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It is not so easy to assess the relative efficacy of the various restrictive measures that were adopted to curb the spread of SARS-CoV-19. An approach is presented here that attempts to infer changes in contact rates from publicly available data. Though the method is very crude (essentially a 'hack') it seems to allow us to link national Covid-19-lockdowns and other measures (relaxations) to temporary changes in transmission rates. Events that are supposed to have increased transmission do not always show up so clearly. However, whatever its limitations, I argue that this method represents an encouraging way backward (in time). More importantly, we can correlate these measures with a published 'stringency index' of public health measures to curb Covid-19, to assess whether there is an effect on transmission. Despite the obvious shortcomings of both measures there is a clear negative correlation: the more stringent national measures are, the lower the estimated transmission rate.
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Enter: The author(s) received no specific funding for this work. That a better understanding of the factors that determine the current Covid-19 pandemic can be useful is an understatement. In this MS l try to make a modest but (I think) important contribution to this endeavour.

When studying the dynamics of a particular disease, most epidemiologists start by formulating a model that incorporates their basic knowledge of the process, then estimate the model's parameters (from own or other published research) and finally compare the outcome with the observed fluctuations in numbers of infecteds and other variables. A problem is that in reality some of these parameters are not constant but change over time. For Covid-19 this is true in particular: many of the measures imposed by many governments (or spontaneous individual behavioural responses for that matter) have the aim to reduce transmission by reducing contact rates in the population (through lockdowns, social distancing, and so forth). The `transmission parameter' that has a central role in virtually all epidemiological models is thus not constant, but fluctuates, probably as a function of prevailing conditions. This has been recognised, and some attempts have been made to make predictions using models that incorporate time-varying transmission rates.

In this MS I explore a different approach. Basically, by turning the question around: what changes in transmission would explain the observed dynamics, given a simple epidemiological model? This approach has the advantage of making the underlying assumptions explicit. Of course, it does not give the definitive answer; an infinity of alternative hypotheses exists. Nevertheless, I show that there exists a correlation with an entirely independent dataset, the 'Oxford Covid-19 Government Response Tracker', which just indexes and weighs the various measures taken by different governments. The fact that this correlation exists reinforces the validity (or at least the fundamental soundness) of both measurements.

Again, it is not my aim to have the last word on Covid-19 epidemiology, or even to provide a comprehensive review of the relationship between measures to curb the spread of Covid-19 and effective transmission, but only to argue that we need to incorporate the fact that transmission may be highly variable and that we need a better understanding of the individual and social factors that govern this. I consider this message sufficiently important that I decided to submit the MS to a journal addressing a broad audience. I hope my contribution will stimulate discussion and further research.
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Introduction

If there is one thing that is clear about the current Covid-19 pandemic it is that it depends on relatively close contact for transmission. Indeed, apart from vaccination, the only way to curb the pandemic so far has been the enforcement of socially and individually very costly restrictive measures in order to try to to lower transmission by reducing contact rates [START_REF] Douglas | Mitigating the wider health effects of covid-19 pandemic response[END_REF][START_REF] Bugalia | Mathematical modeling of COVID-19 transmission: the roles of intervention strategies and lockdown[END_REF].

By the time I write this some countries are still (or again) in lockdown, forced by the repeated (local or regional) flare-ups of the epidemic.

That variations in social distancing may be linked to local and regional outbreaks is well documented (Prem et al., 2020), which suggests that contact rate heterogeneities play a role in causing so-called superspreader events, although it is likely that differential disease progression plays an important role too (most patients infected with SARS-CoV-19 only experience only mild symptoms if any at all).

That lockdowns and other measures (making face-masks compulsary, enforcing social distancing, encouraging regular hand washing, etc.) have an effect on the pandemic is suggested by a whole suite of modeling studies (see [START_REF] Guan | Modeling the transmission dynamics of COVID-19 epidemic: a systematic review[END_REF] for a review), as well as the variation in disease progression [START_REF] Ong | A dynamic immune response shapes COVID-19 progression[END_REF]. Ideally we would want to be able to disentangle these two classes of effects from observations. Whereas it should be feasible (though hard work) to assess variation in individual disease progression, to infer variations in contact rates is much harder (as it involves at least pairs of individuals if not more). Yet if we want to assess the efficacy of transmission-lowering measures it is essential that we are able to do just that.

One possible way for doing such a thing is setting up a reasonably well calibrated model (for such things as means and variances of latency, infective periods, acquiring immunity, and so forth) and then use this to see what variations in contact rates produce observed epidemiological data. This method yields quite some insight, such as how important the vaccination campaign probably is in reducing incidence beyond the expected reduction [START_REF] Cazelles | A mechanistic and data-driven reconstruction of the time-varying reproduction number: Application to the covid-19 epidemic[END_REF] but has some serieous drawbacks, however. Even with a well-calibrated model, uncertainties in parameter estimates quickly lead to huge uncertainties in model predictions, aggravated still by the imperfections in the epidemiological data (caused by such things as miscounting cases, variations in observational protocols, etc.). And even if we can minimise these errors, this will be a quite computationally intensive undertaking, with the extra drawback that it will have to start all over again if new knowledge forces us to modify our models or new data become available.

This leads to the question whether there exists methods, however crude, that would allow us to quickly assess changes in transmission rates directly from epidemiological data, making only minimalist assumptions about the underlying dy-namics. This may seem an obvious idea but to my surprise a literature search did produce only a handful of papers exploring this idea [START_REF] Policott | Extracting the time-dependent transmission rate from infection data via solution of an inverse ODE problem[END_REF][START_REF] Mubayi | Analytical estimation of data-motivated time-dependent disease transmission rate: an application to ebola and selected public health problems[END_REF], although I may have missed other relevant studies. The method used here in particular is a simplified version of the one published in [START_REF] Mubayi | Analytical estimation of data-motivated time-dependent disease transmission rate: an application to ebola and selected public health problems[END_REF].

Various publicly accessible databases exist, but I will be using here the one made available by the Coronavirus Research Center of the Johns Hopkins University, which allows everyone to download daily updated statistics such as the number of new declared cases, the number of people hospitalised, daily deaths attributed to Covid-19 and so on, for most countries in the world. As will be obvious, due to variation in national protocols, or even differences in wealth among countries, these data are far from perfect, but they still are quite useful. I will mainly focus on the daily published counts of new declared cases, and ask the question if we can directly deduce changes in transmission rates from them. Some groups have published similar studies to see if there are variations in de Basic Reproduction Ratio (R 0 , or R-number as it has become popularly known recently) from these kinds of data, which is certainly useful when comparing the efficacy of public health measures. But here I will specifically focus on estimating the transmission parameter, as this is actually one of the most elusive parameters when it comes to measuring, of even a priorily predicting it.

What is novel here is the attempt to correlate variations in transmission parameter of Covid-19 with a published 'stringency index' of anti-Covid-19 measures.

A group in Oxford [START_REF] Hale | Variation in government responses to COVID-19[END_REF] has developed the 'Oxford Covid-19 Government Response Tracker' which incorporates and weighs various measures that can be taken at the national level, such as school closures, mandatory masks, enforced social distancing, travel limitations and so on. Even though it is objectively quantified, this index is still rather arbitrary, but if it can be shown there is a correlation with the virus' transmission rate it will bolster its utility.

The epidemiological data

In March 2020, during the early phase of the pandemic, researchers at the Johns Hopkins University created the Coronavirus Research Center to (among other things) collate, update and make available a database of daily reported figures concerning the Covid-19 pandemic. Among these numbers is the daily tally of new cases reported by virtually all countries on Earth, as well as a global pandemic total. Inspection of these data reveals various imperfections, such as the occasional negative number (which presumably result from health authorities 'correcting' errors in previously reported numbers) and significant periodic variations in reported numbers (presumably due to weekly bureaucratic rhythms), among other Note that the data are plotted on a log scale, so that the initial exponential increase is represented by (almost) straight lines. Note also that the epidemic in France had also a second uninterrupted period of exponential growth (but slower) between June and November 2020. These data are so noisy that occasional negative numbers are reported (often to 'correct' preceding errors); these values are simply ignored. (All figures in this paper were generated by an automated Mathematica notebook, available as Electronic Supplementary Material.) things. Despite this, and because it now incorporates data for almost two years, it is quite large and it is all we have at the global level (some countries publish more detailed statistics on a regional level, of course). If we assume that countries have not changed their reporting protocols in the meanwhile it is safe to assume that if these data do not capture the precise numbers, they still reflect at least the trends in the various countries.

A few examples of national data are shown in Figure 1. Typical for these national epidemic progressions is a rapid exponential growth during the initial phase (daily cases doubling every 2 to 3 days for almost two months!) and then a relative leveling off (on a log scale) that persists to this day. It could be that the initial increase was the result of the virus 'burning through' the most susceptible groups in society and only when these were depleted was forced to establish a rather labile equilibrium with the more resistant fraction. However, an alternative explanation for this leveling off could be the massive change in contact rates that resulted from the imposed restrictive measures as well as voluntary changes in behaviour. The questions I am trying to address here is: What variations in contact rates (or, more formally, the transmission parameter) would explain this pattern? If we find such changes, can we link these to specific events such as the enforcement of lockdown measures, or with the Stringency Index, as discussed?

What is also obvious from Figure 1 is that fluctuations even in neighbouring countries can get rapidly out of sync after the first rapid increase. Is this a consequence of the fact that different countries have adopted quite different public health measures in response to their epidemics (or because of differences in the functioning of their public health measures to start with)? Or is it because the epidemics diverged just for stochastic reasons? At this stage this is difficult to decide.

The approach

As stated before, SARS-CoV-19 causes a complicated epidemiological process, many aspects of which are still poorly understood [START_REF] Ong | A dynamic immune response shapes COVID-19 progression[END_REF]. Many models have already been published that attempt to incorporate these complications and try to make predictions about what will happen next and what will be the consequences of various public health measures (e.g., [START_REF] Guan | Modeling the transmission dynamics of COVID-19 epidemic: a systematic review[END_REF]). Here, I will take a completely different approach: I will take the most simple epidemiological model that exists, of which I know for sure that it is incorrect, and ask the question, what changes in transmission are needed to produce observed epidemics?

The most simple (almost) model for an epidemic outbreak is a version of the well-known [START_REF] Kermack | A contribution to the mathematical theory of epidemics[END_REF] model, given by

dS dt = -βSI (1) 
dI dt = βSI -γI (2) 
where S and I represent the densities of susceptibles and infecteds, respectively, β is the transmission parameter that we will be focusing upon, and γ is the per capita rate with which infecteds are removed (either because they die or because they recover). This model assumes that the epidemic is so fast that host birth and (background) mortality can be ignored. Recovered individuals play no role in this simple process and are ignored. This model has some nice mathematical properties; not only it gives insight into the conditions that favour an outbreak but it also allows to calculate the final size of the epidemic when the infection eventually and inevitably disappears [START_REF] Kermack | A contribution to the mathematical theory of epidemics[END_REF][START_REF] Andreasen | The final size of an epidemic and its relation to the basic reproduction number[END_REF]. To be fair, most epidemiologists would consider the so-called SEIR model more appropriate for Covid-19 dynamics in which infected people do not become infective right away (after they are 'exposed' it takes some time for them to become 'infectious'); for Covid-19 this would amount to a couple of days [START_REF] Guan | Modeling the transmission dynamics of COVID-19 epidemic: a systematic review[END_REF]. In the future, this variant should certainly be incorporated, but for the sake of simplicity I will use here the simpler Kermack-McKendrick model.

We know for certain that this model is not correct, if only because it predicts that the virus will die out, which SARS-CoV-19 certainly not has done so far, if it ever will. But what if we assume that the transmission rate is not constant but instead varies in time, i.e., β = β(t) ?

Then 
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The only part of the model that we need here is the equation that describes the dynamics of infecteds, with a time-dependent transmission parameter, so that we assume that dI dt = β(t)SI -γI.

(3)

This equation can be rewritten as

1 I dI dt = β(t)S -γ, (4) 
or even further simplified into

d ln I dt = β(t)S -γ. ( 5 
)
Using the fact that S = S(t) and I = I(t) are functions of time we can rewrite this equation so as to 'solve' for β(t), which gives

β(t) = d ln I(t) dt + γ S(t) . ( 6 
)
Now if we make the additional simplifying assumption that the density of susceptibles remains constant, which is a very rough approximation (and right now probably no longer justified, given that more and more people have been vaccinated in many countries), we obtain a linear relationship between the transmission parameter at time t and the change in the logarithm of the density of infecteds at that moment,

β(t) ∝ d ln I(t) dt + γ. ( 7 
)
If we now approximate d ln I(t)/dt by (ln I(t + ∆t)ln I(t))/∆t, we obtain

β(t) ∝ ln I(t + 1) -ln I(t) + γ. ( 8 
)
(after setting ∆t = 1). This implies that if we have estimates for the densities of infecteds at times t and t + 1, we can infer (or at least hypothesize) something about the transmission parameter in the time in between.

If we have estimates about how the density of susceptibles changes in time we can incorporate these easily. But these data are hard to come by, so for the moment I will assume the density stays constant.

The crunch

If estimates for S(t) are hard to come by, obtaining estimates for the current numbers of infecteds I(t) is actually not so obvious either. The CRC database contains daily tallies of new cases, total cases, hospitalisations and deaths. The complicating factor here is not only that there are no data for the number of recovered individuals, the number of declared cases is only a poor proxy for the real number of infecteds in the population. Indeed, many new cases are directly admitted to hospital and do no longer contribute to the global spread of the disease. Moreover, many of the declared cases have probably been asymptomatic transmitters of the disease for some time before developing symptoms (being exposed but not yet infective).

However, because we use the logarithms of these densities, the absolute densities are not so important. What matters is the relative change in a day, so any variable that varies proportionally with the number of infected will do as a standin.

One can make quite sophisticated models to arrive at the best estimates but here I stick to the crude method. The most important assumption that I make here is that the number of declared cases on a given day is proportional to the number of people who become infected that day. If the infection lasts T days, we can then write

I(t) ∝ i=T -1 ∑ i=0 [new cases on day t -i] (9) 
Note that the dataset also contains a column of 'total cases', so we can actually also obtain the same result from

I(t) ∝ [total cases on day t] -[total cases on day t -T ],
but this is an aside. Either way, the estimate for the density of infecteds is definitely an oversimplification, and I am sure there are more sophisticated methods to arrive at these estimates (incorporating what is known about infectivity profiles, taking into account the fact that declared cases invariably have been infected some time before, etc.). But let us see first how far we get when we use this hack.

Some examples

Let us consider the case of France as an example, because that is where I live and most public health measures are applied at the national level. If we estimate transmission parameter β(t) by just substituting our hacked estimate for the number of infecteds (I(t)) (Eq. 9) into the approximation (8) we get a rather noisy plot (Figure 2), which is not very surprising given the apparent noise in the raw data (e.g., Figure 1). But it is reassuring that apart from the extrene noise in the beginning (an inevitable consequence of demographic stochastity associated with low infection numbers) it quickly seems to converge to variations around some average number.

Before attempting to link these variations to public health measures as were imposed in France, we can make the variatons stand out more by averaging over some period (data in France have a clear 7-day periodicity, presumably because some government institutions involved are closed during the weekends). Then indicating the dates when lockdowns were imposed gives a quite suggestive picture (Figure 3). The three national lockdowns imposed by the French government are followed by a visible decline in transmission β(t), for at least a couple of weeks.

As lockdowns are typically stepwise ended it is not so easy using the available data to assess the effect of ending lockdowns or other restrictive measures. (Note that 2, using a sliding window of 7 days. Also are indicated the dates when the French government took national measures as indicated (red dots). It is not straightforward to indicate the the end of the lockdowns, as these tended to be more gradual.

the lockdowns and the corresponding declines do not match exactly, but that may be due to the averaging process, which includes data from before the lockdown.) When we do the same exercise for other countries, for instance the Netherlands and the United Kingdom, we obtain very similar pictures (Figure 4 and Figure 5).

Lockdown measures also seem to be followed by at least temporary reductions in transmission rates. However, I also included the last Dutch national holiday ("Koningsdag", the 27th of April, 2021), when people massively socialised, which I expected to be followed by an increase in transmission rates, but all we see is a further decrease. I'll discuss this again later on.

Stringency

The national-level measures that I indicated in the graphs are indeed quite arbitrary: 'lockdown' measures in different countries were quite different in scope and effect. Some lockdowns were only partial, some involved school closures but not others and so forth. Also, while lockdowns were often imposed with immediate effect, relaxation was often more gradual.

In an attempt to quantify the efficacy of these measures in more objective terms, a group in Oxford has developed the 'Oxford Covid-19 Government Response Tracker' which incorporates and weighs various measures that could be taken at the national level, such as school closures, mandatory masks, enforced social distancing, travel limitations and so on [START_REF] Hale | Variation in government responses to COVID-19[END_REF]. This results in a 'stringency index' which may still seem quite arbitrary, but yet should reflect to the United Kingdom (it is not very easy to link these changes to restrictions because the United Kingdom very early adopted a more gradual and regional system of imposing restrictions). However some significant events such as allowing families to meet for Christmas or reopening pubs and restaurants in April 2021 are indicated. For an explanation, see the legend of Figure 3. This would seem to suggest that either the stringency does not fully reflect the effectiveness of the measures taken in different countries or that there are inherent differences in the epidemics in different countries.

Discussion

It is not my aim here to provide an exhaustive study of all possible explanations for observed variations in Covid-19 dynamics, nor is it my aim (for the moment) to improve the method beyond the crude hack that it currently is. The message that I want to convey is that any method that tries to understand Covid-19 dynamics that supposes fixed transmission parameters is likely to miss an important point: both spontaneous individual changes in behaviour as well as socially imposed ones will affect the transmission parameter at a short-term basis, so one cannot simply suppose it is a constant, as is customary in epidemiological modeling.

The method used here to assess changes in transmission rate differs from the usual way of analysing epidemiological models. Typically, a model is set up (for instance, describing expected changes in the densities of susceptibles (S(t)) and infecteds (I(t))), parameters are measured or estimated, and then the model is used to make predictions about these variables (dynamics, equilibrium values, etc..). Here it works the other way round. We still need to hypothesize the model, but as we know how the variables changed (at least more or less), we can work our way back to what parameter changes could be responsible for these changes. The model is therefore not used to predict future changes, but to retrodict what has happened in the past.

Again, what I demonstrate here is only a crude variant of this approach, but with some effort it could be made much more powerful. Of course, with bad data, bad retrodictions will result (garbage in, garbage out), as well as using a bad epidemiological model to start with.

One of the symplifying hypotheses underlying the crude version that I described here is that the number of susceptibles essentially stays constant, which is obviously not the case. Not only many infected people died of the disease (in the order of between 1 and 0.1 percent) but many others recovered and acquired at least some level of immunity (in some regions in France a significant proportion test positive using an antibody test). And in the beginning of this year the vaccination campaign really took off in many countries. The decrease in transmission after the Dutch national holiday where I actually expected an increase may be due to the reduction in susceptibles, but this should of course be tested using a version of the model that actually estimates and uses the change in susceptibles (which is not so easy). Estimating the reduction in susceptibles due to vaccination and incorporating this reduction in the approach presented here would thus be the next step. An alternative explanation for observed changes in transmission rates is of course the possibility (likelihood, even) that the virus evolved. The transmission bump that can be guessed around September and October 2020 in the United Kingdom (Figure 5B) for instance could be due to the more transmissible Delta strain taking the place of the slightly less transmissible ancestral strains. Note as well that while the United Kingdom has since gradually relaxed restrictive measures (allowing families to meet, opening restaurants and pubs, etc.) the transmission rate crept up (also reflected in the plateauing numbers of new cases in the UK (Figure 5A)). Also note that the Christmas 2020 period, which was characterised by a partial relaxation of lockdown measures is clearly associated with a temporary increase in transmission. Also, allowing pubs and restaurants to reopen in April 2021 seems to have clearly boosted transmission rates there.

Take home message

The method described here is very crude, but it diverges in a significant way from the common practice to assume fixed transmission rates (see also [START_REF] Policott | Extracting the time-dependent transmission rate from infection data via solution of an inverse ODE problem[END_REF]; [START_REF] Mubayi | Analytical estimation of data-motivated time-dependent disease transmission rate: an application to ebola and selected public health problems[END_REF]). The idea is that on the basis of a well-described set of a priori assumptions about the epidemiological processes one can work back to infer changes in contact rates (or any other parameter) provided one has the epidemiological data. With the crude model (and the inherent limitations of the data that are available), no definite conclusions can be drawn, but some changes in transmission rates can be tentatively associated with imposed public health measures, in particular if one considers the correlation with the 'stringency index' as calculated by the Oxford group [START_REF] Hale | Variation in government responses to COVID-19[END_REF]. The coefficients of determination (r 2 ) are not fabulous, but there is no reason to expect them to be. For instance, the 'stringency index' weighs government responses, but does not take into account how far government directives are actually adopted and followed. Also, early on in the epidemic, there were no government measures while the transmission rates could very well vary as a consequence of spontaneous changes in (collective) behaviour. Nevertheless, these figures suggest that national policies to curb the spread of Covid-19 do seem to work, even if their effects seem often limited and temporary. Whatever the shortcomings of both measures, it should be taken into account that the correlation is between quantities obtained from completely independent datasets, which reinforces the idea that they reflect a common phenomenon.

Considering transmission as a variable rather than a constant allows us to help understand some aspects of the development of the current pandemic in various places. For instance, early on Sweden adopted a much less restrictive approach (for instance, without a nation-wide lockdown) which led to the prediction that it would experience a greater epidemic later on, which turned out not to be the case. If we look at the correlation graph for Sweden (Figure 8) we observe that the Swedish stringency index may not have reached high values, but what measures were taken resulted in nevertheless a clear negative correlation with transmission rates. In the end I am convinced that more sophisticated versions of this approach will allow us to better understand what happened in the pandemic, which is sometimes essential: we cannot predict the future if we do not understand what happened in the past. Prem, K., Liu, Y., Russell, T. W., Kucharski, A. J., Eggo, R. M., Davies, N., Cen-370 tre for the Mathematical Modelling of Infectious Diseases COVID-19 Working Group, Jit, M., Klepac, P., 2020. The effect of control strategies to reduce social mixing on outcomes of the covid-19 epidemic in wuhan, china: a modelling study. Lancet Public Health 5, e261-70.
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Figure 1 :

 1 Figure1: Daily reported new cases in France (blue), the United Kingdom (amber) amd the Netherlands (green) extracted from the CRC database on November 24, 2021. Note that the data are plotted on a log scale, so that the initial exponential increase is represented by (almost) straight lines. Note also that the epidemic in France had also a second uninterrupted period of exponential growth (but slower) between June and November 2020. These data are so noisy that occasional negative numbers are reported (often to 'correct' preceding errors); these values are simply ignored. (All figures in this paper were generated by an automated Mathematica notebook, available as Electronic Supplementary Material.)

FranceFigure 2 :

 2 Figure2: Daily estimates for transmission parameter β(t) in France using the method described in the text.

FranceFigure 3 :

 3 Figure3: Variation in the transmission parameter β(t) in France by averaging the data presented in Figure2, using a sliding window of 7 days. Also are indicated the dates when the French government took national measures as indicated (red dots). It is not straightforward to indicate the the end of the lockdowns, as these tended to be more gradual.

Figure 5 :

 5 Figure5: (A) Daily new cases in the United Kingdom; (B) Estimates for β(t) in the United Kingdom (it is not very easy to link these changes to restrictions because the United Kingdom very early adopted a more gradual and regional system of imposing restrictions). However some significant events such as allowing families to meet for Christmas or reopening pubs and restaurants in April 2021 are indicated. For an explanation, see the legend of Figure3.

Figure 7 :

 7 Figure 7: Correlation between the stringency index and average transmission rate in (A) France, (B) the Netherlands and (C) the United Kingdom. The coefficients of determination (r 2 ) are shown in each graph. (As there is no perfect overlap between the CRC and Oxford datasets, only datapoints are shown for wich both quantities are avaliable.) 14

Figure 8 :

 8 Figure 8: Correlation between the stringency index and average transmission rate in Sweden.
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  the question becomes, if we assume that the Covid-19 is governed byKermack- 
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	McKendrick dynamics, then what form of β(t) would reproduce a given observed
	epidemiological dataset? As I will try to show here (but see also Policott et al.
	(2012); Mubayi et al. (2021)), it is possible to reconstruct β(t) to a certain extent,
	giving rise to useful insights but also new questions.
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some extent how different countries responded to the pandemic. Like the Johns Hopkins dataset, the stringency index is updated daily and available on the internet. Figure 6 shows the changes in the stringency index in a couple of Euopean countries as an example. So the question poses itself: is there a correlation between variations in the stringency index and the contact rate parameter? Looking at the data for some countries, it appears that there is, although there are conspicuous differences among countries. For all countries there is an obvious negative correlation between stringency and transmission, as expected, but in some countries this correlation is stronger than others (both the stringency index and the transmission estimate are very rough estimates of the real thing they represent but I calculate the coefficient of determination (r 2 ) of the correlation as an indication).

What is striking is that the 'Stringency Index' is much lower for the Netherlands than either the UK or France, even when the negative correlation is evident.
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