of the PCR test as a function of time since infection 15. We consider 504 

additional testing policies which combine symptomatic testing with routine asymptomatic testing. 505 

In these policies all patients who have not already tested positive are screened at predetermined 506 

intervals using the same PCR test. In these policies we consider weekly, twice weekly, three times 507 

weekly and daily testing of all in-patients as well as a policy of testing twice in the first week of 508 

stay (in accordance with national guidance in England). For a given length-of-stay distribution, 509 

incubation period distribution, PCR sensitivity profile, and probability that infection is symptomatic 510 

the calculations outlined above to determine the probability that an infection is detected or both 511 

detected and identified as a hospital-acquired infection are deterministic, and require no simulation. 512 

We account for uncertainty in these quantities through a Monte Carlo sampling scheme, at each 513 

iteration sampling new values for PCR sensitivities, the incubation period distribution and the 514 

proportion of infections which are symptomatic. For PCR sensitivities, we directly sample from the 515 

posterior distribution reported by Hellewell et al 15. For the incubation period we assume a 516 
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lognormal distribution, and sample the parameters for these from normal distributions with means 517 

(SDs) of 1.621 (0.064) and 0.418 (0.069) as estimated by Lauer et al 16. Estimates of the proportion 518 

of infections which are symptomatic are taken from Mizumoto et al 28 and this quantity is sampled 519 

from a normal distribution with mean (SD) of 0.82 (0.012). Length-of-stay distributions are directly 520 

obtained from SUS for NHS acute trusts excluding: i) patients who were admitted with PCR-521 

confirmed COVID-19, ii) patients who had samples taken in the first seven days of their hospital 522 

stay which were PCR positive for SARS-CoV-2; and iii) patients with a length-of-stay of less than 523 

one day. In the primary analysis we use aggregate length-of-stay data for all trusts taken from the 524 

12 month period from March 1st 2020. We also present results from two sensitivity analyses: in the 525 

first we use trust-specific 9!$values; in the second we allow for the possibility that length-of-stay 526 

distributions change over time and use period-specific empirical length-of-stay distributions from 527 

the four three month periods: March-May 2020, June-August 2020, September-November 2020, 528 

and December 2020 - February 2021.       529 

 530 

Quantifying drivers of nosocomial transmission 531 

 532 

We used generalised linear mixed models to quantify factors associated with nosocomial 533 

transmission. In these models the dependent variable was either the observed number of confirmed 534 

hospital-acquired infections in trust	#and week $ amongst patients, <!", or  the imputed number of 535 

infections in healthcare workers, <′!". Three classes of independent variables were considered: i) 536 

known exposures to others in the same trust infected with SARS-CoV-2 to account for within-trust 537 

temporal dependencies, with separate terms corresponding to exposures in the previous week to 538 

patients with community-onset SARS-CoV-2 infections (=!("*-)), patients with hospital-acquired 539 

SARS-CoV-2 (<!("*-)), and healthcare workers with SARS-CoV-2 (<′!("*-)); ii) characteristics of 540 

the trusts which were considered, a priori, to be plausibly linked to hospital transmission: bed 541 
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occupancy, provision of single rooms, age of hospital buildings, heated air volume per bed, and size 542 

(number of acute care beds); iii) regional data including vaccine coverage amongst healthcare 543 

workers and the proportion of isolates represented by the alpha variant. Models were formulated to 544 

reflect presumed mechanisms generating the data, and we used negative binomial models with 545 

identity link functions allowing the number of exposures to different categories of SARS-CoV-2 546 

infections to contribute additively to the predicted number of weekly detected infections, while 547 

allowing for multiplicative effects of the other terms. In models where the dependent variable 548 

represented hospital-acquired infections in patients, the healthcare worker vaccination effect was 549 

assumed to act only through a multiplicative term affecting transmission related to exposures to 550 

healthcare workers. In contrast, when the dependent variable represented infections in healthcare 551 

workers, vaccine exposure was allowed to have a multiplicative effect on the overall expected 552 

number of infections. Formally, we define the full model for infections in patients in trust	#and 553 

week $(which we refer to as model P1.1.1) as: 554 

 555 

 <!" ∼ ;CDE#;(F!" , G!"), where F!"represents the mean and the variance is given by F!" + F!"
3 /G!".  556 

In the full model F!" = (I! + 	E<!("*-) + J!"<′!("*-) + %=!("*-))	)!";!" 		 557 

)!" 	= 	CKL(M × O#;D@CPQQ)O! + P × RPSORO#=C! + 	O × QJJSLI;J<!("*-) + 	R × RPSORIDC!"558 

+ S × RPSORTQ@S)CLCPEC%!")	 559 

;!" 	= 	CKL(U × LPQLQPR#Q;I@LℎITIP#I;R!") 560 

J!" = 	J × CKL(T × ℎJUTIK!("*-))	 561 

G!" =	G4 	+ &!<!("*-).	 562 

I! ∼ 	W(I4, X53) 563 

&! ∼ 	W(&4, X#3). 564 

 565 
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The expression for the dispersion parameter of the negative binomial distribution, G!", reflects the 566 

fact that the sum of ; independent negative binomially distributed random variables with mean F 567 

and dispersion parameter G will itself have a negative binomial distribution with mean ;F and 568 

dispersion parameter ;G. Thus, in the idealised case that each of ; nosocomially infected patients 569 

in one week has a fully observed negative binomially distributed offspring distribution the next 570 

week with mean F and dispersion parameter G,	then the total number of nosocomial infections 571 

observed would have a negative binomial distribution with parameters ;F and ;G.  The I! 572 

represents a trust level random effect term to account for within-trust dependency. We also 573 

considered two nested models, P1.1.0 and P1.0.0 obtained by setting the terms M, P, O, R and S to 0 574 

in both cases (i.e. removing the trust-level terms) and by additionally setting the terms T and U to 575 

zero in the latter case (i.e. removing regional vaccine and variant related terms). 576 

 577 

A similar model was used when the dependent variable was healthcare worker infections, except 578 

that the healthcare worker vaccine effect was included in the multiplicative term )!"instead of 579 

operating only through the J!"term. 580 

 581 

We used normal(0,1) prior distributions by default for model parameters, except for variance terms 582 

X53	and X#3 for which we used half-Cauchy(0,1) prior distributions, and G for which a half-583 

normal(0,1) prior distribution was specified for the transformed parameter 1/YG4. All analysis was 584 

performed in Stan using the rstan package version 2.21.1 in R (Stan Development Team (2020). 585 

“RStan: the R interface to Stan.” R package version 2.21. 2, http://mc-stan.org/) running each 586 

model with four chains using1000 iterations for warmup and 5000 iterations for sampling.   587 

 588 
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In the main analysis, we used weekly aggregated data, counting week numbers as one plus the 589 

number of complete seven day periods since January 1st 2020. We included only acute hospital 590 

trusts in this analysis, and excluded trusts which predominantly admitted children.  591 

 592 

Independent variable data  593 

 594 

Vaccine coverage in HCWs by week and NHS region were taken from the SIREN study 29, and we 595 

classified healthcare workers as being immunised if they had received at least one vaccine dose 3 or 596 

more weeks previously. Otherwise they were considered un-immunised. Trust-specific data used in 597 

the analysis not related to infections (number of single rooms, size, age, heated volume and bed 598 

occupancy) were derived from the Estates Returns Information Collection from NHS Digital 599 

(https://digital.nhs.uk/data-and-information/publications/statistical/estates-returns-information-600 

collection) including only the following site types: general acute hospital, community hospital (with 601 

inpatient beds), mixed service hospital, specialist hospital (acute only). The number of single rooms 602 

was expressed as the number of beds in single rooms in the trust (including single bedrooms for 603 

patients with and without en-suite facilities and isolation rooms) divided by the number of general 604 

and acute beds reported as being available in the trust in the last quarter of 2020. Hospital size was 605 

taken as the number of hospital beds available in the trust. A hospital building age score was taken 606 

as a weighted average of the proportion of floor area across hospital sites that was built before 607 

1965, where weights were taken as the building floor area.  SARS-CoV-2 variant data consisted of 608 

the proportion of characterised isolates that were attributed to the Alpha variant in each week for 609 

each NHS region.  The prevalence of the Alpha variant by region and over time was determined by 610 

S-gene status from PCR tests provided by Public Health England 611 

(https://github.com/epiforecasts/covid19.sgene.utla.rt). 612 

 613 
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 614 

Imputation method for weekly number of infections in HCWs 615 

 616 

Situation reports included fields allowing quantification of nosocomial transmission and number of 617 

HCWs isolated due to COVID-19 from June 5th 2020, but analysis here is restricted to data from 618 

week 42 (beginning 14th October 2020) to week 55 (beginning 13th January 2021) reflecting the 619 

date range from which all fields used in the analysis were consistently reported. Because situation 620 

reports did not explicitly include data on the number of infections in HCWs, only the number of 621 

HCWs absent due to COVID-19 on each day, we imputed the weekly number of infections amongst 622 

HCWs at each trust. We did this by first subtracting from the number of reported HCW COVID-19 623 

absences in each trust on each day the reported number of such absences due to contact tracing and 624 

isolation policies (reflecting likely COVID-19 exposures in the community). Then, assuming that 625 

each HCW with COVID-19 was isolated for 10 days and assuming that durations of these absences 626 

were initially uniformly distributed (starting from week 36) the number imputed to have entered 627 

isolation on day t was taken to be equal to the the number of COVID-19 absences on day t +1 628 

minus the number of such absences on day t plus the number imputed to have entered isolation ten 629 

days early. For each trust we performed these calculations ten times, sampling the initial duration of 630 

staff absences from a multinomial distribution assigning equal probabilities to durations of 1...10 631 

days, and then took the average (rounded to the nearest integer) of these samples. In some trusts it 632 

was evident that some days with missing HCW isolation data had been coded as zeroes. When such 633 

zeroes fell between daily counts in excess of 10 we treated them as missing data and replaced them 634 

with the last number carried forward. Any negative numbers for daily imputed HCW infections 635 

resulting from the above procedure were replaced with zeroes. While data on healthcare-associated 636 

infections in patients was recorded consistently by all trusts throughout the inclusion period, in 637 

some trusts data on HCW absences due to COVID-19 were missing or had been recorded 638 
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inconsistently throughout the inclusion period. Excluding such trusts and those with missing data 639 

for independent variables left 96 out of the original 145 trusts included in the analysis.  640 

 641 

Negative control outcomes 642 

 643 

We used as a negative outcome control the number of patients admitted with confirmed 644 

community-acquired SARS-CoV-2 infection as the outcome variable. We performed three analyses 645 

where we adopted this negative control as our dependent variable, corresponding to model  P1.1.1,  646 

P1.1.0, and  P1.0.0 as defined above.  647 

 648 

Hospital-community interaction model 649 

 650 

We modelled hospital–community interaction using ordinary differential equations for an expanded 651 

susceptible/exposed/infectious/removed (SEIR) model.  This model included separate 652 

compartments for people in the community, patients in hospital and HCWs (Figure S1).  We used 653 

the model to explore the impact of hospital transmission on overall epidemic dynamics with the aim 654 

of providing qualitative insights. We compared outcomes from high, medium and low hospital 655 

transmission scenarios where the primary epidemic control measure was restricting rates of contact 656 

in the community (“lockdowns”) which was assumed to have no direct impact on contact rates 657 

within hospitals.  Full model details and parameters are given below. In the interest of simplicity, 658 

we neglect hospitalisation of HCWs who account for approximately 1% of the total population. 659 

 660 

     661 

a) For the hospitalised population 662 

 663 
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 664 

 665 

 666 

 667 

 668 

 669 

 670 

 671 

 672 

 673 

 674 

 675 

 676 

 677 

 678 

 679 

     680 

b) For the community population     681 

 682 

 683 
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 685 

 686 

 687 

 688 

 689 

 690 

 691 

 692 

     693 

c) For HCWs   694 

 695 

 696 

 697 

 698 

 699 

 700 

 701 

 702 

 703 
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Data availability 707 

The data that support the findings of this study are available as described below. All COVID-19 708 

data for NHS trusts are publicly available either by direct download from 709 

https://www.england.nhs.uk/statistics/statistical-work-areas/covid-19-hospital-activity/ or, for fields 710 

related to numbers of healthcare-associated infections and length of stay, by submitting a Freedom 711 

of Information request to NHS England: https://www.england.nhs.uk/contact-us/foi/. Variant data 712 

are available from https://github.com/epiforecasts/covid19.sgene.utla.rt . Hospital building data are 713 

available for direct download from the Estates Returns Information Collection from NHS Digital: 714 

https://digital.nhs.uk/data-and-information/publications/statistical/estates-returns-information-715 

collection. Data relating to vaccine coverage in healthcare workers were collected as part of the 716 

SIREN study (ISRCTN Number. ISRCTN11041050).  Data from this study will be available 717 

through the Health Data Research UK CO CONNECT platform and available for secondary 718 

analysis once the SIREN study has completed reporting. Data and code to reconstruct the PCR 719 

sensitivity profile are available from https://github.com/cmmid/pcr-profile. All analysis code for the 720 

current paper is available from https://github.com/BenSCooper/nosocomial_COVID_England.    721 

 722 

Code availability 723 

All analysis code for the current paper is available from 724 

https://github.com/BenSCooper/nosocomial_COVID_England.     725 
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 763 

Extended data figure legends 764 

Extended data Figure 1 | Flow diagram of the ordinary differential equation model. 765 

Individuals are people in the community (C), patients in hospital (H) or healthcare workers (HCW). 766 

Movements between the two exposed states (E1, E2), the two asymptomatic infectious states (I1, 767 

I2), and to the recovered state (R) are determined according to variables noted, in proportion to the 768 

number of individuals in each category. A proportion (π) of individuals in infectious state I2 have 769 

severe symptomatic disease (I’). 770 

Extended data Figure 2 | Infections in patients. Posterior predictive distributions for all 96 trusts 771 

included in the analysis from model P1.1.1 where the outcome is probable and definite hospital-772 

acquired infection. Details as in Figure 3. 773 

 774 

Extended data Figure 3 | Infections in healthcare workers. Posterior predictive distributions for 775 

all 96 trusts included in the analysis from model P1.1.1 where the outcome is infections in HCWs. 776 

 777 

Extended data Figure 4 | Results of a simulation study. Parameter estimates from fitting a 778 

negative binomial auto-regression model to simulated data under different probabilities for 779 

observing hospital-acquired infections in patients (a-f). The thick horizontal line indicates the 780 

component of the reproduction number used when simulating data (for example, in (a) each patient 781 

with a hospital-acquired infection infects, on average, 0.6 other hospitalised patients). Red dots 782 
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indicate the median from 100 simulations and the width in the violin plots is proportional to the 783 

density. Heatmaps (g-i) show how estimated model parameters from a negative binomial auto-784 

regression model (y-axis) map onto reproduction numbers (shown by the colour scale) for different 785 

proportions of hospital-acquired infections observed in patients (x-axis). Reproduction numbers 786 

correspond to expected numbers of secondary infections in patients from patients who themselves 787 

became infected in hospital (g), secondary infections in patients from healthcare workers (h) and 788 

secondary infections in patients from patients admitted to hospital with COVID-19 (i). 789 

 790 

Extended data Figure 5 | Additional output from deterministic mode. Dynamics of unmitigated 791 

epidemics unders scenarios of high, intermediate and low transmission in hospitals (a). Dynamics 792 

of epidemics under scenarios of high, intermediate and low transmission in hospitals when a single 793 

“lockdown” intervention is introduced on day 50, which has the effect of stopping 90% of 794 

community-based transmission but no effect on hospital-based transmission (b). 795 

 796 

Extended data Figure 6 | Seroprevalence in HCWs against seroprevalence in the community 797 

reported in the papers published before 16 May 2021. Dashed horizontal and vertical lines are the 798 

reported median values of seroprevalence in HCWs and in the community, respectively. The dots 799 

are coloured by the continent of which the survey population was in. The label for each dot shows 800 

country and survey period (i.e. 01/20 means January 2020).  ). *The study from Iran surveyed 18 801 

cities and classified the survey populations into high-risk populations (including HCWs, pharmacy 802 

employees, taxis drivers, cashiers of supermarket chains, and bank employees) and general 803 

populations in the same city over the same survey period. The bottom panel plot shows a zoomed in 804 

part of the top panel. 805 
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