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Abstract

Early warning signals (EWSs) aim to predict changes in complex systems from
phenomenological signalsin time series data. These signals have recently been shown to
precede the initial emergence of disease outbreaks, offering hope that policy makers can
make predictive rather than reactive management decisions. Here, using daily COVID-19
case data in combination with anovel, sequential analysis, we show that composite EWSs
consisting of variance, autocorrelation, and return rate not only pre-empt theinitial
emergence of COVID-19 in the UK by 14 to 29 days, but also the following wave six months
later. We also predict thereis ahigh likelihood of a third wave as of the data available on 9th
June 2021. Our work suggests that in highly monitored disease time series such as COVID-
19, EWSs offer the opportunity for policy makers to improve the accuracy of time critical

decisions based solely upon surveillance data.
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Introduction

As with many natural systems, the emergence of infectious disease is often sudden and non-
linear, making it difficult for policy makers to identify and appropriately manage threats
[1,2]. Balancing the health risks posed by these novel diseases and the possible economic
impact of imposing mitigation strategies is therefore a complicated process ultimately

dependent on the timing of strategy implementation [3].

The severe acute respiratory syndrome-coronavirus 2 (SARS-CoV-2), which causes the
Coronavirus disease 2019 (COVID-19), exemplifies this challenge. There has been
widespread criticism, in response to the harm the pandemic has inflicted, of the speed and
severity of the national strategies to the virus threat [4,5]. To date, governments have
imposed a spectrum of clinical (e.g. intensive care unit construction, quarantine), non-
pharmaceutical (socia distancing, large-scale lockdowns etc.) and, most recently,
vaccination-based strategies, with the timing of implementation dramatically influencing the
case curve between and within legislative regions [6]. Non-pharmaceutical interventions
(NPIs) represent the severest but highly effective epidemic controls, with previous analysis
suggesting their implementation stabilised European reproduction number below one, and
reduced the number of deaths compared to scenarios with no intervention [7]. The optimum
moment of action is unclear however, with suggestions that, due to periods of cryptic
transmission [8,9], strong NPIs two weeks earlier than performed may have halved
cumulative deaths [10,11]. Identifying this cryptic window would therefore improve strategy
decisions both in enforcing initial NPIs in response to the virus' emergence and possible

future NPIs based upon the relevant COVID-19 case situation.
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Unfortunately, the causes of disease emergence and/or re-emergence often appear
idiosyncratic [12], requiring the use of context-specific models [13,14]. These models are
powerful tools and have become keystones during the COVID-19 pandemic response, but are
restricted by data availability [15,16], potential for lack of transparency [17] and our
mechanistic understanding of the system [18]. Due to these difficulties, there have been
alternative suggestions to consider disease emergence as critical transitions [19] where a
forcing pressure, such as host movement or pathogen evolution, drive the system towards a
threshold. If emergenceis considered in this manner, then a suite of alternative methods
based upon the concept of critical slowing down (CSD) become applicablein the

identification of transitions in disease and COVID-19 dynamics.

Critical slowing down represents the compromised ability of a system to recover from
perturbation as it approaches a threshold, at which asmall perturbation in the state triggers a
positive feedback loop and a system shift [20]. From this phenomena, various mechanism-
independent and summary statistic based indicators have been identified across a range
simulated [21,22] and empirical [23,24] studies. In disease systems specifically, CSD was
established as tracking atranscritical transition in the effective reproductive number, Re,
[25] or number of secondary infections an infectious individual causes. Below one, secondary
infection is unlikely whereas above one, transmission is common and an outbreak of
sustained disease occurs. The period where R increases towards one is represented by a
region of ‘stuttering’ /cryptic transmission [26] during which, CSD also increases [25,27].
The ‘Early Warning Signal’ (EWS) summary statistics based upon CSD will therefore
precede the rapid increase in cases at the beginning of a disease outbreak; before Ry exceeds

avalue of one[28].
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Early warning signals have been shown to predict the emergence of diseases in both

empirical and simulation studies [25,29,30]. Variance, autocorrelation at lagl, and decay time
all increased prior to malaria resurgence in Kenya [29] and before the initial emergence of
COVID-19 in seven of the nine countries assessed [31]. However, acritical use of EWSsis
not only to predict initial emergence, but also successive re-emergences, with no method
currently developed to achieve this. Thus, COVID-19 represents a unique opportunity to test
the efficacy of EWSs to predict multiple sequential outbreaks by assessing the wave-like

dynamics expressed in most countries [32].

Here we test whether CSD based EWSs can predict sequential transitions in COVID-19 daily
case numbers, developing a novel methodology to detect and subset data into successive
waves of infection. Using the suggested framework, we show evidence that EWS can be
identified prior to each of the two previous COVID-19 waves experienced by the United
Kingdom and predicts a third as of the data available on 9" June 2021. Our results provide
suggestions on how to use EWSs in a management scenario, where decisions must be made

as data are collected, rather than post hoc.

M ethods

Data Availability

Daily COVID-19 case data was collected from the UK government’s coronavirus data portal

(https://coronavirus.data.gov.uk) and World Health Organisation’s dashboard

(https://covid19.who.int/info/), spanning 30" January 2020 to 9" June 2021. Uniquely, we

analysed positive, daily COVID-19 cases rather than cumulative cases as performed by other
studies [31], thus allowing us to attempt the prediction of sequential COVID-19 outbreaks.

Case data has previously been criticised for its inaccuracies resulting from incompl ete testing
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and cryptic cases [7], but we wanted to explore the viability of EWSs using the most
universally collected and interpreted data type. The data were consequently analysed in its

raw form with no detrending performed.

COVID-19 Wave Identification

To assess the instantaneous increase and decline of COVID-19 cases and define ‘waves',
generalised additive mixed effect models (GAMMs) were fitted to daily cases using the R
language [33] package ‘mgcv’ [34], following the method employed by [35]. The optimum
number of spline knots was selected via generalized cross-validation [34] with a
supplementary ARIMA correlation structure by time step fitted to account for the
autocorrelation inherent in time series. A day-of-the-week smooth was also fitted to account
for potential variation in testing rates over the weekend. The time series’ inflection points,
indicating the onset and recovery of COVID-19 waves, were defined by the significant
differing of the fitted model’ s first derivatives from zero, as assessed by 95% pointwise
confidence intervals. A wave onset was identified by a significant, positivefirst derivative
maintained for seven data points after a period of stationarity, whereas the subsidence of the
wave was identified by a stationary period following a succession of significant, negative
derivatives. The choice of a seven datapoint persistence was informed by the upper
incubation period of the SARS-CoV-2 virus (1 = 5.8 days, 95% CI: 5.0t0 6.7) [36]. First
derivatives were extracted from the GAMM fit using the ‘ derivatives' function in the ‘gratia
package [37] with the direction of derivative change performed by a custom function

published by [35].

Early Warning Signal Calculation
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The presence of EWSs was then calculated using the framework suggested by [38] and
developed in [24,39]. Briefly, this approach differs from other EWS methodol ogies [40] by
assessi ng time series change via a composite metric consisting of multiple indicators. Here,
we focussed on the two most commonly used EWS indicators, variance (represented by the
standard deviation, SD) and autocorrelation at first lag (acf) [41], aswell as the return rate
(rr), which represents the inherent quantity of interest in indicators based upon CSD [42].
Each indicator was normalised by subtracting its expanding mean from its calculated value at
time t before dividing by its expanding standard deviation [24]. A composite metric was then
constructed by summing all individual indicator values calculated per time point. An EWS
was therefore considered present when the composite metric exceeded its expanding mean by
26 [38]. The 26 threshold was chosen based upon its equivalency to a 95% confidence

interval and repeatedly favourable performance compared to other threshold levels [24,39].

As the expanding mean of the indicator isthe basis of assessment, a previous wave will often
mask the appearance of second (Supplementary Figure 1). Consequently, once awave
subsided, as assessed by GAMM first derivatives, the data were cut and the EWS assessment
restarted, truncating the time series from the point of wave end. This resulted in a series of
EWS assessments, each for a specific wave and independent from previous waves. Similarly,
the expanding window approach is susceptible to false positive signals at the start of
assessment due to the short time series length and high variability when few data points are
supplied to the algorithm. To mitigate this, a seven time step burn-in period was introduced
(the upper duration of COVID-19 incubation) before metric strength was assessed to ‘train’

the signals.
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To compare the robustness of indicators, a‘warning’ was considered present under two
scenarios. First, when the initial signal was identified, and second (to represent a conservative
assessment) whether signals were detected for seven consecutive time steps. Evidence
suggests that a persistent signal for two time steps is sufficient to reduce the frequency of
false positives [43], but as that work focussed on asystems’ recovery, a stricter persistence
was assessed here. From the calculated indicators, we present both the individual indicator
strengths over time as well as the difference between the time-of-first-detection and the onset
of each wave estimated from the GAMM derivatives. We aso identify the superior indicator

or combination of indicators for specifically pre-empting COVID-19 waves.

Results

Generalised additive mixed effect models predicted two significantly increasing regionsin
daily UK COVID-19 cases. These regions correspond to the onset of Waves 1 and 2
beginning on 17" March 2020 and 9™ September 2020 respectively. From this prediction,
two restarts of the EWS analysis were performed on 18" June 2020 and 1st April 2021

following the subsidence of each wave.

All early warning signal (EWS) indicators, excluding return rate (rr), increased and exceeded
the 2¢ threshold at least once prior to the appearance of COVID-19 Waves 1 and 2 (Figure 1,
Supplementary Table 1a). Time-of-first-detection was consistently two weeks or earlier than
the predicted wave onset, with Wave 2 being pre-empted earlier than Wave 1 (Supplementary
Table 1). No third wave was strongly identified by the GAMM first derivatives but the

majority of indicators indicate the potential for an oncoming third wave (Figure 2a).
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However, when awarning is only accepted as a sequence of seven consecutive signals, many
of the indicators are no longer interpretable as warnings. For this more conservative
assessment, indicators incorporating variance (SD) become the sole signal providers (Figure
2b, Supplementary Table 1b) and resultingly, all times-of-first-detection were identical.
Wave 2 remains better pre-empted than Wave 1 for successful indicators, as does the

possibility of athird wave.
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Figure 1. Time series of a) the daily UK COVD-19 cases and GAMM predicted
trends, where yellow points represent detected early warning signals (EWSs) from the
triple composite indicator ‘acf + rr + SD’, and b) individual EWS indicator strengths,
where coloured dots indicate time points exceeding the 2¢ threshold. Dashed, vertical
linesindicate theinitialisation of EW'S reassessment.
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b) Seven Consecutive EWS

first second third?

match miss post priorunknown match miss post priorunknown match miss post prior unknown
Prediction

Figure 2. Predictions of individual early warning signal indicators based upon the
difference between their time-of-first-detection and estimated time-of-wave-onset under a)
alenient (single signal) and b) a strict definition of awarning (seven consecutive signals).
‘Match’ represents identical time-of-first-detection and time-of-wave-onset, ‘miss’ being
no warning despite the presence of awave, ‘post’ istheidentification of a warning after
the time-of-wave-onset, ‘prior’ istheidentification of awarning before the time-of-wave-
onset and ‘unknown’ representing the identification of a warning with no apparent wave
(i.e. potential for an oncoming wave). Indicators include: autocorrelation (acf), return rate
(rr) and variance (SD).
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Similar results for international COVID-19 cases were observed (Supplementary Figure 2)
with variance remaining the most robust predictor of both emergence and re-emergence.
Successive waves remain well predicted in many countries although in nations where daily
variation is high and the time between waves is short, EWSs become delayed and do not pre-

empt the wave onset.

Discussion

These results show that Early Warning Signals (EWSs) based on the theory of critical
slowing down (CSD) are sufficient to predict the emergence, and subsequent re-emergence,
of COVID-19 in the UK and abroad. Thisis strengthened when time series are subset into
individual waves, and the timing of subsets unbiasedly estimated using a GAMM approach.
As all indicators increased prior to the onset of COVID-19 waves, there is agreement with the
prediction that CSD is observable in the disease’ s dynamics [25] and so represents a viable

tool for policy makers to inform timely decisions.

With variance responding consistently under the strictest definition of a warning, this implies
that the indicator isthe most reliable for pre-empting disease. This is congruent with previous
disease [29,44] and ecological [24,41] findings. The weakness of autocorrelation was
unexpected considering those studies also identified autocorrelation as areliable indicator,
yet the robustness of the triple composite EWS regardless highlights the benefit of the
composite metric approach developed by [38] over individual indicators. The degree of pre-
emption reported here is particularly important as, statistically, the lag between transition and
disease emergence is not fully understood [28] and the supposition that earlier non-
pharmaceutical interventions (NPIs) may have dramatically improved death rates early in the

pandemic [10]. We therefore suggest that composite EWSs are detectable sufficiently prior to

10
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COVID-19 waves to be suitable in the current monitoring toolbox for this and potential

future pandemics.

Although this study provides evidence for the usefulness of EWS indicators, their application
is often hampered by the quality of data available [45]. Epidemiological data can be
particularly problematic due to the reporting style of practitioners. Case data can be
aggregated in to weekly or monthly counts with the exact date of infection/recovery of an
individual unknown, or, during the emergence of disease specifically, many cases will be
cryptic due to alack of testing or symptoms [7]. Whilst EWSs based upon disease incidence
often display unique behaviour compared to the same indicators based upon disease
prevalence, this study suggests EWSs can still detect critical transitions in daily dataviaan
expanding window and is supported by other studies implementing the alternative rolling
window approach [30,46]. COVID-19 case data from the UK does provide a best-case
example for EWS assessment however, due to the frequency of testing and defined periods of
stationarity enforced by NPIs, but as many governments alter their approach towards future
pandemics [47], the quality of data may become universal. Even with contemporary levels of
reporting variation between countries, EWSs do consistently detect the onset of waves

(Supplementary Figure 2), though the strength of pre-emption varies.

In conclusion, the results of this study support the use of composite CSD indicators during
COVID-19 monitoring, and likely other diseases with re-emergence dynamics. The two week
plus pre-emption of wave onset is encouraging for their informing of policy, namely as a
‘preliminary analysis’ indicative of asystem at risk and requiring intervention consideration.
The detection of EWSs could thus be followed by efforts to specifically identify the

underlying variables of the system that are changing. Although we advocate the use of

11
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sequential EW'S assessment for disease monitoring, it is harder to apply this approach in
multi-dimensional systems where a stationary period is likely unidentifiable. Ecosystems, for
example, are constantly fluctuating in response to intrinsic or extrinsic drivers [48], with it
unclear the minimum length of time seriesto definitively identify the system’s trend [49].
Nonetheless, if periods of stationarity can be identified, we believe sequential assessment is

necessary for EWS usage and prevention of bias from historic transitions.
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