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Epidemiological drivers of transmissibility and severity of 
SARS-CoV-2 in England



Re: Epidemiological drivers of transmissibility and severity of SARS-CoV-2 in England 
This paper uses mathematical modelling within a Bayesian inference framework to examine SARS-CoV-2 variants and the effectiveness of PHSMs in England, for 2020 to early 2022.  Results include R0 estimates (peaking at 8.1 (95% credible interval (CrI) 6.8-9.3) for Omicron BA.1) and infection fatality rates (highest – interestingly – for Alpha at 2.8%, but also confirming Delta approximately 4 times IFR of Omicron). 
The paper is approachable and extremely informative.  I note it provides lots of “answers” to parameter values that my group uses, and I can only assume it will be very useful to many research groups. 
One general concern I had is how suitable the authors model is for attributing how much of population immunity is due to vaccination versus prior infection versus hybrid (both infected and vaccinated).  After much digging in the Supplement, I found Section 3.2 and Figs S5 and S6.  Here I learnt that the transition from ‘full vaccination protection’ to ‘waned vaccine protection’ was stochastic, so that the model did effectively give a smoothly reducing population level VE.  But this was not clear in the paper (to me at least), with what appeared to be a transition between full and partial protection (due to waning)  at 24 weeks.  I recommend the authors make it clearer in the main text of the paper that 24 was not deterministic, but stochastic – with a net effect of creating a smoothly declining population level VE (i.e. what is shown in Figs S5 and S6.  
My next general concern, or recommendation, builds on the above.  In the Discussion, quite a bit of text was given over to findings/conclusions that were not the key focus of this paper (e.g. the role of NPIs in slowing things down and health services capacity).  I would recommend a bit more space in the paper for drawing out the assumptions and key limitations of things like VE versus natural immunity, and the adequacy of the model for these key findings.  Likewise, the above point on the percentage contribution of vaccines, infection, NPIs to driving the Reff down – and strengths and limitations of this model (e.g. how waning of both vaccine immunity and natural infection was specified). 
My third major comment regards vaccine versus natural immunity.  The authors state: Line 252-254; “The combined proportion of those effectively protected by infection-induced and combined infection- and vaccine-induced immunity has stayed under a third of the national population.” And lines 266-27-: “Waning vaccine- and infection-induced immunity against Omicron subvariants is well established,4,12,36 and  recent studies suggest that hybrid immunity (from prior infection and vaccination) may be more effective than repetitive boosting through vaccination.37 Yet, our analysis around the emergence of the Omicron variant demonstrates that boosting immunity by vaccination remains an important intervention to tackle potential changes in the transmissibility and severity of SARS-CoV-2 as it evolves.” These statements are reasonable up to Feb 2022.  However, they are unlikely reasonable into late 2022.  Why?  Because waning from natural protection is less than waning from vaccine immunity (at least in the data I have seen, and we use in our modelling).  This means that over time the importance of natural immunity, and hybrid immunity, increases.  Yes, that really kicks in beyond Feb 2022.  However, it is deducible from this current paper’s model and the consistent with the 

REVIEWER COMMENTS

Reviewer #1 (Remarks to the Author):



authors’ acknowledgement in the paper of the large ongoing Omicron wave into mid- and late-2022.  I would recommend that the role now of hybrid immunity could or should be canvassed in the Discussion more.    Minor comments:  Line 85: “We estimate that only 7.7% (95% CrI 7.2 – 8.3) of the population were immune by early September 2020”. I see on the next page you talk about this measure ‘peaking’, so it must include waning – can this please be made clearer on first use (as I was initially unclear). Related, should this ‘population immunity’ measure be subscripted (or similar qualification) for which variant?  This is explained a bit more later in paper for Omicron where it dropped due to immune escape.  But greater clarity here may help the reader.  Does your modelling require specifying hybrid immunity as a function of some combination of vaccine and natural protection?  E.g. hybrid protection = 1 – (1-VE)(1-natural immunity).  Or do you bypass this to directly estimate Rteff?  If the latter, you still need some assumptions of the relativities of VE and natural immunity protection (and waning) to back out the relative contributions of NPIs, VE and natural protection.  I searched the Methods and Supplementary material, but could not find anything on how hybrid immunity was specified; perhaps a brief ‘conceptual’ statement in the main text as to how this all works may help the reader, and some details in the Supplement?  (Fig 1 conveys so much information – very good, and very useful.)  Lines 152-154.  “with the same age distribution of infections and healthcare provision that was seen after the peak of the first wave of the pandemic (see Supplement section 4.7).” Age structure matters +++.  To assist the reader in the main text, could this clause be amended to something like: “with the same age distribution of infections and healthcare provision that was seen after the peak of the first wave of the pandemic (see Supplement section 4.7; infections median age XX.X, IQR YY.Y to ZZ.Z and hospitalisations median age XX.X, IQR YY.Y to ZZ.Z).”  Line 163: “The basic IFR was a function of the basic IHR and HFR, further accounting for COVID-19 deaths in the community (outside hospitals).”  And needs adjustment for different age distributions of your IFR and HFR estimates, surely.  I assume the ‘math’ was done by strata of age.  So should this amended sentence be better and more accurate? “The age-specific IFRs were a function of the age-specific IHR and HFR, further accounting for COVID-19 deaths in the community (outside hospitals).”  Line 164 to 166: “The basic IFR was highest for the Alpha variant at 2.8% (95% CrI 2.3 – 3.2), followed by Delta at 2.0% (95% CrI 1.5 – 2.4), Wildtype at 1.2% (95% CrI 1.0 – 1.3), and Omicron at 0.6% (95% CrI 0.4 – 0.8) (Figure 2C).”  In my experience, readers are going to say (if only to themselves) that the CrI for Alpha and Delta overlap, so we cannot be sure that Alpha IFR was actually higher.  HOWEVER, there will be many input parameters to these estimates for Alpha and Delta that were the same or highly correlated in each Monte Carlo simulation.  Meaning the CrI about the DIFFERENCE 



in IFR will be narrower than many readers expect.  Therefore, can I recommend an amendment such as: “The basic IFR was highest for the Alpha variant at 2.8% (95% CrI 2.3 – 3.2), followed by Delta at 2.0% (95% CrI 1.5 – 2.4), Wildtype at 1.2% (95% CrI 1.0 – 1.3), and Omicron at 0.6% (95% CrI 0.4 – 0.8) (Figure 2C). Directly comparing Alpha and Delta, the IFR risk difference was 0.8% (95% CrI X.X – Y.Y).”  I suspect X.X will be about 0.4% and Y.Y about 1.2%.  Lines 175-79: “Our findings also suggest that pressures on the healthcare system had a detrimental impact on the severity of the pandemic. Between October 2020 and January 2021, ….. There was a progressive increase in all effective severity metrics, particularly in HFR, (Figure 2A-C) as the model infers there was an overall higher risk of death in hospital, independently of the basic severity properties of the Alpha variant.”  Is this a correct interpretation?  When I look at figure 2B (for HFR) I see a flat line for the HFR for wildtype and alpha (separately) over this time.  Put another way, the increasing HFR is a function of wildtype being replaced by alpha.  Yes? (This comment also pertains to parts of the Discussion , e.g. lines 248 to 250.)   SUPPLEMENT The model is a “discrete-time stochastic compartmental model”.  I could not find the cycle length – is it hourly, daily, other?   p.5. “In contrast, the effective reproduction number, Rj,e f f t , for variant j at time t is the number of secondary infections in the actual population, accounting for immunity (natural and vaccine-induced) AND NPI POLICIES present at that time in the population.” Shouldn’t the CAPS added by me be added to this sentence?   Tony Blakely 



Reviewer #2 (Remarks to the Author): 
 
The article " Epidemiological drivers of transmissibility and severity of SARS-CoV-2 in England " by 
Perez-Guzman et al. presents an in-depth analysis of the epidemiological parameters associated 
with different stages of the COVID-19 pandemic in England. The authors used a wide range of data 
sources and employed a complex mathematical model and a robust statistical framework to 
estimate several key parameters such as the basic reproduction number (R0), infection 
hospitalization rate (IHR), infection fatality rate (IFR), and hospitalization fatality rate (HFR) for 
different COVID-19 variants that emerged in England. 
Overall, this study provides important insights into the impact of various COVID-19 variants and 
highlights the importance of ongoing surveillance and monitoring of the pandemic to inform public 
health strategies and interventions. They found a higher IFR for the Alpha variant compared to the 
Delta variant. They were also able to disentangle the effects of non-pharmaceutical interventions 
(NPIs), immune escape, and intrinsic increase in transmissibility for the different variants of 
concern. They found that the Omicron variant had the higher R0, but the relative increase was 
limited with respect to the increase estimated for previous variants (due to the higher immune 
escape of Omicron). I found the article very interesting as it shows how the combination of high-
quality data and mathematical modelling can provide a comprehensive understanding of the 
factors driving the spread of the virus in England. The methods developed by the authors seems 
fair and robust (even if I ask the author to clarify some points, see below) and the same 
framework was employed by the authors in previous analyses and to inform the discussion around 
vaccination schedule, NPIs and reopening schedule. 
However, I do have a few points that might improve the quality of the paper: 
1) A central finding in the paper is the higher IFR observed for the Alpha variant compared to the 
Delta VOC. This represent a novel result and in contrast with the literature. So, I think that it 
should be better supported. To improve this result, the analysis could include: 
a. A sensitivity analysis on changing VE for Alpha and Delta variants to see if it affects the 
estimated parameters, particularly IFR/HFR, in the same way as seen in the supplementary 
analysis for Omicron. 
b. In the discussion, the author mentions the role of AY.4.2 sub-variant in reducing the severity 
compared to non-AY.4.2 ones. It would be useful, if the authors have data (or if they have ways to 
separate the two periods), to estimate the different IFR when variant AY.4.2 is non-
dominant/dominant to see if the estimates in this case align with literature (reporting higher IFR 
for Delta compared to alpha during the first-time window). This analysis could be included in the 
SI. 
2) The second main finding is related to the parameters assessed for the Omicron variant. The 
authors discuss this outcome in the discussion section, stating “Our analysis robustly shows that 
the initial (BA.1) sub-variant of this lineage has basic severity properties comparable to Wildtype 
IHR, HFR and IFR “. However, based on Figures 2A-C, it appears that Omicron has a basic IHR that 
is approximately 60% higher than that of the Wildtype, whereas its basic HFR and IFR are lower by 
approximately 70% and 60%, respectively. Therefore, I find this sentence incorrect and I would 
advise the authors to revise it or clarify why they consider those values for Omicron comparable to 
Wildtype. 
3) On a technical note, the authors employ a two-step process for model fitting that involves using 
a classical MCMC procedure to explore the parameter space for pre-tuning, followed by a second 
step with pMCMC using 192 particles (as described in section 1.3 of the SI). I would like to 
understand the benefits of the pMCMC stage. Traditional MCMC is easier to implement and can be 
more easily reproduced by other researchers that have similar data with no need to have two 
steps. 
Could the authors clarify the benefits of using pMCMC over the traditional MCMC alone? I 
understand that this could be useful for real-time responses to speed up the inference process, but 
since this is a retrospective study I’m not sure about the benefits. 
The figures S28-32 show the priors before the traditional MCMC step and the posterior at the end 
of the inference. I am curious about the posterior distribution parameters of the MCMC step that 
are used as initial values and proposal kernel for the pMCMC. Is it possible for the authors to 
superimpose the posterior distribution parameters onto these figures? Could the authors provide 
additional information about the MCMC procedure used, such as the type of algorithm, number of 
iterations, whether different starting conditions were tested, and how convergence has been 
checked? 



Additionally, I am wondering why the authors used only 192 particles to estimate such a large 
number of parameters. I would have expected a much larger number of given the number of 
parameters that they are estimating. They should also clarify if they have performed sanity checks 
on that (if results are similar with a higher number of particles). 
Minor Comments: 
- Table S4 indicates that the protection against transmission for the Omicron variant is set at 50% 
for individuals who have just received their third dose, which is higher than the protection against 
Delta variant for the same people. However, the protection against transmission provided by the 
second dose against Omicron is either equal (Full protection) to or lower (Waned protection) to the 
one against Delta. What is the rationale behind this decision? 
- Ref 68 of the SI is incomplete. 
- Why in figure 2A-C in the effective IHR/HFR/IFR the line of wildtype is starting just before 
October 2020 and not from the beginning (March 2020)? 
- Table S9: in the last two rows of the table the Rationale reported is “something”. 
 



Point by point response to Reviewer comments for: “Epidemiological 
drivers of transmissibility and severity of SARS-CoV-2 in England” 
 

Reviewer #1 

 

This paper uses mathematical modelling within a Bayesian inference framework to examine SARS-

CoV-2 variants and the effectiveness of PHSMs in England, for 2020 to early 2022. Results include 

R0 estimates (peaking at 8.1 (95% credible interval (CrI) 6.8-9.3) for Omicron BA.1) and infection 

fatality rates (highest – interestingly – for Alpha at 2.8%, but also confirming Delta approximately 4 

times IFR of Omicron). 

 

The paper is approachable and extremely informative. I note it provides lots of “answers” to 

parameter values that my group uses, and I can only assume it will be very useful to many research 

groups. 

We thank the reviewer for the very positive feedback and interest in our results. 

 

One general concern I had is how suitable the authors model is for attributing how much of 

population immunity is due to vaccination versus prior infection versus hybrid (both infected and 

vaccinated). After much digging in the Supplement, I found Section 3.2 and Figs S5 and S6. Here I 

learnt that the transition from ‘full vaccination protection’ to ‘waned vaccine protection’ was 

stochastic, so that the model did effectively give a smoothly reducing population level VE. But this 

was not clear in the paper (to me at least), with what appeared to be a transition between full and 

partial protection (due to waning) at 24 weeks. I recommend the authors make it clearer in the 

main text of the paper that 24 was not deterministic, but stochastic – with a net effect of creating a 

smoothly declining population level VE (i.e. what is shown in Figs S5 and S6). 

Many thanks for the recommendation. We agree with the reviewer’s suggestion and have added a 

clarification around this issue in the caption to Figure 1 and methods section of the main manuscript. 

 

Caption change: 

 
 

Main text methods expanded: 



 
 

 

My next general concern, or recommendation, builds on the above. In the Discussion, quite a bit of 

text was given over to findings/conclusions that were not the key focus of this paper (e.g. the role of 

NPIs in slowing things down and health services capacity). I would recommend a bit more space in 

the paper for drawing out the assumptions and key limitations of things like VE versus natural 

immunity, and the adequacy of the model for these key findings. Likewise, the above point on the 

percentage contribution of vaccines, infection, NPIs to driving the Reff down – and strengths and 

limitations of this model (e.g. how waning of both vaccine immunity and natural infection was 

specified). 

We thank the reviewer for the suggestion. We have now expanded the discussion as suggested to 

appraise key limitations and corresponding strengths and/or the use of sensitivity analysis to ensure 

robustness in our results. We explicitly highlight the challenges of modelling cross-protection, the 

lack of variant-specific hospital and deaths genomic surveillance data, and of modelling hybrid 

immunity. 

 

 

 
 



 
 

 

 
 

 

My third major comment regards vaccine versus natural immunity. The authors state: 

Line 252-254; “The combined proportion of those effectively protected by infection-induced and 

combined infection- and vaccine-induced immunity has stayed under a third of the national 

population.” And lines 266-27-: “Waning vaccine- and infection-induced immunity against Omicron 

subvariants is well established,4,12,36 and recent studies suggest that hybrid immunity (from prior 

infection and vaccination) may be more effective than repetitive boosting through vaccination.37 Yet, 

our analysis around the emergence of the Omicron variant demonstrates that boosting immunity by 

vaccination remains an important intervention to tackle potential changes in the transmissibility 

and severity of SARS-CoV-2 as it evolves.” 



 

These statements are reasonable up to Feb 2022. However, they are unlikely reasonable into late 

2022. Why? Because waning from natural protection is less than waning from vaccine immunity 

(at least in the data I have seen, and we use in our modelling). This means that over time the 

importance of natural immunity, and hybrid immunity, increases. Yes, that really kicks in beyond 

Feb 2022. However, it is deducible from this current paper’s model and the consistent with the 

authors’ acknowledgement in the paper of the large ongoing Omicron wave into mid- and late- 

2022. I would recommend that the role now of hybrid immunity could or should be canvassed in 

the Discussion more. 

 

Many thanks. We agree these are very important discussion points. We have clarified in our 

discussion that such statements apply to the role of infection-induced and hybrid immunity during the 

study period, but its role in the current state of the pandemic and into the future requires further 

investigation. Considerations raised by the reviewer are now explicitly presented in our discussion.  

 

 
 

 

 

Minor comments: 

Line 85: “We estimate that only 7.7% (95% CrI 7.2 – 8.3) of the population were immune by early 

September 2020”. I see on the next page you talk about this measure ‘peaking’, so it must include 

waning – can this please be made clearer on first use (as I was initially unclear). 

We have made this clarification, thank you. 

 



 
 

Related, should this ‘population immunity’ measure be subscripted (or similar qualification) for 

which variant? This is explained a bit more later in paper for Omicron where it dropped due to 

immune escape. But greater clarity here may help the reader. 

 

We agree with the reviewer that the very notion of population immunity is changing with the virus 

evolution. We believe subscripting these measures in the main manuscript could make the results 

more difficult to understand for non-specialised readers. However, to clarify our meaning of 

“population immunity”, we have added a clarification in the caption to Fig 1G. We also refer the 

reader to Supplement section 4.8, where we elaborate on how we calculated effective population-level 

immunity against infection and make use of subscripting. 

 

 



 
 

Does your modelling require specifying hybrid immunity as a function of some combination of 

vaccine and natural protection? E.g. hybrid protection = 1 – (1-VE)(1-natural immunity). Or do 

you bypass this to directly estimate Rteff? If the latter, you still need some assumptions of the 

relativities of VE and natural immunity protection (and waning) to back out the relative 

contributions of NPIs, VE and natural protection. I searched the Methods and Supplementary 

material, but could not find anything on how hybrid immunity was specified; perhaps a brief 

‘conceptual’ statement in the main text as to how this all works may help the reader, and some 

details in the Supplement? 

(Fig 1 conveys so much information – very good, and very useful.) 

 

Many thanks. We agree it was not completely clear how we account for hybrid immunity in our 

model. In the new supplement section 4.8 (see snapshot below), we clarify this is indeed a 

multiplicative approach, as noted by the reviewer. 



 

 
 

Lines 152-154. “with the same age distribution of infections and healthcare provision that was 

seen after the peak of the first wave of the pandemic (see Supplement section 4.7).” Age structure 

matters +++. To assist the reader in the main text, could this clause be amended to something like: 

“with the same age distribution of infections and healthcare provision that was seen after the peak 

of the first wave of the pandemic (see Supplement section 4.7; infections median age XX.X, IQR YY.Y 

to ZZ.Z and hospitalisations median age XX.X, IQR YY.Y to ZZ.Z).” 

 

We apologise that the wording of our initial statement around age structure was inaccurate. We have 

removed it and clarified in the manuscript that the calculated basic severity reflects what would be 

observed in an entirely susceptible population given baseline contact rates. We had correctly 

explained in the Methods section and Supplement section 4.7 that our calculations match the age 

profile used to calculate ܴ௧. That is, we used the eigenvector of the leading eigenvalue in our next 



generation matrix as weights for the age-specific basic IHR and IFR. For age-specific basic HFR, we 

further multiply the eigenvector by the age-specific IHR, with the age weightings varying across 

variants in line with changes in the age-specific IHR at the point of variant emergence. 

 

We have added a clarification about the weighting for HFR to the Methods section, and additionally a 

reference to Supplement section 4.7 to guide the reader to the more detailed explanation of the basic 

severity calculations. Please note we are not able to extract central tendency measures of the age 

distribution in our model without introducing additional assumptions, as the model is stratified into 17 

age bins. Any summary statistics about age distribution would need to assume, for example, 

uniformly distributed individual ages across bins, which would be particularly problematic for the 80+ 

compartment (unbounded). We would, nevertheless, like to highlight Figures S15 and S27-31, which 

capture our model’s ability to recover empiric age distributions of infections, hospital admissions and 

deaths over time.  

 

 
 

 
 

Line 163: “The basic IFR was a function of the basic IHR and HFR, further accounting for COVID-

19 deaths in the community (outside hospitals).” And needs adjustment for different age distributions 

of your IFR and HFR estimates, surely. I assume the ‘math’ was done by strata of age. So should this 

amended sentence be better and more accurate? “The age-specific IFRs were a function of the age-

specific IHR and HFR, further accounting for COVID-19 deaths in the community (outside 

hospitals).” 

Many thanks for highlighting this. We have made this correction, as indeed the maths were done by 

age-strata and then aggregating as indicated in responses above using the eigenvector of the leading 

eigenvalue. 

 



 
 

Line 164 to 166: “The basic IFR was highest for the Alpha variant at 2.8% (95% CrI 2.3 – 3.2), 

followed by Delta at 2.0% (95% CrI 1.5 – 2.4), Wildtype at 1.2% (95% CrI 1.0 – 1.3), and Omicron at 

0.6% (95% CrI 0.4 – 0.8) (Figure 2C).” In my experience, readers are going to say (if only to 

themselves) that the CrI for Alpha and Delta overlap, so we cannot be sure that Alpha IFR was 

actually higher. HOWEVER, there will be many input parameters to these estimates for Alpha and 

Delta that were the same or highly correlated in each Monte Carlo simulation. Meaning the CrI 

about the DIFFERENCE in IFR will be narrower than many readers expect. Therefore, can I 

recommend an amendment such as: “The basic IFR was highest for the Alpha variant at 2.8% (95% 

CrI 2.3 – 3.2), followed by Delta at 2.0% (95% CrI 1.5 – 2.4), Wildtype at 1.2% (95% CrI 1.0 – 1.3), 

and Omicron at 0.6% (95% CrI 0.4 – 0.8) (Figure 2C). Directly comparing Alpha and Delta, the IFR 

risk difference was 0.8% (95% CrI X.X– Y.Y).” I suspect X.X will be about 0.4% and Y.Y about 1.2%. 

 

Many thanks for highlighting this very important point and suggesting a risk difference calculation. 

As mentioned above, we modified the calculation of national means and CrIs for the intrinsic 

transmissibility and basic severity of the variants. 

 

Previously, regional means and CrIs were calculated, and national estimates of the means/lower 

bounds/upper bounds were produced by taking weighted means of the regional means/lower 

bounds/upper bounds. Now the regional posterior samples of 1000 for each of the measures are paired 

in a way consistent with how all other measures are paired (by ranking regional posterior samples by 

cumulative incidence, and by pairing same-ranked samples across regions) to create national posterior 

samples for the intrinsic transmissibility and basic severity of the variants, from which we directly 

calculate means and CrIs. 

 

Since the older method naturally maximised variance for each measure, the newer calculated CrIs are 

narrower. However, the new method is more robust, and more consistent with how other national 

estimates are aggregated from regional posterior samples. Furthermore, the new method makes it 

possible for us to calculate national estimates of the relative risks of basic severity as suggested by the 

reviewer. These are presented for all basic severity measures (and ratios of intrinsic transmissibility) 

for each combination of variants in the supplement (section 6.1). Note that, in particular, the CrIs for 



the basic IFRs for Alpha and Delta no longer overlap, and the CrI for their relative risk indicates that 

it is significant that the Alpha basic IFR is higher than that of Delta. 

 

Moreover, we present additional analyses to further support the robustness of our findings . Across 

relevant sections in our supplement (6.1 - 6.4), we articulate how these additional analyses support the 

robustness of our results, whilst being explicit about their limitations and what they could mean in 

terms of our key epidemiological messages.  

 

 

 
 



 
 

 

 
 



 



 
 

 
 

 

 

 

  



Lines 175-79: “Our findings also suggest that pressures on the healthcare system had a detrimental 

impact on the severity of the pandemic. Between October 2020 and January 2021, ….. There was a 

progressive increase in all effective severity metrics, particularly in HFR, (Figure 2A-C) as the model 

infers there was an overall higher risk of death in hospital, independently of the basic severity 

properties of the Alpha variant.” Is this a correct interpretation? When I look at figure 2B (for HFR) 

I see a flat line for the HFR for wildtype and alpha (separately) over this time. Put another way, the 

increasing HFR is a function of wildtype being replaced by alpha. Yes? (This comment also pertains 

to parts of the Discussion , e.g. lines 248 to 250.) 

 

We agree with the reviewer that part of the increase in effective severity over this period is driven by 

the replacement of Wildtype by Alpha. However, as presented in our supplementary analysis Figure 

S11, there was an increase in severity that was independent of the variant replacement event. Given 

the absence of hospital admissions and deaths data by variant, we recognise the inherent difficulty to 

disentangle what proportion of this increase is due to variant vs hospital pressures. We have further 

clarified this in the main manuscript and supplement, as highlighted in the responses above.  

 

 
 

 

SUPPLEMENT 

The model is a “discrete-time stochastic compartmental model”. I could not find the cycle length – 

is it hourly, daily, other? 

Thanks for spotting this. The time step of the model is a quarter of a day, which we have now made 

explicit. 

 

 
 



p.5. “In contrast, the effective reproduction number, Rj,e f f t , for variant j at time t is the number of 

secondary infections in the actual population, accounting for immunity (natural and vaccineinduced) 

AND NPI POLICIES present at that time in the population.” Shouldn’t the CAPS added by 

me be added to this sentence? 

Tony Blakely 

 

Many thanks for the suggestion, we have made this clarification. 

 

 
 

 

 

  



Reviewer #2 

The article " Epidemiological drivers of transmissibility and severity of SARS-CoV-2 in England " by 

Perez-Guzman et al. presents an in-depth analysis of the epidemiological parameters associated with 

different stages of the COVID-19 pandemic in England. The authors used a wide range of data 

sources and employed a complex mathematical model and a robust statistical framework to estimate 

several key parameters such as the basic reproduction number (R0), infection hospitalization rate 

(IHR), infection fatality rate (IFR), and hospitalization fatality rate (HFR) for different COVID-19 

variants that emerged in England.  

 

Overall, this study provides important insights into the impact of various COVID-19 variants and 

highlights the importance of ongoing surveillance and monitoring of the pandemic to inform public 

health strategies and interventions. They found a higher IFR for the Alpha variant compared to the 

Delta variant. They were also able to disentangle the effects of non-pharmaceutical interventions 

(NPIs), immune escape, and intrinsic increase in transmissibility for the different variants of concern. 

They found that the Omicron variant had the higher R0, but the relative increase was limited with 

respect to the increase estimated for previous variants (due to the higher immune escape of Omicron).  

 

I found the article very interesting as it shows how the combination of high-quality data and 

mathematical modelling can provide a comprehensive understanding of the factors driving the spread 

of the virus in England. The methods developed by the authors seems fair and robust (even if I ask the 

author to clarify some points, see below) and the same framework was employed by the authors in 

previous analyses and to inform the discussion around vaccination schedule, NPIs and reopening 

schedule. 

 

Many thanks for your interest in our study and suggestions. 

 

 

 

However, I do have a few points that might improve the quality of the paper:  

A central finding in the paper is the higher IFR observed for the Alpha variant compared to the Delta 

VOC. This represents a novel result and in contrast with the literature. So, I think that it should be 

better supported.  

We thank the reviewer for stressing the novelty of this result. Following this and suggestions from 

reviewer #1, we now actually provide estimates of the relative risk of transmissibility and severity of 

the variants, including the basic IFR of Alpha compared to Delta in supplement section 6.1. To obtain 

these, it required a slight adaptation to our approach to calculating national estimates, as we explained 



above in response to reviewer #1’s comments. This led to a decrease in the uncertainty of results 

presented.  

  
 

To improve this result, the analysis could include: 

a. A sensitivity analysis on changing VE for Alpha and Delta variants to see if it affects the 

estimated parameters, particularly IFR/HFR, in the same way as seen in the supplementary 

analysis for Omicron. 

 

Many thanks for this suggestion. We have now performed these additional analyses, varying central 

VE parameters vs the Alpha and Delta variants by +/- 10% (Figure S8). Relatedly, we have also 

performed additional analyses around the choice of changepoints for the probability of death in 

hospital compartments, ߤ஽. Specifically, we explored alternative changepoints in the piece-wise linear 

function around the periods of emergence of the Alpha (mu_d_winter) and Delta (mu_d_summer) 

variants (Figure S10, last two columns). 

 

Across all new analyses, we found only slight variations on the inferred basic severity properties of 

the variants, which did not impact the qualitative nature of our main findings. We would like to 

emphasise that, in contrast to the high number of studies on vaccine efficacy vs the Alpha and Delta 

variants, vaccine effectiveness vs the Omicron group of variants has been less well characterised. We 

thus employed robust statistical modelling to derive our pooled estimates vs the Alpha and Delta 

variants (supplement section 3.1) but rely on sensitivity analysis for Omicron.  

 



 
 

 
 



 



 
 

 

b. In the discussion, the author mentions the role of AY.4.2 sub-variant in reducing the severity 

compared to non-AY.4.2 ones. It would be useful, if the authors have data (or if they have 

ways to separate the two periods), to estimate the different IFR when variant AY.4.2 is non-

dominant/dominant to see if the estimates in this case align with literature (reporting higher 

IFR for Delta compared to alpha during the first-time window). This analysis could be 

included in the SI. 

 

Many thanks for highlighting this. Delta AY.4.2 never became dominant in England, peaking at <30% 

frequency in daily PCR-confirmed cases from the community in late 2021.1 After this point both 

Delta variants were rapidly and completely replaced by Omicron BA.1. We were thus unable to assess 

its specific contribution on changing patterns of severity, as our framework relies on a complete or 

near-complete dominance to robustly infer intrinsic and basic properties for a variant. We have made 

a clarification on this in our discussion. 



 
 

 

2) The second main finding is related to the parameters assessed for the Omicron variant. The 

authors discuss this outcome in the discussion section, stating “Our analysis robustly shows that 

the initial (BA.1) sub-variant of this lineage has basic severity properties comparable to Wildtype 

IHR, HFR and IFR “. However, based on Figures 2A-C, it appears that Omicron has a basic IHR 

that is approximately 60% higher than that of the Wildtype, whereas its basic HFR and IFR are 

lower by approximately 70% and 60%, respectively. Therefore, I find this sentence incorrect and 

I would advise the authors to revise it or clarify why they consider those values for Omicron 

comparable to Wildtype.  

 

Thank you for raising this issue. We agree that the statement as presented was inaccurate and have 

amended it to only discuss basic severity properties. We had intended to discuss that the inferred basic 

severity of Omicron is comparable to the effective severity of the pandemic in late 2020, at a point 

when Wildtype was still dominating. 

 

 
 

3) On a technical note, the authors employ a two-step process for model fitting that involves using a 

classical MCMC procedure to explore the parameter space for pre-tuning, followed by a second 

step with pMCMC using 192 particles (as described in section 1.3 of the SI). I would like to 

understand the benefits of the pMCMC stage. Traditional MCMC is easier to implement and can 

be more easily reproduced by other researchers that have similar data with no need to have two 

steps. Could the authors clarify the benefits of using pMCMC over the traditional MCMC alone? 

I understand that this could be useful for real-time responses to speed up the inference process, 



but since this is a retrospective study I’m not sure about the benefits. The figures S28-32 show the 

priors before the traditional MCMC step and the posterior at the end of the inference. I am 

curious about the posterior distribution parameters of the MCMC step that are used as initial 

values and proposal kernel for the pMCMC. Is it possible for the authors to superimpose the 

posterior distribution parameters onto these figures? Could the authors provide additional 

information about the MCMC procedure used, such as the type of algorithm, number of 

iterations, whether different starting conditions were tested, and how convergence has been 

checked? 

Additionally, I am wondering why the authors used only 192 particles to estimate such a large 

number of parameters. I would have expected a much larger number of given the number of 

parameters that they are estimating. They should also clarify if they have performed sanity checks 

on that (if results are similar with a higher number of particles). 

 

Many thanks for suggesting this clarification. For clarity we break down our response into three 

relevant topics, which we have now also summarised more in Supplementary sections 4.11 (running 

the model), 6.5 (number of particles check) and 6.9 (assessing convergence): 

• Stochastic vs deterministic modelling: most transmission models developed during the 

pandemic, particularly for real time analyses, have been deterministic. They are easier to fit to 

data using, for example, traditional MCMC methods. However, stochastic models excel at 

capturing uncertainty in processes involving small numbers and can absorb structural 

uncertainty. This was particularly relevant for some of the specific aims of our study, such as 

capturing the emergence of variants of concern, among other epidemiological events with 

small counts (e.g. hospitalisations and deaths by age groups). Stochastic models need more 

involved fitting procedures, for which pMCMC has been postulated, as it uses sequential 

Monte Carlo (SMC) to avoid the need to data augmentation techniques (i.e. as would be 

required by traditional MCMC). That is, SMC uses Monte Carlo estimates of latent variables 

(unobserved states) to avoid the need to estimate them alongside parameter inference 

(MCMC). This was also crucial for our modelling framework, as we explicitly account for a 

large number of unobserved states. 

• Two step fitting procedure: pMCMC is more challenging to fit and can be slow to converge, 

compared to MCMC, given each step involves the simulation of many particles. We therefore 

used an “expectation” (deterministic) equivalent of our model, which instead of random 

draws uses the mean of the corresponding distribution (e.g. ݊ ∗  (for a binomial draw ݌

coupled with an adaptive MCMC. This allowed us to accelerate convergence and 85-

dimensional parameter space exploration, which we deem as a “warm-up” step using an 

emulator. Supplementary table S24 and figures S37 to S43 summarise our convergence 



diagnostic tools, which included visual inspection of MCMC chains, Gelman-Rubin statistics 

and Effective Sample Size.  

• Number of particles: as stated by the reviewer, 192 particles could be deemed as a small number 

of particles given our multi-dimensional parameter space. A problem with pMCMC chains is they 

can easily become “sticky” (i.e. do not move),2 due to evaluations of marginal likelihoods that are 

small compared to their actual value (due to the variance of the estimator). To avoid this, we 

“regenerated” our likelihood estimation with a probability 1/100 (i.e. re-estimate the likelihood 

with the same parameters). This is a common technique in pMCMC, which while introducing a 

small bias, performs well in practice.2,3 We, nevertheless, performed an additional analysis with 

twice the number of particles, at 384, as summarised in supplementary section 6.5. This came at 

an approximately double running time in computational cost and, of note, results around inferred 

intrinsic transmissibility and basic severity of the variants remained similar.  

 
 



 
 

 
 

 



Minor Comments:  

• Table S4 indicates that the protection against transmission for the Omicron variant is set at 50% 

for individuals who have just received their third dose, which is higher than the protection 

against Delta variant for the same people. However, the protection against transmission provided 

by the second dose against Omicron is either equal (Full protection) to or lower (Waned 

protection) to the one against Delta. What is the rationale behind this decision?  

 

Thanks for highlighting this. We had made a mistake regarding the booster VE value against 

transmissibility by the Omicron variant. Given the lack of data to support an empiric estimation, as we 

did for the corresponding Alpha and Delta values, we had intended to assume the same value as for 

Delta, at 40%. We made this correction and reran all analyses. The conclusions and results remain 

qualitatively and quantitively unchanged. 

 

• Ref 68 of the SI is incomplete. 

 

Many thanks for highlighting. We have corrected this reference by Chen et al. 

 

• Why in figure 2A-C in the effective IHR/HFR/IFR the line of wildtype is starting just before 

October 2020 and not from the beginning (March 2020)? 

 

Many thanks for highlighting this. This was a labelling issue in our plotting code, which we have now 

amended.  

 
 



• Table S9: in the last two rows of the table the Rationale reported is “something”.  

Apologies for this oversight. We now realise we had not updated this table appropriately prior to 

submission. The SI was developed in LaTeX, with placeholder tables pre-populated with “Something” 

before editing. These two dates correspond to the timing of rollout of novel anti-Covid oral therapies 

aimed at individuals at high risk of severe disease outcomes. Additionally, we had not updated the 

definitive dates used for ߤ஽ሺݐሻ in our code as central model values. This is also now correct. Please 

note that, as presented in response and snapshots above, we performed a new sensitivity analysis, 

exploring alternative change points for ߤ஽ሺݐሻ, which we find had no effect on the magnitude or 

qualitative nature of the relative basic severity of the variants, in particular of Alpha compared to 

Delta. 
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REVIEWERS' COMMENTS 
 
Reviewer #2 (Remarks to the Author): 
 
In the reviewed version of the article "Epidemiological drivers of transmissibility and severity of 
SARS-CoV-2 in England" by Perez-Guzman et al, the authors have addressed all of my comments 
and concerns. I have no additional feedback to provide at this stage. 
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