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Abstract 

Tools to early detect the emergence of a new variant of concern are essential to develop strategies 

that contain epidemic outbreaks and their health-economic-social consequences. For example, 

knowing in which region a variant of concern appears or starts spreading enables prompt actions to 

circumscribe the diffusion area. This paper presents ‘funnel plots’ as a statistical method that can 

quickly identify regions of a country where the reproduction number is anomalous with respect to the 

national one, thus triggering cross-cutting research, while keeping false alarms under control. 

COVID-19 data demonstrate the efficacy of the method in the early detection of Delta and Omicron 

variants in India, South Africa, England, and Italy, as well as a malfunctioning episode of the 

diagnostic infrastructure in England.  



Introduction 

All viruses, including SARS-CoV-2, evolve over time. Mutations happen frequently and, in most 

cases, have little or no impact on the viral function. However, a group of mutations with similar 

genetic lineage, denoted by public health organizations as Variants of Concern (VoC), have gained 

global attention because of their faster spread and evidence for higher transmissibility and possibly 

higher virulence [1]. 

Surveillance aimed at the early detection of a new VoC is fundamental. The World Health 

Organization (WHO) and its international networks of experts closely monitor SARS-CoV-2 variants 

[2], but a surveillance system at a national and sub-national level is crucial to identify the emergence 

of new variants with the potential to spread worldwide, as well as the spread of already detected 

variants. Local authorities are thereby currently encouraged to strengthen surveillance and sequencing 

capacities, to early detect unusual epidemiological events. However, several countries still have 

limited capacity, despite the enormous efforts to facilitate the access to existing international 

networks [3], and the implementation of low-cost whole genome sequencing (WGS) methods [4].   

As suggested by SARS-CoV outbreaks [5], we can expect that new SARS-CoV-2 variants with 

unforeseen mutations will continue to emerge [6,32,33], also with the potential risk of immune 

evasion [7,8].  

The Omicron variant (B.1.1.529 lineage), which contains over 30 mutations in the spike protein, 

including the same mutations of pre-existing VoC, will definitely not be the last, and possibly not the 

most challenging we will ever face. 

To support monitoring based on epidemiological data, we propose a methodology that is easy to apply 

and can allow the early detection of anomalous events, consequently triggering further inquiries. With 

respect to massive genomic sequencing, statistical methods based on epidemiological data are faster 

and reduce costs and needed resources; of course, they do not replace sequencing, but integrate it and 

may defer the genomic sequencing methods to a more targeted and purpose-driven framework, to 

effectively detect potential VoC, and prevent their spread. 

The keystone of the approach investigated in the present paper is the use of statistical quality control 

to monitor the homogeneity of the reproduction numbers estimated in different regions of a country. 

In particular, a methodology is proposed that is able to account for different sample sizes. In the 

context of healthcare monitoring, this issue had come under the spotlight in the early 2000, in a series 

of works [9,10,11]. An example was the detection of abnormal mortality rates in cardiac surgery 

wards [9]: through the characterization of the baseline variability, it was possible to build control 

charts with statistical limits which, if exceeded, suggested the existence of an abnormal cause 



explaining the anomalous data. When the key performance indicators were affected by the sample 

size, it was shown that their monitoring could rely on so-called funnel plots [12,13].  

In the case of epidemics, anomalies can be detected by comparing the regional effective reproduction 

number, 𝑅!, whose uncertainty depends on the number of infected subjects in the given region. It is 

therefore worth investigating if funnel plots could distinguish whether a large regional	𝑅! is due to 

some special cause, e.g., the emergence of a new VoC, a breakdown of testing infrastructures, or 

widespread reckless behaviours, or is just caused by statistical fluctuations due to sampling noise. 

This work proposes a framework to monitor the onset of anomalies in regional 𝑅! distribution, 

deriving suitable funnel plots with control limits able to reveal abnormal trends while preventing false 

alarms. We validate our proposed methodology based on publicly available epidemiological data 

from Italy, the England, India and South Africa and show how control limits being exceeded promptly 

reveal the emergence of new more transmissible variants or the malfunctioning of the diagnostic 

infrastructure. 

 

Results 

The funnel plot methodology has been applied to five case studies, corresponding to different stages 

of the COVID-19 pandemic, chosen in view of their relevance with respect to the spread of VoC's or 

flaws of the diagnostic infrastructure. Two cases studies refer to England (initial spread of Delta and 

large failure of a diagnostic lab), and the other three to Italy (initial spread of Omicron), India (first 

emergence of the Delta variant), and South Africa (first emergence of the Omicron variant). In all 

cases, the early detection capabilities enabled by statistical process control tools are illustrated and 

discussed. 

 

Omicron spread in Italy. 

We first apply the funnel-plot methodology to the Italian regional data in the period going from 6 

December to 31 December 2021, based on epidemiological indicators daily released by the Civil 

Protection Department, which provides 21 regional time series (for 19 regions and the 2 autonomous 

provinces of Trento and Bolzano). The Delta variant was dominant in Italy until December 2021, 

when the Omicron variant started to spread across the country. It is therefore interesting to observe 

whether and how funnel plots can detect this spread. 

The results are summarized in Fig. 1. In the Panels a-d, the estimates of Italian regional 𝑅! 's are 

plotted against the infectious cases on four selected dates. When a single variant, i.e., Delta, is 

homogeneously present in the country and contact rates do not vary much across regions, differences 

between estimated 𝑅! 's are due to natural variability alone and the 21 points are expected to lie within 



the funnel, centered around the national 𝑅! (see Methods), as indeed observed on 7 December 2021 

(see Panel a). On 18 December 2021, Lombardy (dark red) crossed the alarm limit (see Panel b) and 

on 25 December 2021 (see Panel c) it was definitely outside the upper alarm limit. In fact, as 

confirmed by a survey by the Italian National Institute of Health published on 31 December 2021 

[26], Lombardy was the first Italian region to be colonized by the Omicron variant. As other regions 

became increasingly colonized by the Omicron variant, their 𝑅! 's rose as well and, by 31 December 

2021, Lombardy was absorbed again within a funnel, now with a higher mean with respect to early 

December’s (see Panel d). 

The trend can be monitored by plotting the standardized 𝑅! 's on a control chart with ±3 sigma limits 

(Panel e), where the arrival of the Omicron variant in Lombardy in mid-December is clear. Panel e 

also shows that a few regions (Bolzano, Friuli Venezia Giulia and Veneto) exhibit an undershoot that 

exceeds the lower alarm limit. Although further investigations are required, this phenomenon might 

be attributed to an earlier recovery from the previous Delta pandemic wave in these regions. 

 

Delta emergence in India. 

We apply our methodology to epidemic data from India, where, from 10 February to 5 March 2021, 

the Delta variant emerged and started spreading from the state of Maharashtra. In figure 2, in Panels 

a-d, funnel plots on four selected days are shown, with colour-coded circles representing the 𝑅!’s of 

the 36 Indian states. While on February 13 all circles fell within the funnel, on February 16 the state 

of Maharashtra (dark red) exceeded the alert threshold (thus suggesting when the Delta variant started 

spreading), further departing from the mean on February 22.  Lastly, on 4 March 2021, the 𝑅! 
dispersion chart of all the regions but Kerala (orange) shaped a new funnel, with a higher mean, which 

incorporated Maharashtra back in. The peculiar dropping of Kerala’s 𝑅! below the lower alert 

threshold, despite the very high number of infectious cases, might be explained by the overlapping 

of Alpha and Delta variants during the same period, resulting in a lower 𝑅! value in Kerala than in 

the areas predominantly hit by the Delta variant.  

The trend can be monitored by plotting the standardized	𝑅!’s on a control chart with ±3 sigma limits 

(see Panel e), where the rise of the Delta variant in Maharashtra is clearly visible since mid-February 

2021. One month later, on March 17, it was made public that a 10-lab research consortium had alerted 

the Union health ministry about a new variant spreading in Maharashtra [27], and a week later the 

Indian Ministry of Health and Family Welfare issued a press release on the new VoC  [28]. This case 

study demonstrates that the use of funnel plots could have allowed an earlier detection of the variant. 

 



Omicron emergence in South Africa. 

From 25 October to 3 December 2021, the Omicron variant colonized South Africa, starting with the 

province of Gauteng. In Fig. 2 (Panels f-i) four funnel plots are shown, with colour-coded circles 

representing the 𝑅!’s of the South African provinces. Until the very beginning of November 2021, 

the Delta variant prevailed and the differences in	𝑅! levels across provinces were merely a result of 

natural fluctuations (see Panel f). By mid-November the Gauteng province crossed the upper alert 

threshold (see Panel g) and then further diverged (see Panel h). This is precisely the timing when the 

Omicron variant was first identified, as declared by the WHO [29], and became a threat [30]. By 2 

December 2021, Gauteng was reabsorbed within the funnel, now with a definitely higher mean, 

following the spread of Omicron in the other provinces and the consequent rise of their 𝑅! (see Panel 

i). On the control chart with ±3 sigma limits (Panel j), the out-of-control trajectory of the Gauteng 

province (red) is plainly evident.  

 

Omicron spread in England. 

From 1 December 2021 to 6 January 2022, the Omicron variant massively spread in England. The 

four funnel plots show colour-coded circles corresponding to the 𝑅! 's of the English regions, see 

Panels k-n of Fig. 2. On December 3, all the regions were within the alarm limits (Panel k). By 10 

December 2021, the London region was out of the funnel (Panel l), further diverging from the upper 

limit on 16 December (Panel m). This suggests that Omicron was more prevalent in London than in 

the rest of England and, indeed, on 13 December 2021 it was reported that 20% of the cases in 

England and over 44% in London were due to Omicron [31]. As the other regions were colonized, 

the distribution of their 𝑅! 's moved upward and, on 24 December 2021, the London region was again 

inside the funnel (Panel n). An early detection would have been allowed by the funnel-plot control 

chart, where London first crossed the alarm limit in early December (Panel o). 

 

Immensa scandal in England. 

Our last case study concerns England in the period from 27 August to 25 September 2021. In Panels 

a-d of Fig. 3, four funnel plots in selected dates are displayed, with colour-coded circles 

corresponding to the 𝑅! 's of the English regions. On 28 August 2021, all English regions were within 

the funnel (Panel a). By 2 September 2021, the South West (red) had moved below the lower alarm 

limit (Panel b) and remained below the lower limit for about two weeks (Panel e). The timing of this 

swing coincides with the period during which the Immensa lab in Wolverhampton gave some 43,000 

incorrect negative tests relative to South West and West Midlands territories [14,15]. While the 



suspension of lab operations came in mid-October, the control chart indicated an out-of-control 

condition as early as late August and would have allowed a much earlier detection of the anomaly. 

 

Discussion 

We proposed funnel plots as a valuable framework for the early detection of a new emerging or 

imported VoC and showed its effectiveness in five real-life scenarios based on epidemiological data 

from Italy, India, South Africa and England. These case studies demonstrate that the proposed 

methodology, besides being direct and inexpensive, allows the early detection of anomalies with 

various possible causes, ranging from the emergence of a new VoC, and its colonization of new 

countries, to flaws in the diagnostic system, e.g., the Immensa COVID-19 testing scandal. Once the 

method identifies anomalous patterns, further inquiries are needed to assess its cause.  

Funnel plots provide an innovative and rigorous tool for monitoring the distribution of regional 𝑅! 's. 

Our method can be seen as an extension to epidemiology of the funnel charts advocated by 

Spiegelhalter in the assessment and comparison of institutional performances in the healthcare sector 

[12]. Before then, funnel plots were mainly known as a standard visual tool for investigating 

publication and other bias in meta-analysis studies. As such, they have also been employed in the 

context of COVID-19 meta-analyses, see e.g., [34]. 

Prompt identification of a VoC before its unavoidable large-scale spread, leading to impactful public 

health implications, is a key goal in the control of the SARS-CoV-2 pandemic and in preventing and 

controlling future pandemics. However, as the relentless and flashy worldwide dissemination of the 

Omicron variant has largely proven, some doubts remain about the most effective way to achieve this 

goal.  

Although some rRT-PCR–based algorithms and/or NAAT-based screening assays have been 

proposed for the early identification of VoCs [16,17] and might be implemented in routine 

laboratories [18], the WGS, or at least the complete or partial sequencing of the spike (S) protein-

gene remains the unique tool able to both effectively identifying the different variants and follow the 

evolution of SARS-CoV-2 [19,20]. However, WGS is time consuming, expensive, and needs 

dedicated structures with technical experience to be timely implemented. Furthermore, it is 

challenging to be applied on low viral loads samples [21].  

It is exactly in this breach that the potential support of surveillance based on funnel plots might 

accelerate the detection of a new VoC, without requiring, at least initially, the backup of a specialized 

microbiology laboratory. The value of WGS is undisputed, but, in a resource-limited setting, the 

combined use of easy and inexpensive data-driven statistical methodologies for surveillance may 

support a more targeted and focused adoption of genomic sequencing, guided by the detection of a 



suspicious epidemiological pattern through funnel plots. Therefore, funnel plots are not only 

extremely useful where sequencing is lacking due to scarce resources but are also precious to inform 

and suggest where sequencing efforts should be concentrated. Furthermore, funnel plots allow the 

detection of anomalies that cannot be revealed by sequencing, such as failures of the testing 

infrastructure, as shown by the Immensa case study. 

Thanks to the statistical underpinning of the methodology, the natural variability of the phenomenon 

is taken into account, which helps to prevent false alarms even in the presence of “dirty” data (as long 

as they are statistically stable), e.g., due to late registration of new cases. Although polished data may 

arrive with even weeks of delay, funnel plots can be used successfully in real-time based on dirty 

data, which can notably anticipate the detection of anomalies and allow prompt interventions. For 

instance, the Italian funnel plots of the first case study were drawn from daily published data. 

Other authors have proposed the application of statistical process control methods for monitoring the 

evolution of the COVID-19 pandemic, see [35], where hybrid control charts were proposed to detect 

within a geographic area the start and end of exponential growth in reported deaths. An interesting 

use of hybrid control charts was investigated in [36], keeping under control exponential and non-

exponential growth and decline of cases, disaggregated at regional and subregional level, to inform 

local mitigation and containment strategies. Compared to these studies, our approach leverages the 

characterization of collective distribution of regional 𝑅! 's: we do not monitor each region 

individually, but rather the homogeneity of the distribution is surveilled. 

In view of its nature, the proposed method reveals the loss of statistical stability, but cannot of course 

reveal its cause. Consistently with common quality control practices, it can be used as a trigger to 

start an inspection. Out of our five case studies, in four cases the regions going out-of-control turned 

out to be affected by the emergence, or early colonization, of a new VoC, while in the fifth case 

(Immensa scandal) the anomaly was due to a completely different cause: the failure of testing 

infrastructures. Therefore, the funnel plot cannot be strictly seen as a VoC-detector, but more 

precisely as an anomaly detector: early detection enables focused inquiries aimed at discovering what 

triggered the anomaly. 

 

Methods 

Data 

Data regarding new positive cases can be obtained from publicly available sources: 

https://github.com/pcm-dpc/COVID-19/tree/master/dati-regioni for Italian data, 

https://data.covid19india.org/ for Indian data, https://mediahack.co.za/datastories/coronavirus/data/# 

for South African data, https://coronavirus.data.gov.uk/details/download for English data. 



The distribution for the serial interval is obtained from [22]. 

All data were filtered using a double seven-day moving average, which was necessary because of 

systematic errors in the data, partly due to the weekly periodicity, partly due to other delays and 

bureaucratic errors. The outliers were corrected as follows. 

Let 𝑝(𝑡)	be the number of new positive cases on a region at time t. On 𝑡 = 23 November 2021, the 

South African data presents an irregular data item. It is replaced by an imputation of the following 

form 

 

𝑙𝑜𝑔	$𝑝(𝑡)' ∶ (𝑙𝑜𝑔	$𝑝(𝑡 − 1)' 	+ 𝑙𝑜𝑔	$𝑝(𝑡 + 1)' = 	𝑙𝑜𝑔	$𝑝(𝑡 − 7)' ∶ (𝑙𝑜𝑔 $𝑝(𝑡 − 8)' 	+𝑙𝑜𝑔 $𝑝(𝑡 − 6)'	 

 

When the Indian data on new positives are negative, they are replaced by an imputation of the 

following form 

𝑝(𝑡) = 𝑝(𝑡 − 1) + 𝑝(𝑡 + 1)2  

 

A further imputation of the same type is performed for the Chhattisgarh region on 28 January 2021. 

 

Funnel plots and control charts 

A funnel plot is a graphical tool for comparing the characteristics of units of analysis. In particular, a 

measured or estimated quantity is plotted against an interpretable measure of its precision. A funnel 

plot is composed of four elements [12]: (i) an indicator 𝑌 that represents the quantity to be monitored, 

(ii) a reference value 𝜃 that specifies the expectation of the indicator, (iii) a precision parameter 𝜌 

that determines the accuracy with which the indicator is measured, (iv) the control limits 𝑦"#$%&, 

𝑦'((%& that specify whether a point is in or out-of-control. An example of funnel plot can be seen in 

Fig 1. Each dot (𝜌) , 𝑦)) corresponds to the 𝑖-th region, where 𝜌) 	is the number of infectious cases and 

𝑦) 	is the region's reproduction number 𝑅! for a given day. The horizontal line 𝜃 shows the national 

average 𝑅! and the funnel-shaped pair of control limits 𝑦"#$%& and 𝑦'((%& show where we expect the 

Italian regions to lie if their 𝑅! 's were statistically indistinguishable from each other, see Panel d in 

Fig 1. 

In several circumstances an exact or approximate normal distribution of the indicator 𝑌 can be 

assumed 

 

                                                     𝑌|𝜃, 𝜌~𝑁[𝜃, 𝑔(𝜃)/𝜌]	                                              (1) 

 



where 𝑔 is a function of 𝜃. Under this null hypothesis, with probability 1 − 𝛼,  

 

𝜃 − 𝑧*/,;𝑔(𝜃)/𝜌 ≤ 𝑌 ≤ 𝜃 + 𝑧*/,;𝑔(𝜃)/𝜌 

 

where 𝑧*/, is such that 𝑃(𝑍 ≤ 𝑧*/,) = 1 − 𝛼/2 for a standard normal variable 𝑍. For instance, 

𝑧*/, = 1.96, when 𝛼 = 5%, and 𝑧*/, = 3, when 𝛼 = 0.27%. This means that in 100(1 − 𝛼)% of 

cases Y is expected to lie within the lower and upper control limits defined as 

𝑦"#$%& = 𝜃 − 𝑧*/,;𝑔(𝜃)/𝜌 

𝑦'((%& = 𝜃 + 𝑧*/,;𝑔(𝜃)/𝜌 

By introducing the Z-score 

𝑧) = 𝑦) − 𝜃;𝑔(𝜃)/𝜌 

 

we have that 𝑃(|𝑧)| ≤ 𝑧*/,) = 1 − 𝛼. In Statistical Process Control, the common practice is to select 

a false alarm probability as small as 𝛼 = 0.27%., corresponding to 𝑧*/, = 3. A point lying outside 

the funnel or, equivalently, a point whose Z-score is either less than -3 or greater than 3, is said to be 

out of (statistical) control and is deemed worthy of study to find a special cause of variation that 

explains its departure from the mean. According to the terminology of statistical decision theory, 𝛼 

is the false positive rate, i.e., the probability of rejecting the null assumption when it is not actually 

violated. In other terms, when ±3	control limits are used, there is a 0.27% probability of reporting an 

out-of-control point when no special cause of variation is actually perturbing the process and the 

outlier arises by pure chance under common causes of variation. 

When the indicators 𝑦) 	 measure a frequency of occurrence, e.g., the mortality rates in heart surgery 

units, it is reasonable to assume a binomial model, with 𝜃 representing the probability of the event 

and 𝜌) the number of surgeries in the 𝑖-th unit. For the binomial model, the variance of 𝑦) is 

𝜃(1 − 𝜃)/𝜌) so that, given 𝜃, the variance of 𝑦) 	is completely specified. For a large enough 𝜌, the 

binomial converges to a normal random variable that follows distribution (1) with 

 𝑔(𝜃) = 𝜃(1 − 𝜃). An analogous case is when the products 𝜌)𝑦) 	are Poisson distributed with 

expectation 𝜌)𝜃. If 𝜌)𝜃 is large enough, the indicators 𝑦) 	are normally distributed as (1) with 

 𝑔(𝜃) = 𝜃. Therefore, for both the binomial and Poisson model it appears that estimating the mean 

of 𝑦) 	suffices to specify both the centerline and the alarm limits of the funnel plot.  

However, as discussed in [13], the use of funnels based on the ideal variance implies that the number 

of units of analysis lying outside the alarm limits exceeds by large the theoretical false positive rate. 



This phenomenon, well known in the statistical literature, goes under the name of overdispersion: 

"This typically arises when there is insufficient risk adjustment; there are many small institutional 

factors that contribute to excess variability, and these may not be particularly important nor indicate 

poor quality. The consequence is that, if one is not careful, the majority of institutions can be labelled 

as abnormal, and this appears a contradiction in terms" [13]. This can be dealt with by modifying 

(1) with the introduction of a suitable overdispersion parameter 𝜙 to be estimated from data: 

 

                                                     𝑌|𝜃, 𝜌~𝑁[𝜃, 𝜙𝑔(𝜃)/𝜌]                                                  (2) 

 

The control limits and the Z-scores are redefined accordingly as 

𝑦"#$%& = 𝜃 − 𝑧*/,;𝜙𝑔(𝜃)/𝜌 

𝑦'((%& = 𝜃 + 𝑧*/,;𝜙𝑔(𝜃)/𝜌 

𝑧) = 𝑦) − 𝜃;𝜙𝑔(𝜃)/𝜌 

 

When the indicators to be monitored are time series depending on time index 𝑡, i.e., 𝑦) = 𝑦)(𝑡), a 

distinct funnel plot can be drawn for each time instant. However, it might be desirable to have a 

graphical tool that displays the trend of the Z-scores, highlighting the out-of-control episodes. Under 

(2), we have that 𝑧)~𝑁[0,1], so that the Z-scores can be plotted on a control chart with zero centerline 

and alarm limits equal to ±𝑧*/,, see panel e in Fig. 1. 

 

Distribution of regional Rt's 

The reproduction number at time 𝑡, named 𝑅!, captures the number of secondary infections from a 

population including both susceptible and immune individuals. For its estimation, a range of model 

frameworks and estimation procedures have been proposed [23]. Herein we adopt the approach of 

Cori et al. [24] that makes minimal assumptions about the mathematical model of the epidemic 

process. Cori's formula uses the time series of the new cases and estimates of the distribution of the 

generation time. i.e., the time between infections. 

According to [24] the estimate 𝑅I! of the instantaneous reproduction number 𝑅! is obtained as  

 

                                                            𝑅I! = -!
∑ $"-!#"!
"$%

                                                  (3) 

 



where 𝐼!	denotes the daily number of new infected cases and 𝑤/ are the coefficients, summing to one, 

of the infectivity profile, often approximated by the distribution of the serial interval. The 

denominator 

 

𝛬! =M𝑤/𝐼!0/
!

/12

 

 

can be interpreted as the total infectiousness of individuals that are currently infected at time 𝑡. In 

view of the typical models of the infectivity profile, e.g., lognormal or gamma density functions, 𝛬!	 
is a smoothed version of the time series 𝐼!	of the daily cases. If seven-day moving averages are used 

to filter out weekly oscillations, 𝐼! is already smooth by itself, so that the resulting 𝛬! will be 

insensitive to the precise shape of the infectivity profile. This feature may prove helpful when a new 

VoC arises whose infectivity profile is unknown or known only approximately. 

To derive the distribution of 𝑅I! ,	we model disease transmission as a Poisson process with mean 𝑅!𝛬!: 
 

𝐼!|𝑅! , 𝛬!~𝑃𝑜𝑖𝑠[𝑅!𝛬!],	 
 

When its mean is large enough, a normal approximation can be used: 

 

𝐼!|𝑅! , 𝛬!~𝑁[𝑅!𝛬! , 𝑅!𝛬!] 
 

In view of (3), it follows that 𝑅I!|𝑅! , 𝛬!~𝑁[𝑅! , 𝑅!/𝛬!]. For the sake of interpretability, rather than 

using the notion of total infectiousness 𝛬!, it is more intuitive to refer to the number of infectious 

individuals. For this purpose, we introduce the parameter  

 

𝛾 = 1∑ 𝑠𝑤/3
/12

 

 

i.e., the inverse of the mean serial interval, which, within the SIR model, can be interpreted as the 

removal rate [25]. Then, 𝜌! = 𝛬!/𝛾 represents the number of individuals that are infected at time 𝑡. 
Letting 𝜃 = 𝑅! , 𝑔(𝜃) = 𝑅!/𝛾, it follows that 

 

𝑅I!|𝜃, 𝜌!~𝑁[𝜃, 𝑔(𝜃)/𝜌!] 
 



Comparing the above distribution with (1), it follows that, for any given 𝑡, the scatter plot of 𝑅I! 
against 𝜌!	is indeed a funnel plot. Also in this case, it is convenient to allow for an overdispersion 

parameter	𝜙, so that, in accordance with (2), the final model becomes 

 

                                                           𝑅I!|𝜃, 𝜌!~𝑁[𝜃, 𝜙𝑔(𝜃)/𝜌!]                                                (4) 

 

A useful byproduct of accounting for overdispersion is that 𝜙 accommodates the effects on the 

variance of 𝑅I! of possible errors or uncertainties in the estimated mean serial interval. Indeed, the 

variance of 𝑅I! is inversely proportional to 𝛾, but the effect of a wrong 𝛾 is automatically compensated 

when estimating 𝜙 from the data. 

 

Parameter estimation 

To estimate the model parameters, observe that, under (2), the estimated reproduction number 𝑅I!) , of 

the 𝑖-th region can be written as 

 

                                                                              𝑌) = 	𝜃 +	 4&
56&

                                     (5) 

 

where 𝑌) = 𝑅I!) , 𝑥) = 𝜌!) is the number of infectious individuals, and 𝜀) 	~	𝑁[0, 𝜎,], 𝑖 = 1, . . . , 𝑛, are 

mutually independent. Letting 𝑣) = 𝜀)/;𝑥), and converting in matrix form, the model becomes 

 

𝑌 = 𝛷𝜃 + 𝑣 

 

where 𝑌 = […	𝑌) …	]′, 𝛷 = […1… ]7, 𝑣~	𝑁[0, 𝜎,𝛴], and 

 

𝛴 =
⎝
⎜⎛
1𝑥2 			⋯ 				0		
⋮					⋱						⋮	
0			 ⋯			 1𝑥8		⎠

⎟⎞ 

 

According to the Gauss-Markov theorem, the estimated parameters are 

 

𝜃I = (𝛷7𝛴02𝛷)02𝛷′𝛴02𝑌 

 



                                                                     𝜎,d =	 2
8
	𝑒7𝛴02𝑒                                                         (6) 

 

where 𝑒 = 𝑌 − 𝛷	𝜃I is the vector of the residuals. Recalling that 𝑔(𝜃) = 𝜃/𝛾, the overdispersion 

parameter 𝜙 is estimated as 𝜙I = 	𝛾𝜎,d/𝜃I. In order to reduce the effect of possibly spurious outliers, 

data winsorization can be performed as detailed in [12]. 

In practice, there is no guarantee that the regional estimates 𝑌) satisfy the assumption (5), because, 

due to some special cause of variation, homogeneity could have been disrupted resulting in 𝐸[𝑌)] ≠
𝜃 for some 𝑖. According to the statistical process control methodology, such situation can be dealt 

with as follows. First the parameters 𝜃 and 𝜙 are estimated and the 𝑍-scores 𝑧), 𝑖 = 1, . . . , 𝑛, for all 

the 𝑛	regions are computed. When |𝑧)| > 𝑧*/,, the 𝑖-th region is labeled as out-of-control, and the 

parameters 𝜃 and 𝜙 are re-estimated after removing the 𝑖-th observation from the dataset. The 

procedure is iteratively repeated until no 𝑍-score exceeds the alarm limits. 

Setting the alarm limits at 𝑧*/, guarantees that the false alarm rate is 𝛼 if the Z-scores are normally 

distributed. Even when 𝜎, is estimated according to (6), ±𝑧*/, control limits are often maintained as 

done in [12], in which case the actual false alarm rate is going to exceed 𝛼. For the false alarm rate 

to remain exactly equal to 𝛼, wider alarm limits derived from the Student's 𝑡 distribution with 𝑛 − 1 

degrees of freedom might be used. For large values of 𝑛, obviously, there is no practical difference. 

 

Data availability statement 

Data regarding new positive cases can be obtained from publicly available sources: 

https://github.com/pcm-dpc/COVID-19/tree/master/dati-regioni for Italian data; 

https://data.covid19india.org/ for Indian data; 

https://mediahack.co.za/datastories/coronavirus/data/# for South African data; 

https://coronavirus.data.gov.uk/details/download for English data. 
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Fig. 1 Monitoring regional reproduction numbers (Rt's): funnel plots and control chart. In Panels a-d, Italian regional Rt's (colour-

coded circles) are plotted against the infectious cases on four selected dates. When the epidemic evolution is homogenous across 

regions, differences between Rt's are exclusively due to natural statistical variability and the circles are expected to lie outside the black 

alarm limits only in the 0.27% of cases. The alarm limits have the shape of a funnel because the variance of the estimated Rt is inversely 

proportional to the number of infectious cases. The central dashed line represents the average Rt. A circle is out of statistical control if 

it lies outside the black funnel. Out-of-control circles might therefore reveal anomalies that disrupt the homogeneity between regions. 

In Panels a-d, the majority of the points, lying in the funnel, are essentially indistinguishable and therefore not even named. On 18 

December 2021, Lombardy (dark red) crossed the alarm limit and on 25 December 2021 it was completely outside the upper alarm 

limit. As confirmed by a survey by the Italian National Institute of Health, Lombardy was the first Italian region being colonized by 

the Omicron variant. As the other regions are colonized too, the distribution of their Rt's moves upward and, on 31 December 2021, 

Lombardy is again inside the funnel. The trend can be monitored by plotting the standardized Rt's on a control chart with ±3 sigma 

limits (Panel e), where the arrival of the Omicron variant in Lombardy in mid-December is clearly visible.   
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Fig. 2 Funnel plots help detect anomalies: spread of Delta in India and of Omicron in South Africa and England. India: in Panels 

a-d, the funnel plots in four selected days are displayed, with colour-coded circles corresponding to the Rt’s of the Indian states. On 13 

February 2021, all points are within the funnel, but on 16 February 2021, when Delta variant starts spreading, there is an out-of-control 

point corresponding to Maharashtra (dark red), which on 22 February 2021 is further apart from the mean. Finally, on 4 March 2021 

the Rt's of all regions except Kerala (orange) converge to a new distribution characterized by a higher Rt. The trend can be monitored 

by plotting the standardized Rt’s on a control chart with ±3 sigma limits, see Panel e, where the rise of the Delta variant in Maharashtra 

is clearly visible. South Africa: in Panels f-i, the funnel plots in four selected days are displayed, with colour-coded circles 

corresponding to the Rt's of the South African provinces. The rise of the Omicron variant in the Gauteng province (red) is well visible 

both in the funnel plots and in the control chart reported in Panel j. England: in Panels k-n, the funnel plots in four selected days are 

displayed, with colour-coded circles corresponding to the Rt's of English regions. The spread of Omicron in England started from the 

London region (green) whose Rt on 10 December had already crossed the alarm limit. As the other regions are colonized, the 

distribution of their Rt's moves upward and, on 24 December, the London region is again inside the funnel, as also seen in the control 

chart reported in Panel o.  
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Fig. 3 Funnel plots help detect anomalies: the incorrect negative tests of the Immensa lab in England. In Panels a-d, the funnel 

plots in four selected days are displayed, with colored circles corresponding to the Rt's of the England regions. On 28 August 2021, all 

circles are inside the funnel, but on 2 September 2021 there is an out-of-control point below the lower alarm limit corresponding to 

South West (red), which is further apart from the mean on 15 September 2021, when also West Midlands (brown) is below the lower 

limit. Finally, on 24 September 2021 the Rt's of all regions return within the limits. The anomalous decrease of South West's Rt 

corresponds to the period during which the Immensa lab (Wolverhampton) gave some 43,000 incorrect negative tests relative to South 

West and West Midlands. The whole trend can be monitored by plotting the standardized Rt's on a control chart with ±3 sigma limits, 

see Panel e. The suspension of lab operations came in mid-October, while the control chart indicated an out-of-control condition as 

early as late August.  
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Fig. 4 Moving funnels: the effect of Omicron on the Rt distribution in South Africa. The figure displays the trajectories of infectious 

cases and Rt’s of the South African provinces from 25 October 2021 to 2 December 2021, with the colours getting darker over time. 

The funnel plots of 25 October 2021 (grey) and 2 December 2021 (black) are plotted with their mean (dashed) and alarm limits 

(continuous). On 25 October 2021, before the spread of Omicron, the average Rt is below 1 and all points lie inside the grey funnel 

plot. In the subsequent days, Gauteng's Rt (red) moves upwards, followed by the other provinces. Eventually, on 2 December 2021, 

the Rt's of all provinces, except Northern Cape, lie inside the black funnel plot, whose mean is about 1.8. Overall, Omicron causes an 

upward escape of the province where it first becomes dominant (Gauteng, red line), followed by a collective drift of the Rt's of other 

provinces, until a new funnel, i.e., the black one, is established at a higher level. The trajectories go leftwards when Rt is less than one, 

because the infectious cases tend to decrease, while the trajectories go rightwards when Rt is greater than one. Therefore, the trajectories 

exhibit a characteristic clockwise trend. 
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