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Abstract

PCR-based measurement of RNA targets in wastewater epidemiology is subject to 
substantial variation, resulting in considerable uncertainty in disease prevalence 
estimates. Often, control RNA targets, which are either naturally present or 
introduced into wastewater samples, are used to normalize the estimated RNA 
concentration for the primary target. We consider methods for normalization that 
do not rely on the availability of disease prevalence from public health sources. 
We demonstrate why direct normalization is unlikely to be effective and may 
make variation worse. We propose a Kalman filter method for normalization and 
find that, given the quality of available controls, it offers only limited benefit. We 
discuss other methods of reducing variation.
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1 Introduction

In wastewater-based epidemiology (WBE), the concentration of a target substance is measured at a 

wastewater treatment plant (WWTP) to learn about disease prevalence or lifestyle habits in the population 

in the catchment area of the WWTP. For example, the concentration of SARS-CoV2 RNA might be used 

to predict the prevalence of Covid-19 in the catchment area. A systematic review of the large literature 

on wastewater surveillance using SARS-CoV2 RNA may be found in (Deák, Lupu and Prangate, 2026). 

RNA targets associated with influenza, norovirus and many other diseases are now measured around 

the world.

We need a precise estimate of the concentration of the RNA in a sample because this is assumed 

proportional to the number of infected individuals in a WWTP catchment area. Unfortunately, this 
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estimate is subject to three substantive sources of variation. The first source is human-related – the rate at 

which RNA is excreted over the course of the infection, movement of people in and out of the catchment 

area etc. – we do not address this here. The second source concerns what happens to the RNA in the sewer 

between the human and the influent point at the WWTP where the sample is drawn and transported to the 

laboratory. The third source of variation concerns the preparation, extraction and the PCR measurement 

that occurs in the laboratory. The methods we discuss here relate mostly to laboratory variation and partly 

to the sewer variation.

The exponential amplification through the cycles of a PCR measurement unavoidably leads to 

substantial variation in the estimated concentration of RNA in a sample. A common method for reducing 

this variation and other sources of variation in the process involves the measurement of a control target 

which is subject to similar perturbations during the process. There are two kinds of control. One relates 

to a substance which we assume is excreted at a constant rate by all individuals in the catchment area. 

Commonly used examples include pepper mild mottle virus (PMMoV) and CrAssphage. These controls 

will address variation due to the sewer as well as the laboratory. Another type of control is a known 

fixed quantity of RNA which is added into the sample after collection. Examples of this include porcine 

reproductive and respiratory syndrome virus and bovine coronavirus (BCoV). Any observed variation in 

the measurement of these controls can be attributed to at least some parts of the laboratory measurement 

process. Since we might reasonably assume that the control is subject to many of the same perturbations 

that apply to the target and will be correlated, we can attempt to use this information using normalization 

to reduce variation in the target. This type of adjustment is commonplace in applications beyond WBE 

but there are considerations particular to this situation. A systematic review of normalization methods 

used in WBE is found in (Ahmed et al., 2026).

Another type of normalization uses information about the sample, such as the ammonia content of 

the wastewater, that is not directly related to the PCR measurement. This normalization is aimed more 

at reducing bias than variation. In contrast, the controls are assumed to be approximately constant so 

normalization using these is focused on variance reduction. Our focus here is variance reduction using 

controls.

We start with an examination of the most common way of using the control information to adjust 

the estimate of the target and explain why this method is unlikely to work in the circumstances that are 

likely to apply. The fundamental objection is that the measurement of the control, which uses the same 

technology as the measurement of the target, is too variable.

We present a superior method of making the adjustment using the Kalman filter. The methodology is 

demonstrated on some WBE data from California. We also simulate data with properties like the observed 

data but with some changed features. These simulations illustrate different scenarios where this method 

of adjustment is more or less likely to be effective.

Many researchers have used control adjustment where prevalence information about the disease for 

the targeted pathogen is available. In these situations, one can propose a model of the general form:

Prevalence = f(target RNA, control RNA, other variables)

There is a wide selection of statistical and machine learning models for estimating the function f() 

that would take advantage of the additional information supplied by the control and other variables. Most 

examples of this approach have prevalence of COVID19 as the response where this is measured using 

public health monitoring independent of WBE. For recent examples, see (Darling et al., 2025; Lamm et al., 

2025; Verani et al., 2025). This modelling approach usually indicates some predictive value associated with 

some control variates. Virtually all published research shows some success in predicting the prevalence 

using the target RNA. While this is encouraging for the utility of WBE, there are some drawbacks.

Many published articles start with the claim that WBE has advantages over standard public health 

indicators. These articles then proceed to use prevalence data obtained from public health sources to 

develop their models. For WBE to be truly useful, it must function without requiring public health data. 

One might argue that models calibrated using prevalence data can subsequently be used to predict preva

lence in new situations. Successful extrapolation to different times, locations and targets is uncertain. 

Published models are often internally validated on their own data but robust external validation in truly 

new scenarios is problematic. Another difficulty with many published models is that they have been built 
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retrospectively once all the data has been collected. For WBE to be useful as an early warning system, it 

needs to work in real time.

For these reasons, we focus our attention on methods to normalize the target RNA measure using 

a control without any public health data. Our aim is to produce an improved RNA-based indicator of 

disease using auxiliary information but not using the prevalence.

2 Data

We demonstrate our methods on data used by (Schenk et al., 2024) and presented in (Boehm et al., 2025) 

where details of the data collection may be found. We focus on a single site, Sunnyvale, California and only 

three targets: the primary, SARS-CoV2 RNA and two controls, Pepper Mild Mottle Virus (PMMoV) RNA 

and Bovine Coronavirus (BCoV). The data was collected daily between 1st January 2022 and 30th June 

2024, a period of 911 days. The data is high quality, collected daily (excepting 14 missing days), consists of 

long time series and is publicly available making it a good representative example of current WBE data. 

Sunnyvale is an ordinary mid-sized city. In the supplementary materials, we compute statistics on the 

other 190 sites in the data indicating that Sunnyvale is not exceptional. The laboratory method here used 

wastewater solids whereas other methods use liquid influent. The effectiveness of normalization depends 

on the joint distribution of the targets. Our main purpose is not to make any specific claims about this 

chosen dataset, but to address the general problem.

Two of the targets are shown in Figure 1. Details of the construction of these plots and subsequent 

analysis are provided in the supplementary material. We see a clear signal in the SARS-CoV2 although the 

daily measurement varies considerably around this trend. The RNA counts for PMMoV are about 7,000 

times higher than SARS-CoV2. In contrast, the standard deviation of the residuals around the trend for 

PMMoV is 27% smaller than that seen in SARS-CoV2. PMMoV has a much stronger concentration but can 

be measured with only modestly greater relative precision. We also see a downward trend in the PMMoV 

concentration. The trend may be due to external causes such as lower pepper consumption or temporal 

changes in the sewerage or the measurement process. This has consequences for the normalization but 

identifying the cause is difficult. This is explored in (Rosengart et al., 2025). However, this problem is not 

the focus of this article.
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Figure 1  Daily measured SARS-CoV2 and PMMoV RNA in gene copies per gram dry weight on a log scale for 897 
days in Sunnyvale, California. Solid line indicates a spline smoothed fit.

https://doi.org/10.68365/jrepstat.2026.1 · CC-BY 4.0 · © 2026 The Author(s) 3



Faraway JRepStat 1 (2026), Art. 1

3 Direct Normalization

Suppose we measure a target  𝑇𝑡  and a control variable  𝐶𝑡 where t is the time index. We assume 

that  the expected value of the control, 𝔼𝐶𝑡  is constant in  𝑡 and that there are common factors which 

cause 𝑇𝑡 and 𝐶𝑡 to positively covary. The mechanisms for this vary according to the type of control variate.

Direct normalization computes:

𝑇𝐴
𝑡 = 𝑐

𝑇𝑡
𝐶𝑡

(1)

where 𝑐 could be set to maintain the mean level of 𝑇 by using 𝑐 = 𝐶 or similar. This method is widely 

used in the WBE and other applications. Recent examples include (Sweetapple et al., 2023; Pellett et al., 

2024; Schenk et al., 2024). Sometimes more than one control variate is considered.

If 𝑇  and 𝐶  are normally distributed, 𝑇𝐴  will have a normal ratio distribution. In the worst case, 

when 𝑇 and 𝐶 are mean centered, 𝑇𝐴 would have a Cauchy distribution. This distribution has notoriously 

heavy tails and not even its expectation is defined. This would be a terrible choice for an indicator 

monitoring the prevalence of a disease. One can avoid this pitfall by not mean centering and ensuring 

that 𝐶𝑡 is bounded well away from zero i.e. in practice we must have a strong control that is persistently 

present at high concentrations. This is true for our Sunnyvale example where no such problems arise. 

The normal ratio distribution is known for having long tails so outliers may be generated and care must 

be taken. The properties of this distribution are discussed in (Marsaglia, 2006) who provides formulae to 

compute the variance of the ratio under different scenarios.

It is more convenient to consider the measurements on a log scale. Furthermore, since the errors 

are multiplicative, given the nature of PCR, a log scale is even preferable. One can compare unadjusted 

variance on a log scale, 𝑣𝑎𝑟(log(𝑇)) with the comparable adjusted variance using the standard formula 

for the difference of two random variables:

log 𝑇𝐴 = log 𝑇 − log𝐶 + log 𝑐 (2)

𝑣𝑎𝑟(𝑙𝑜𝑔𝑇𝐴) = 𝑣𝑎𝑟(log 𝑇) + 𝑣𝑎𝑟(𝑙𝑜𝑔 𝐶) − 2𝜌√𝑣𝑎𝑟(𝑙𝑜𝑔𝑇).𝑣𝑎𝑟(𝑙𝑜𝑔𝐶) (3)

The correlation between 𝑙𝑜𝑔𝑇 and 𝑙𝑜𝑔𝐶 is given by 𝜌. The c is a constant so does not affect the 

variance. We see that for variation in the normalized target to be smaller than that in the variation in 

unnormalized target, the control variation 𝑣𝑎𝑟(𝑙𝑜𝑔 𝐶) needs to be small and the correlation needs to be 

large. The problem is that, in WBE applications, T and C are both measured using PCR so the variation in 

measurement will tend to be similar while the correlation tends to be moderate at best. The adjustment 

can easily make the variance higher. Some evidence of this is reported in (Darling et al., 2025).

Let’s consider the Sunnyvale data. To estimate 𝑣𝑎𝑟(log 𝑇) and 𝑣𝑎𝑟(𝑙𝑜𝑔 𝐶), we need to make some 

assumptions. In Figure 1, we don’t expect the true value of the SARS-CoV2 measure to vary substantially 

from one day to the next because

• SARS-CoV2 in the wastewater derives from individuals whose COVID infection lasts several days. 

These individuals contribute a rising then falling amount of SARS-CoV2 RNA over these days.

• The number of people infected with COVID will not change extremely rapidly from one day to the next 

(either up or down)

• We are observing a convolution of multiple SARS-CoV2 sources in the wastewater

The reasons that the RNA measures vary so much from one day to the next is due to variability in the 

measurement system, particularly in PCR, and external factors such as rainfall and water quality. For 

these reasons, it is reasonable to assume that the RNA counts are smoothly varying over time and that 

the smooths presented in Figure 1 are plausible estimates of the underlying RNA counts.

We can compute the residuals from the fits in Figure 1 and use these to compute the correlations and 

standard deviations shown in Table 1.

https://doi.org/10.68365/jrepstat.2026.1 · CC-BY 4.0 · © 2026 The Author(s) 4



Faraway JRepStat 1 (2026), Art. 1

Table 1 Correlations and Standard Deviation of the measurement errors of SARS-CoV2 (SC2), PMMoV and 
BCoV. Final row shows 95% confidence intervals.

Correlation

SC2 with

PMMoV

Correlation

SC2 with

BCoV

SD

SC2

SD

PMMoV

SD

BCoV

Normalized

SD SC2 by

PMMoV

Normalized

SD SC2 by

BCoV

0.23 −0.08 0.56 0.41 0.43 0.61 0.73

(0.17,0.29) (−0.14,-0.01) (0.51,0.61) (0.36,0.46) (0.40,0.46)

We see that the correlation between the SARS-CoV2 and PMMoV RNA measurements is only modestly 

positive while that between SARS-CoV2 and BCoV is slightly negative. This is not helpful for normal

ization. The standard deviation for the SARS-CoV2 measurement is large. Since the measurement is on 

a log scale so exp(0.56) = 1.75, we have about 75% relative variation. We need to reduce this variation 

for this indicator of disease prevalence to be more useful. The standard deviations of PMMoV and BCoV 

are smaller reflecting their much greater concentration in the sample. We compute the normalized 

standard deviations using the equation above. We find that normalization makes the variation larger and 

not smaller as we might have hoped. In this example, the correlation between SARS-CoV2 and PMMoV 

would need to be at least 0.37 for the normalization to be beneficial.

One may object that these calculations depend on the particular smoother we have applied to the time 

series of data as seen in Figure 1. An alternative argument uses the mean absolute successive differences 

(MASD) on the log scale as a measure of smoothness.

𝑑𝑖 = |𝑙𝑜𝑔(𝑇𝑖) − 𝑙𝑜𝑔(𝑇𝑖−1)| 𝑎𝑛𝑑 𝑀𝐴𝑆𝐷 =∑
𝑛

𝑖=2
𝑑𝑖/(𝑛 − 1) (4)

For the unnormalized SARS-CoV2 series, we compute MASD=0.55. This is similar to the previous 

estimated SD of 0.56 although the estimators are not exactly equivalent. We also compute MASD for the 

normalized series finding values of 0.59 and 0.72 for PMMoV and BCoV respectively. We see again that 

normalization has made the variation larger.

Normalization is also intended to achieve bias reduction. A control spiked into the sample after collec

tion may not achieve this. In this example, the BCoV measure has very little correlation with the SARS-

CoV2 target. Since a constant amount of the control is added to the sample, there is little opportunity for 

bias reduction. This is a vindication of well-controlled laboratory procedures, but no normalization (of 

the kind described here) should be used.

There is more potential for bias reduction for a control that passes through the sewer as well as the 

laboratory. Given the substantial day-to-day variation in PMMoV control, the pointwise direct normal

ization we discuss in this section will not be the best approach. We should use some local smoothing 

as we will discuss later. There is also the difficulty in ascertaining the cause of longer-term variation in 

PMMoV.

The laboratory procedures used to collect the data discussed in this study resulted in relatively low 

correlation between the PMMoV control and the target. It is possible that other procedures would exhibit 

higher correlation and so more effective normalization. We shall see how much higher correlation is 

necessary.

How can we do better? The low correlation and high variance of the PCR-measured control appear 

inherent to the measurement technology. It seems unlikely we would find something better than BCoV 

for this purpose. We might consider other properties of the sampled wastewater that are not measured 

using PCR for use as a control. For example, ammonia content has often been used for this purpose. This 

can be measured more accurately but the correlation with the target RNA will be lower because a different 

measurement process is being used. The prospects for improvement are not strong.

Bias reduction is also a worthwhile objective for a water quality measure such as ammonia. PMMoV 

and particularly BCoV are intended as constant controls so are not intended for bias reduction.

We might also consider a different method of normalization. The normalization adjustment takes the 

form (on the log scale):
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𝑙𝑜𝑔 𝑇𝐴 = 𝑙𝑜𝑔𝑇 − 𝛾𝑙𝑜𝑔𝐶 + log 𝑐 (5)

For the direct normalization, 𝛾 takes the value of one. For a weakly correlated control, this adjustment is 

too large, and we need a smaller value of 𝛾. We formalize this idea in the next section.

4 Kalman Filter

We observe data over time. We have an imperfect current measurement of the target to be combined with 

auxiliary information from controls and past measurements. We need a normalization that would work 

in real time as we collect the data without needing to wait until data collection is complete. The Kalman 

filter is well suited for this task. For background on the method from a statistical perspective, see (Durbin 

and Koopman, 2012).

We have an observation equation:

𝑦𝑡 = 𝑍𝛼𝑡 + 𝜖𝑡 (6)

𝑦𝑡  is a 𝑝-dimensional vector of observations at time  𝑡, 𝑍  is a fixed system matrix (we use an identity 

matrix in our case), 𝛼𝑡 is the 𝑚-dimensional vector of the underlying states at time 𝑡 (we set 𝑚 = 𝑝 in 

our examples), the measurement errors, 𝜖𝑡 are multivariate normal, 𝑁(0,𝐻). We use a bivariate (p=2) 

with 𝑦𝑡 consisting of the logged SARS-CoV2 RNA and one of the two control RNA measures (also log 

scale). The covariance of the measurement errors, 𝐻, is composed of the SDs and correlations we have 

considered previously but will be estimated in the Kalman filtering.

The states 𝛼𝑡represent the true unknown values of the RNA measures and are connected by a state 

equation:

𝛼𝑡+1 = 𝑇𝛼𝑡 + 𝑅𝜂𝑡 (7)

𝑇 is a system matrix (set to the identity in our example), 𝑅 is another system matrix (also the identity 

in our example), the state disturbances are 𝜂𝑡 are multivariate normal, 𝑁(0, 𝑄) where the covariance 𝑄 

controls how the state varies from one day to the next.

We need to specify a prior guess for the initial state with: 𝛼1 ∼ 𝑁(𝑎1, 𝑃1). We usually have prior WBE 

experience in these applications allowing us to specify a reasonably strong prior but the Kalman filter 

updating will eventually make this choice unimportant in the long run. We have intentionally chosen a 

simple formulation to focus on the normalization.

We implement this using the  KFAS  R package of (Helske, 2017). There are other Kalman filter 

packages written in R, Python and other languages. The algorithm is not complex and could be coded 

directly according to local requirements.

We fit three models to the data:

1. Univariate response of logged SARS-CoV2 RNA. This serves as the baseline unnormalized perfor

mance. The Kalman filter combines the current observation with information about the previous 

observation and the estimated variation to produce a filtered estimate of the state.

2. Bivariate response of the SARS-CoV2 RNA and PMMoV RNA, both on the log-scale. Information about 

the control is used to improve the estimate of the target state.

3. Bivariate response of the SARS-CoV2 RNA and BCoV RNA, both on the log-scale. The use of the 

laboratory control is assessed.

In all three models, normal diagnostics were checked and can be seen in the supplementary materials. 

The 14 missing values were dropped and the resulting series had length 897.

The estimates are shown in Table 2. The first three numerical columns refer to the state covariance 

𝑄 and the second set of three columns refer to the observation covariance 𝐻. The method produces a 

filtered estimate of the state at each time, 𝛼𝑡̂, as seen in Figure 2. We show the final, 𝑆𝐷(𝛼̂𝑛)in the last 

column of the table.

We see that the filtered fit, shown in Figure 2, is smoother than the data but not as smooth as the fit in 

Figure 1. Since we believe the state series to be smooth, we could achieve a smoother fit using additional 

autoregressive terms in the state model for the Kalman filter. We would recommend this in practice, but 

we have not done it here because we are focussed on the effects of normalization by a control.
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Figure 2  Kalman filtered fit to SARS-CoV2 RNA time series normalized with PMMoV RNA. Data is grey and fit 
is black.

Table 2 Estimates from 3 models, using SARS-CoV2 RNA alone or additionally using one control, PMMoV or 
BCoV.

Model State SD 
target

State SD

control

State

Correlation

Obs. SD

target

Obs. SD 
control

Obs

Correlation

Filter

SE of

state

SC2 0.136 0.522 0.249

SC2+PMMoV 0.133 0.025 0.088 0.523 0.410 0.231 0.246

SC2+BCoV 0.135 0.027 0.312 0.522 0.434 0.000 0.249

From Table 2, we see that the state SD of the target suggests a relative variation from day-to-day of 

about 14% across all three models. We believe this is higher than the truth and can be reduced by using 

autoregressive terms. We expect the true level of PMMoV to vary due to sewer effects but the state of 

BCoV should be constant. We shall show shortly why the estimated state correlation for BCoV should 

not be interpreted strongly. The observation error SD for the target is similar for the three models and 

similar to the ad hoc estimate obtained in the previous section. There is a mild correlation between the 

measurement errors for PMMoV model but practically zero correlation for the BCoV model. We claim 

that this contrast indicates sewer effects for PMMoV while BCoV reflects only laboratory effects.

The SE of the final filtered state estimate from Table 2 shows only small differences. Using the direct 

normalization method of the previous section made the variance larger. We have avoided this fate, but we 

did not achieve much improvement. The adjustment in the filtered estimate due to normalization is about 

1%. It is generally an adjustment in the same direction of the direct adjustment of the previous section, but 

significantly smaller in size. Simulation evidence from the next section suggests we cannot be confident 

of even this small improvement. The Kalman updating step takes a form analogous to Equation (5) but 

the size of the step is reduced. Despite the possibility of some bias reduction, the results are disappointing 

as normalization using the controls has yielded no clear benefit. Under what circumstances might they 

be more effective?

5 Simulation

We use simulation to explore the generality of the conclusions from the previous section and discover 

scenarios where the Kalman filtering normalization is clearly beneficial. We consider four simulated 

scenarios:

https://doi.org/10.68365/jrepstat.2026.1 · CC-BY 4.0 · © 2026 The Author(s) 7
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1. Data generated from the model for SARS-CoV2 and PMMoV RNA with parameters set to those 

estimated from the observed data in the previous section. We use this to check the stability of our 

conclusions.

2. Data generated from the same model except with an observation error correlation of 0.8, much higher 

than the 0.23 observed. In this scenario, the target and control measurement are more tightly linked.

3. Data generated from the first model except with a 10 times smaller control variation. In this scenario, 

the control can be measured with greater precision.

4. Data generated from the first model except with a much stronger correlation between the states of 0.8 

compared to the 0.09 observed. In this scenario, the covariation of the target and control through the 

sewer are more tightly linked.

In each scenario, we generate 1000 simulated datasets and report the mean estimates in Table 3.

Table 3 Mean estimated parameters in four simulated scenarios using a Kalman filter model.

Model State 
SD 

target

State SD

control

State

Correlation

Obs. SD

target

Obs. SD 
control

Obs.

Correlation

Filter

SE

Observed Data 0.132 0.024 0.063 0.523 0.411 0.232 0.244

High Obs. 
Correlation

0.131 0.024 0.037 0.520 0.408 0.792 0.203

Low control 
SD

0.137 0.026 0.087 0.519 0.128 0.236 0.244

High State 
Correlation

0.135 0.023 0.723 0.519 0.410 0.235 0.245

In the case where we simulate from the fitted model, the mean results are close to the fitted estimates 

indicating a lack of bias in the fitting process. We can also use the simulated values to estimate the 

uncertainty in the parameter estimates (see supplementary materials for details). Most of the estimates 

have low enough variation to support our previous conclusions, but the estimate of the state correlation 

was found to be highly variable indicating that it is difficult to estimate this parameter well. This indicates 

why the values in Table 2 for this parameter must be viewed with caution.

For the three scenarios where we perturb the parameters, we see that the estimated parameters are 

obtained without substantial bias. Only in the high observed error correlation situation do we observe 

worthwhile improvement in the filtered state SD. To realize this improvement, we would need to find 

a control whose measurement is much more strongly correlated with the target. Given current PCR 

technology, there is no candidate for such a control.

We have used a simple bivariate Kalman filter in these examples to focus on the issue of variance 

reduction via a control. We could use autoregressive terms to improve the fit, but this would not improve 

the value of the controls. The controls could also be introduced as regressors in the model, but the weak 

correlation would remain an obstacle. We have used a Gaussian Kalman Filter but for targets that appear 

intermittently or with very low prevalence, we can adapt the method to use other distributions. An 

example of this can be seen in (Cluzel et al., 2022). The Kalman filter is an example of dynamic linear 

model with wider applications in WBE found in (Ouyang et al., 2025).

6 Alternatives for Variance Reduction

We have seen that it is difficult to achieve worthwhile variance reduction by using a control in situations 

typical of PCR measurement of targets in WBE. There are some alternative avenues for improvement. The 

high variation in the measurement of the laboratory control BCoV suggests that the PCR measurement is 

the single largest component in the overall variation of the target measure. One might hope for technical 

improvements in this technology.

The most used tool for variance reduction is replication. One additional true replicated measurement 

would reduce the standard error for the mean of the now two measurements by a factor of √2. This would 

be superior to any improvement seen above, even in the simulated scenarios. There are difficulties with 
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this approach. Replication is already used in WBE – in our example data, at least six replicates were used, 

although only the mean was reported. Further improvements by using more replications are subject to 

diminishing returns as the standard error is inversely proportional to the square root of the number of 

replications. A further difficulty is that a true replicate means repeating the collection and processing 

steps from the source at the WWTP. A replicate derived from division of the sample at a later stage will 

be less effective.

Smoothing is related to replication in that recent measurements are combined with the current 

measurement. Various methods including rolling averages are used. The Kalman filter method described 

earlier can incorporate autoregressive terms. This is an effective method of variance reduction. Because 

we can only smooth over a small number of days, the variance reduction is limited.

In (Schenk et al., 2024), RNA measurements for other common pathogens, such as Norovirus or 

Influenza are available. We can incorporate all these targets into a single Kalman filter model. Since 

these other targets are subject to many of the same sources of variation, the statistical effect of borrowing 

strength will occur, improving the estimates and reducing the variation. Another idea is to measure a 

different gene target for the same RNA.

We may also return to models that use prevalence information of the form seen in Equation (1), but 

with the requirement that the control or adjusting variables are used in an explicit process model that 

allows the knowledge of appropriate normalization to be extrapolated to new scenarios with different 

targets and locations. Perhaps, something like the parameterization of the normalization seen in (Leis

man et al., 2024) might be of benefit.

7 Conclusion

We have shown that using controls to normalize PCR measurements in WBE for the purposes of variance 

reduction is challenging. Meanwhile, these controls have other uses. A control that reflects variation in 

the sewer contains useful information about the population in the catchment area of the WWTP. A control 

which is introduced into the sample after collection is still useful for quality control purposes. Thus, we 

are not claiming such controls have no value, but researchers should consider whether measuring other 

pathogen RNA markers is a better use of limited resources. The Kalman filter model used here presents a 

framework where control and other auxiliary information can be used to potential improve the estimate 

of the primary target that can be used in online settings as new data becomes available.
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