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Abstract 

 

COVID-19 Variant Surveillance Data as an Early Indicator of COVID-19 Case Surges  

By Alisha Kalangara 

 

Introduction: The COVID-19 pandemic is the first pandemic to occur in the modern genomic 

sequencing era. Genomic surveillance has been utilized during the COVID-19 pandemic to study the 

pandemic origins, aid in outbreak investigations, study potential immune escape, and to actively monitor 

the emergence and prevalence of new SARS-CoV-2 variants. Given the public health significance of 

SARS-CoV-2 variants, we investigate whether genomic surveillance data could help anticipate domestic 

surges in case incidence at the state level.  
Methods: The objective of this study was to assess whether modeling of Delta variant proportion data 

could act as an early indicator for reported COVID-19 case surges. Publicly available datasets were 

utilized to capture longitudinal data during the Delta variant’s circulation in the US (April 19 – October 

24 of 2021). Case incidence for each state was calculated using July 2021 US Census Bureau population 

estimates. Using generalized estimating equations with an autoregressive correlation matrix, the 

relationship between changes in Delta variant proportion and changes in case incidence was estimated 

using non-lagged, 2-week lagged, and 4-week lagged data, while adjusting for vaccination rates, infection 

induced seroprevalence, and case age distribution.  

Results: At the state level, the 2-week lagged model had the strongest association between the Delta 

variant proportion data and a surge in COVID-19 case incidence (OR: 14.30, 95% CI: 7.12 - 29.08). The 

model with four-week lag suggested a weaker association between change in Delta variant proportion and 

a COVID-19 surge would occur 3 or 4 weeks later (OR: 2.12, 95% CI: 0.88 - 5.10). The non-lagged 

model showed a strong positive association, demonstrating simultaneous rises of Delta variant 

proportions and overall COVID-19 case incidence (OR: 8.85, 95% CI: 4.18 - 18.77).  

Conclusion: Our results suggest that monitoring changes in COVID-19 variant proportion data can act as 

a leading indicator of COVID-19 case incidence surges. This genomic surveillance strategy is important 

for anticipating a surge, which allows for appropriate public health and healthcare capacity measures to be 

prepared to lessen or avoid the consequences of a surge. 
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Introduction 

The ongoing coronavirus disease 2019 (COVID-19) pandemic is suspected to have begun in late 

2019 in Wuhan, China.1  On January 30, 2020 WHO declared a Public Health Emergency of International 

Concern and human to human transmission was confirmed.1 On February 11 the novel coronavirus was 

named SARS-CoV-2 by the International Committee on Taxonomy of Viruses (ICTV) and WHO named 

the disease as COVID-19.1 With the first case of COVID-19 reported outside of China in Thailand in 

mid-January of 2020, and outbreaks being detected in South Korea, Japan, Italy, and Iran by mid-

February, WHO declared COVID-19 as a pandemic on March 11, 2020.1 

As of April 14, 2022, there have been over 500 million confirmed cases of COVID-19 

worldwide.2 The most common symptoms of SARS-CoV-2 infection are fever, congestion, and cough; 

but fatigue, diarrhea, chest tightness, confusion, vomiting, nausea, sore throat, sneezing, sputum 

production, anosmia and dyspepsia, rash, discoloration of fingers or toes, and viral conjunctivitis have 

also been reported.3,4 Though most cases are mild (80.9%), there are severe (13.8%) and critical (4.7%) 

cases, along with those that result in death (2.3%).5 Of note, asymptomatic cases play a significant role in 

transmission as it is estimated that > 50% of transmission occurs from asymptomatic people.6. It appears 

that increasing age (especially > 60 years of age), male sex,  or having an underlying condition is 

associated with greater risk of severe COVID-19 illness.3,5,7 Milder cases resolve in 1-2 weeks but more 

severe cases could progress toward pneumonia, acute respiratory distress syndrome, septic shock, cardiac 

dysfunction, an exaggerated inflammatory response, exacerbation of underlying comorbidities or hepatic, 

renal, central nervous system, or thrombotic disease.5,8 It has also been noted that 35% of patients treated 

for COVID-19 on outpatient basis, and around 87% of hospitalized patients experience residual 

symptoms greater than 3 weeks past the onset of symptoms in what is termed “long COVID”.9 

In the United States, the first COVID-19 case was identified on January 19 of 2020 in 

Washington in a patient who had traveled to Wuhan, China.10 By February, community transmission had 

been observed, and by mid-March SARS-CoV-2 infections were detected in all 50 states.10 The virus is 
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thought to spread both directly through human to human transmission (through droplets produced by 

coughing, sneezing, or talking), and indirectly (exposure to contaminated objects and airborne virus).4 

Consequently, the CDC recommended the use of facial coverings (masks), social distancing, isolation and 

quarantine, and stay-at-home orders to help mitigate the spread of the virus.11 Though there is evidence to 

suggest that use of masks and social distancing measures helped to reduce transmission and deaths in the 

United States, these measures were not universally adopted and widespread adherence is not 

sustainable.12, 13, 14  Among states, wide variations in case incidence, testing frequency, and mortality were 

observed possibly due to staggered introduction of the virus, population density, timing of community 

mitigation strategies, availability of and approaches to SARS-CoV-2 testing, the occurrence of mass 

gatherings and differences in prevalence of underlying conditions.15, 16 

 The United States has utilized SARS-CoV-2 genomic sequencing to monitor the changing 

landscape of variants that have emerged during the pandemic. As COVID-19 is arguably the first 

pandemic in the modern genomic era, genomic surveillance has burgeoned under the pandemic as a result 

of quicker and cheaper next generation sequencing capabilities.17 The sequence for SARS-CoV-2 was 

available relatively early in the pandemic, and since then, an unprecedented number of sequences have 

been uploaded to GISAID.17 These data have wide applications for medicine and public health, including 

studying the origins of the pandemic, aiding in outbreak investigations in a variety of settings, studying 

potential immune escape , and analyzing drivers of epidemiological trends as in this analysis.18 Genomic 

surveillance is especially important for active monitoring of viral evolution at the population-level, 

including the emergence, spread, and real time prevalence of new SARS-CoV-2 variants. In the United 

States, CDC has established a national surveillance system for SARS-CoV-2 variants using genomic 

sequencing and phylogenetic analysis. Initially, the system utilized only specimens submitted from public 

health laboratories to the National SARS-CoV-2 Strain Surveillance (NS3) program.19 These specimens 

are submitted to CDC for assessment, sequencing, and genomic analysis. Phylogenetic lineages are 

assigned and sequences are made available in public repositories.20 As of December 2020, however, the 

system also incorporates specimens from contracted commercial laboratories, which increases the 
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geographic coverage of surveillance.20 Both NS3 and commercial labs provide a weekly target number of 

specimens and sequences that are geographically representative.20 NS3 also supplies demographic data 

though demographic data from commercial labs are limited.20  CDC has also developed statistical 

weighting and variance estimation methods to generate population-based estimates of the proportions of 

SARS-CoV-2 variants circulating nationwide and in each of the 10 U.S. Department of Health and 

Human Services (HHS) geographic regions.20  In effect, this information can be used to monitor the 

emergence of new variants and their predominance.20   

 Genetic differences between SARS-CoV-2 variants have the potential to affect transmissability if 

they are associated with differences in disease severity, the ability to detect and treat infection or the 

duration and strength of immunity.20 During the first months of the pandemic, relatively few SARS-CoV-

2 variants had been identified. However, four variants of concern were detected in the fall of 2020.21 Among 

these was Delta which, as per the definition of a variant of concern, showed evidence of an increase in 

transmissibility, more severe disease, significant reduction in neutralization by antibodies generated during 

previous infection or vaccination, reduced effectiveness of treatments or vaccines, or diagnostic detection 

failures .22 Notably, spike mutations of the Delta variant allowed for an estimated 40–60% increase in 

transmissibility compared to the Alpha variant, which itself was twice as transmissible as the original strain 

from Wuhan.23 Additionally, according to a Canadian study utilizing a retrospective cohort of people who 

tested positive for SARS-CoV-2 in Ontario, the Delta variant was associated with an 108% increase in 

hospitalization risk, 235% increase in risk of ICU admission, and 133% higher risk of death than the original 

variant.24 In the United States, the Delta variant was first detected in March of 2021 and became especially 

prevalent in under-vaccinated populations where social distancing and mask usage were less common.23, 25 

Consequently, the Southeastern United States experienced a higher number of cases and hospitalizations 

due to the Delta variant, as compared to the rest of the United States.25  

 Given the public health significance of SARS-CoV-2 variants and the proven value of genomic 

surveillance for monitoring their prevalence, it is important to consider how to best utilize genomic 

surveillance information to manage the pandemic and anticipate surges in case incidence. This analysis 
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utilizes publicly available datasets to evaluate whether changes in SARS-CoV-2 variant proportions 

estimated from genomic surveillance data are associated with state-level case surges during a period when 

the Delta variant became predominant, while adjusting for age distributions among cases, population-

level seroprevalence from infection, and vaccination coverage rates.  

 

Methods 

Time Period 

The time period for analysis was April 19, 2021 to October 24, 2021. The time interval of interest 

for the analysis was 2-weeks, as the Delta variant proportions data were available in 2-week intervals. The 

start date was selected to correspond to when Delta variant roughly began circulating in the United States. 

The end date was selected to include the peak of the Delta surge while also predating the subsequent rise 

in the Omicron variant. 

Exposure variable 

The primary exposure of interest was a significant increase in the Delta variant proportion from 

the previous time interval. Delta variant proportion refers to the estimated proportion of genomic 

sequences in a state that is attributable to the Delta variant. After testing various cut off points, “a 

significant increase” was defined as the first increase in Delta variant proportion by 30 percentage points 

or more compared to the previous interval. The Delta variant proportion data for each 2-week interval for 

each state were taken from state specific genomic surveillance data displayed on the Regeneron 

dashboard, which utilizes publicly available SARS-CoV-2 sequence data from the Global Initiative on 

Sharing All Influenza Data (GISAID) repository.26, 27 These data were available by 2-week interval and so 

the difference between consecutive 2-week intervals was taken to be the change in Delta variant 

proportion. So as to focus on earliest detection, the first time interval when the change was greater than or 

equal to 30% was used, rather than all weeks that had greater than or equal to 30%. 

Outcome variable 
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The outcome of interest is the occurrence of a COVID-19 surge in case incidence. This was 

defined as the 2-week period when cases in a state began to rise in the period between mid-May and early 

June. Analytically this was measured by when the percent change in 2-week incidence of COVID-19 

cases in a state first switched from negative to positive. COVID-19 is nationally notifiable and state- level 

case surveillance data from  CDC were utilized to derive this metric.28, 29 These data were publicly 

available in line list format starting in January of 2021 and are updated twice a day. Data were subset to 

the time period of interest, and only new confirmed cases were retained. Of note, cases from New York 

City were reported separately from the rest of New York State, but combined for this analysis. Probable 

cases were excluded. 

The cumulative incidence for each two-week time interval was calculated by summing the 

number of new cases reported in each interval by each state and then dividing by each state’s population. 

State population estimates were taken from the U.S. Census’s Population Estimates Program, which 

provided state-specific population estimates for July 2021 based on the 2020 U.S. Census.30 These state 

population estimates are estimated by taking the base population estimate, adding births, subtracting 

deaths, and adding net migration.31 Of note, for July of 2021 estimates, the base population was the 2020 

decennial Census supplemented with the 2020 Census PL 94-171 Redistricting File, and 2020 

Demographic Analysis (DA) estimates.31 These supplements were added in part due to COVID-19 

disruption of the 2020 Census.31  Births and deaths data came from vital statistics from the National 

Center for Health Statistics (NCHS) net migration calculations utilize data sources such as Internal 

Revenue Service (IRS) tax return data, Medicare enrollment data, Social Security Administration’s (SSA) 

Numerical Identification Files, Demographic Characteristics File (DCF), and American Community 

Survey (ACS) among other sources.31 We assumed that state populations did not vary significantly 

throughout the time period of interest. The percentage change in incidence was calculated by comparing 

the incidence between consecutive two-week intervals; percentage change in incidence was evaluated to 

identify the first week when this change switched from negative (indicating declining case incidence) to 
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positive (indicating increasing case incidence). Of note, this evaluation could not be performed for initial 

two-week intervals, so these baseline periods were excluded from the analysis.  

Confounders 

In examining an exposure-outcome relationship, it was hypothesized that several additional 

factors could influence the primary relationship (Figure 1). 

 

 

Figure 1. Directed Acyclic Graph Diagram for Analysis. Exposure of interest is shown 

in blue and the outcome in red. 

Population vaccination coverage could be a confounding variable, as a decrease in cases could be 

related to increased population-level immunity because of high vaccination rates, and vaccine-induced 

immunity may protect differentially against different SARS-CoV-2 variants. To adjust for this,  we used 

publicly available data from CDC on vaccination rates by state.32 The dataset draws from jurisdictional 

partner clinics, retail pharmacies, long-term care facilities, dialysis centers, Federal Emergency 

Management Agency and Health Resources and Services Administration partner sites, and federal entity 

facilities; these data are used to obtain the daily state percentage of fully vaccinated (i.e., one dose for a 

one-dose vaccine or two doses of a two-dose series) individuals among those eligible from December 13, 
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2020. For this analysis, the average percentage was taken across the days in each 2-week interval for 

each state.  

 SARS-CoV-2 seroprevalence data were also included as a potential confounder, which reflect 

population-level immunity acquired from previous infection. In this case, if a state’s population has a 

relatively higher estimated seroprevalence, there may be a decrease in cases regardless of variant 

proportion, as infection-induced immunity from previous variants might influence the probability of 

infection with new variants. Publicly available, nationwide seroprevalence data were used.33 These data 

originated from 17 blood donation locations that represent the 50 states and have a catchment area of 

74% of the U.S. population.34 Blood samples from these locations were screened for the SARS-CoV-2 

nucleocapsid protein, which is indicative of a past infection (i.e., not COVID-19 vaccination). As blood 

donation is only allowed for those 16 and older, the estimates in the dataset represent the percentage of 

the population 16 and older presumed to have had a previous SARS-CoV-2 infection. These data are 

updated monthly, and though most states had a single value for infection-induced seroprevalence for a 

given period, data were given at the regional level; 9 of the 51 states were subdivided across several 

regions. For these subdivided states, the maximum among regional estimates was used. Additionally, 

because data were collected monthly, it was assumed that for 2-week intervals that comprise a month, 

seroprevalence measures were similar enough to use a single monthly estimate across both time 

intervals.  

 The case age distribution in each state was also considered a confounder. Upticks in cases may be 

caused by a shifting age distribution of infections, rather than due to increased transmission of a novel 

variant. To account for this, the proportions of confirmed cases in a given month among 0 – 17 year olds, 

18 – 49 year olds,  50 – 64 year olds, and 65 + year olds  were included based on CDC’s publicly 

available data at the county level, which are updated monthly.35 This county level line listing was 

aggregated to the state level as case counts for each age group during each of the 2-week time intervals. 

Like the seroprevalence data, it was assumed that for the 2-week intervals that comprise a month, case 

age proportions calculated were similar enough to use a single monthly estimate across both time 
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intervals. Additionally, some states did not have information for all months in the period of interest. For 

these state and month combinations, the distribution of the closest month was used assuming that across 

the time period, cases’ age proportions are similar to one another. 

Modelling Strategy 

To model the relationship between a significant increase in Delta variant proportions and whether 

or not there was a COVID-19 surge, generalized estimating equations (GEE) with an autoregressive 

correlation matrix was used. GEE was used because data are longitudinal and each unit of analysis 

(states) has repeated measures (2-week time intervals that span selected time period) that are not 

expected to be independent of on another, but rather related to one another. The correlation matrix 

defines how the intervals are expected to be related to one another in a state. The autoregressive 

correlation matrix used assumes that within each state or district, intervals that are closer together in time 

are more related to one another than intervals that are further apart in time. 

Additionally, in assessing whether significant increases in Delta variant proportions can serve as 

an early surveillance indicator of rises in case incidence, the influence of a lag was also tested. A non 

lagged model evalates the relationship between significant Delta variant proportion in a given 2-week 

interval and whether or not there is a COVID-19 surge in that same interval. A 2-week lagged model and 

4-week lagged model were also used to evualte the relationship between the exposure in a given 2-week 

period and the outcome in the upcoming two weeks and three to four weeks afterwards respectively. 

 

Results 

COVID-19 case incidence 

Increases in COVID-19 incidence begin around mid June of 2021. (Figure 2) Afterwards, states 

generally experienced an increase in case incidence before peaking, and experiencing a decline in case 

incidence. States’ case incidences appear to peak at different times with some states peaking as early as 
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August 2021, and others as late as early October 2021.

 

Figure 2. COVID-19 Case Incidence per 100k. Each line represents case incidence in a U.S. state, using 

U.S. Census state population estimates for July 2021. The legend has been omitted to display the general 

trend over time. 

Prevalence of SARS-CoV-2 Delta variant 

In examining the SARS-CoV-2 Delta variant proportions over time, a similar trend emerges. In 

general, Delta variant prevalence was low during late April and early May 2021 for most states (Figure 

3). Afterwards, states experienced an increase in Delta variant proportion until approximately 100% of 

cases were attributable to Delta variant, which occurred for most states in late June 2021. Afterwards, 

Delta variant proportions appear to remain close to 100% for the remainder of the selected time interval, 

until mid-October of 2021. 
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Figure 3. Percent of Cases Attributable to SARS-CoV-2 Delta Variant Among U.S. States Through 

Time.  Each line represents the SARS-CoV-2 Delta variant proportion in a US state. The legend has been 

omitted to display the general trend over time. 

 When examining the change in both proportion of cases caused by the Delta variant and COVID-

19 case incidence over time, it is evident that there are separate rises and falls for both changes in Delta 

variant proportion and 2-week case incidence. Looking at the combination of these patterns, it is observed 

that the rise in Delta variant proportion precedes the peak in percent change of incidence (Figure 4). This 

appears to support the hypothesis that Delta variant proportion can be used as a leading indicator for case 

incidence. 
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Figure 4. 2-week Change in Delta Variant Proportion and Percent Change in Incidence Across 

Time in Select U.S. States 

Generalized Estimating Equation Models 
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The results of the generalized estimating equations are given in Table 1. In a model with no lag, 

during a 2-week period in states when there was an initial 30% or greater increase in Delta variant 

proportion, the odds of experiencing a surge in COVID-19 cases at that time was 8.85 (95% CI: 4.18 – 

18.77) times more likely compared to during a 2-week period in states when there was not an initial  

increase in Delta variant proportion, when adjusting for vaccination rate, case age distribution, and 

infection-induced seroprevalence.  

This association is stronger when incorporating a 2-week lag (OR:14.30, 95% CI: 7.12 – 29.08). 

In this case, during a 2-week period in states when there was an initial 30% or higher increase in Delta 

variant proportion, the odds of experiencing a surge in COVID-19 cases in the upcoming two weeks is 

14.30 times more likely compared to a 2-week period in states when there was not an increase in Delta 

variant proportion, when adjusting for vaccination rate, case age distribution, and infection-induced 

seroprevalence.  

When introducing 4-week lag, this relation is weaker. The odds of experiencing a surge in 

COVID-19 cases in the third and fourth weeks were 2.12 (95% CI: 0.88 -–5.10) times as likely for a 2-

week period in states when there was an initial 30% or greater increase in Delta variant proportion, 

compared to those that did not, when adjusting for vaccination rate, case age distribution, and infection-

induced seroprevalence. This was not found to be statistically significant (alpha level = 0.05), however. 

  

Table 1. Lagged and Nonlagged Model Results 

Exposure Indicator Lag Type OR 95% CI P value 

First Delta Change >= 30 Percentage Points No Lag 8.85 (4.18, 18.77) <0.001 

 2 Week Lag 14.30 (7.12, 29.08) <0.001 

 4 Week Lag 2.12 (0.88, 5.10) 0.095 

 

Discussion 

Model Results 
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By utilizing publicly available data on over a period of high Delta variant circulation in 2021 

(April 19 – October 24), we assessed the relationship between a significant change in Delta variant 

proportion and surges in COVID-19 case rates while adjusting for vaccination rates, infection induced 

seroprevalence, and case age distribution. Overall, Delta variant proportion and case incidences were 

strongly related. The model with a 2-week lag showed the strongest association between rising Delta 

variant proportion and overall case incidence, suggesting that the change in Delta variant proportion data 

can be used to determine whether a COVID-19 surge is expected in the upcoming two weeks (OR: 14.30 , 

95% CI: 7.12 – 29.08). The model with a 4-week lag suggested a relatively weaker relationship between 

change in Delta variant proportion and if a COVID-19 surge would occur 3 or 4 weeks later (OR: 2.12 , 

95% CI: 0.88 – 5.10). We also found a strong positive association in the no-lag model, demonstrating 

simultaneous rises of Delta variant proportions and overall COVID-19 case incidence (OR: 8.85 , 95% 

CI: 4.18 – 18.77).  

Limitations 

 This analysis has several limitations. Case surveillance data provided by CDC are based on 

reports by U.S. states and autonomous reporting entities, including New York City and the District of 

Columbia, as well as U.S. territories and affiliates. Case reporting completeness may be affected as 

COVID-19 usually results in mild illness which may be difficult to detect on time or altogether 

Additionally, symptoms might not appear immediately resulting in delays in testing or reporting, which 

may influence when cases are attributed to each time interval. This was demonstrated early in the 

pandemic through a serosurvey conducted in two Georgia counties. Though an estimated one half of 

seropositive persons recalled having had COVID-19 symptoms, only one third of seropositive persons 

sought medical care, and fewer had a test for SARS-CoV-2 infection.36 A more recent 2021 estimate 

suggests that 60% of all cases have been unreported in the United States as a whole.37 However, we 

expect that incomplete surveillance data and any reporting lags would not be differential by the exposure 

or outcome, and therefore would not influence our estimates of epidemiologic association. 
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 Similarly, the data used for infection-induced seroprevalence represents selection bias as these 

data are based on blood donors who are representative of 74% of the United States geographically, and 

include only those 16 years and up. If the blood donors for a particular region are not reflective of the 

region’s age make up, the seroprevalence rates may be an under or overestimate. It is unclear how this 

would influence our estimates of epidemiologic association. 

Lastly, Delta variant proportion data are based on sequences available in GISAID. Early in the 

study period, states had relatively less robust systems for sequencing and depositing sequence data 

meaning that the precision around the variant proportion estimates might have varied through time. 

Additionally, genome sequencing capabilities continue to vary by state, as some states sequence far more 

specimens compared to other states. In this case, states with greater capacity may be drawing from 

sequences that are more representative of variant circulation. 

Aside from dataset limitations, this model does not address variant specific infection risk or 

behavior and contact patterns, which could also play a role in the relationship between changes in variant 

proportion and surges in case rates (Figure 1). Surges in cases may be related to masking and social 

distancing policies in effect, and adherence to these policies. For variant-specific infection risk, this 

could mean that some variants are more transmissible than others. Increased transmissibility would result 

in higher case incidence and also enable higher variant proportions. This metric, however, is hard to 

determine. 

Context and Public Health Importance 

 Despite these limitations, the analysis conducted is useful in the context of acting as an early 

surveillance indicator. Other proposed systems for COVID-19 surge detection that have emerged through 

the course of the pandemic include wastewater surveillance and using PCR cycle threshold (CT) as a 

metric for viral load and proxy for transmissability.38, 39 Wastewater surveillance is used as a community 

level surveillance strategy that relies viral shedding in feces from those infected by COVID-19.38, 40 

Through monitoring sewage for variants through genomic methods, outbreaks of COVID-19 can be 

anticipated.36, 38 While this approach is promising, drawbacks are that many U.S. areas do not have 
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established wastewater surveillance capacity and globally there is inadequate sewage infrastructure in 

developing countries that may seek to use this approach.40 In contrast, the conducted analysis makes use 

of diagnostic testing an genomic surveillance data that are likely already being collected in most 

countries.  

The PCR cycle threshold (CT) value approach also evades an infrastructure issue. This approach 

suggests that a higher proportion of COVID-19 positive samples with low CT values corresponding to 

high viral load, is indicative of an upcoming surge.37 This approach can be easy to implement using 

diagnostic testing results, but a drawback of this method is that it depends heavily on PCR test conditions 

and kits used.37 As a result, it may not be reliably used across different locations and testing platforms. 

The conducted analysis does not have this limitation, as variants only need to be identified via molecular 

methods. 

Rather than focusing on detection, forecasting is an alternate method for determining surges in 

COVID-19. A number of mathematical models have emerged to predict future case rates, hospitalizations, 

and deaths.41 One such endeavor is the COVID-19 Forecast Hub consisting of many international research 

groups that each submit a weekly model to be included in an ensemble modelling approach.42 The 

ensemble model works well, but is limited in that models are based on the natural history parameters of 

the Alpha variant, including its transmissibility.42 As a result, the predictions may not be as accurate for 

other variants, such as Delta, which have different transmissibility characteristics. Additionally, more 

reported cases than expected fell outside the forecast prediction intervals for extended periods of time 

indicating low reliability.43 Using a statistical approach as done in this analysis, could complement the 

forecasting models and strengthen reliability.  

Ultimately, the strategies presented can be used independently or in tandem as an early 

surveillance indicator to notify of a potential COVID-19 surge. By anticipating surges, appropriate public 

health measures, such as increased used of nonpharmaceutical interventions (masking, social distancing) 

or hospital capacity preparations, can be implemented to lessen or avert the consequences of a surge. 
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Given that this analysis was conducted with publicly available surveillance data, it is especially important 

to upkeep COVID-19 surveillance in order to be able to detect and anticipate surges.   
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