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Water Impact
 
Wastewater surveillance provides a powerful approach for tracking viral infection dynamics in a 
community. Monitoring pathogens through sewer systems yields population-level information that 
informs public health guidance, resource allocation, and risk assessment. RSV wastewater 
monitoring provides timely estimates of the effective reproduction number and the number of 
infected individuals. 
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Understanding Transmission and Infections of Res-
piratory Syncytial Virus through Wastewater-Based
Epidemiology†

Katherine B. Ensor,∗a Jose Palacio,b Sallie A. Keller,c Rebecca Schneider,d Kaavya
Domakonda,d Loren Hopkins,e Lauren Stadler, f

Wastewater-based epidemiology (WBE) is an effective tool for tracking community circulation of res-
piratory viruses. We address a scientific gap that takes measured wastewater viral load of Respiratory
Syncytial Virus (RSV) and estimate the effective reproduction number and the number of infections
in the population. We advocate a modular approach to the analysis. We first estimate the trend and
current level of the RSV viral load and quantify the uncertainty. These estimates become input for
our Bayesian renewal model for both the infection rate and the number of infected individuals. The
modular approach simplifies the analysis pipeline while maintaining scientific integrity. Further, the
modular approach supports translation to other viruses by using disease-specific models for estimated
transmission and cases in the second phase of the analysis.

1

1 INTRODUCTION.2

Wastewater-based epidemiology (WBE) has become an essential3

tool for monitoring infectious diseases at the population level. By4

analyzing viral genetic material in wastewater, WBE offers a non-5

invasive and cost-effective way to detect early signs of community6

spread, regardless of whether individuals seek medical care or7

undergo clinical testing.1
8

For respiratory syncytial virus (RSV), a leading cause of severe9

respiratory illness in infants, older adults, and immunocompro-10

mised people, clinical surveillance faces challenges from underre-11

porting and delays in reporting. Many RSV cases are managed at12

home without hospitalization, so clinical records do not fully re-13

flect community transmission.RSV measured in wastewater pro-14

vides insight into community disease dynamics.2 In a comprehen-15

sive study of 176 sites during the 2022-2023 RSV season, Zulli16

et al.3 observed that RSV RNA concentrations at state and na-17

tional levels were linked to infection positivity and hospitalization18

rates. Allen et al.4 detail the implementation of a WBE approach19

in Northern Ireland to track RSV community transmission over20

the 2021 and 2022 seasons, correlating wastewater RSV levels21

with clinical cases. Through sequencing and phylogenetic analy-22

a Department of Statistics, MS 138, Rice University, Houston, TX, USA. Tel: 01 713
348 4687; E-mail: ensor@rice.edu
b Department of Statistics, Rice University, Houston, TX, USA.
c Biocomplexity Institute, University of Virginia, Charlottesville, NC, USA.
d Houston Health Department, Houston, TX, USA.
e Houston Health Department & Department of Statistics, Rice University, Houston, TX,
USA.
f Department of Civil & Environmental Engineering, Rice University, Houston, TX, USA.

sis, they compared RSV A and B G-gene sequences from wastewa-23

ter and clinical samples to elucidate transmission patterns.A study24

of an active international land border found that wastewater sig-25

nals peaked in Detroit (MI, USA) for the 2022-2023 RSV sea-26

son approximately 5 weeks prior to the peak in Windsor (ON,27

Canada).5 The authors further found a strong positive relation-28

ship between wastewater disease concentrations and hospitaliza-29

tion rates in the Canada location.30

Building on the success of WBE for RSV, we address a scien-31

tific gap that takes measured wastewater viral load of RSV and32

estimate the effective reproduction number and the number of33

infections in the population, advocating a modular approach to34

the analysis. We first estimate the trend and current level of the35

RSV viral load and quantify the uncertainty in the trend. These36

estimates become input for a Bayesian renewal model for both the37

infection rate and the number of infected individuals. The mod-38

ular approach simplifies the analysis pipeline while maintaining39

scientific integrity. This approach further supports translation to40

other viruses by refinement of the estimate of the trend and us-41

ing disease-specific models for estimated transmission and cases42

in the second phase of the analysis.43

2 METHODS.44

We estimate the weekly reproduction rate, Rt , and number of in-45

fections, It , from RSV RNA concentrations collected each Monday46

between January 16, 2023, and December 30, 2024. The sample47

is taken from the largest wastewater treatment plant in Houston,48

TX, which serves an estimated 551,150 residents. The facility’s49

size and regular sampling ensure it provides one of the most de-50
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pendable wastewater signals in the city.51

The temporal relationship between the number of infections,52

It , is compared to the estimated number of RSV cases for the city53

during the same time period, proportionally allocated to the pop-54

ulation served by the single treatment plant.55

2.1 Wastewater Measurements.56

Twenty-four-hour composite samples were collected weekly each57

Monday between January 16, 2023, and December 30, 2024.58

Laboratory analysis of the RSV RNA signal is available each Fri-59

day.6 Wastewater samples are collected on RSV RNA viral loads60

expressed in 109 genome copies per day (B gc/day).7,8 Viral loads61

are constructed by multiplying observed concentrations (gc/L) by62

each plant’s median daily influent flow (L/day) and rescaling by63

109. In this analysis,In this analysis, values below the laboratory64

limit of detection (LOD) were set to a uniform random number65

between one-half of the LOD and the LOD.66

2.2 RSV Syndromic Data.67

RSV healthcare encounter data are sourced from the Hous-68

ton Health Department’s syndromic surveillance system, HHD-69

ESSENCE,.9 Health encounter data reflect city-wide counts and70

include routine, urgent care, emergency department, and hos-71

pitalization encounters from healthcare facilities that are on-72

boarded. The city-wide counts are proportionally adjusted based73

on the percentage of the population served by the wastewater74

treatment plant.75

2.3 Model and Estimation.76

We use a two-step modular approach to the data analysis and77

estimating the temporal trajectory of the reproduction number78

and number of infections in the community.79

2.3.1 State-Space Model for WW Trend Estimate80

We assume that the RSV WW RNA copies per day follow a lognor-81

mal distribution with time varying mean and variance. Based on82

this assumption we estimate the trend and its uncertainty through83

a non-linear Gaussian state–space model (SSM), by modeling the84

log of the observed series. The SSM framework defines two equa-85

tions, namely the state equation and the observation equation.86

The state equation represents the trend or true dynamics of the87

system being studied, whereas, the observation equation models88

the observed series as a function of the true state and other fea-89

tures but most importantly the observation noise. Through these90

dynamics we are able to separate the uncertainty in the trend or91

state, and uncertainty due to sampling and measurement error.92

In short, our filtered estimates and their uncertainty of the trend93

represent our best estimate of the true RSV WW viral load at any94

time t, given measurements up to and including time t.95

Following the approach in10, let xt denote the trend in wastew-96

ater RNA viral load, measured on a log10 basis, at time t. The97

dynamics of the trend are specified by the state equation as98

(xt − xt−1) = (xt−1 − xt−2)+wt , wt ∼ N(0,σ2
w),

where wt is the noise term which follows a Normal distribution99

with mean zero and variance σ2
w. The rational for this specific100

state equation is it represents the first differences twice, and most101

closely mimics a nonparametric cubic spline.10,11 The trend in102

RSV viral load is nonlinear and nonstationary, this model allows103

for cubic local dynamics. It is important to note, that the specific104

model for the state or trend can be altered to reflect the temporal105

dynamics of any given series.106

The observation equation of the state-space model is given by107

yt = xt + vt , vt ∼ N(0,σ2
v ),

where yt denotes the measured viral load for week t, and vt rep-108

resents measurement and sampling error. This error is assumed109

normally distributed with mean zero and variance σ2
v . More com-110

plexity can be encapsulated in the observation equation if neces-111

sary; the primary purpose of our parameterization is to isolate the112

measurement and sampling error from the state or trend.113

We estimate the parameters of the SSM by maximum likeli-114

hood. Parameter estimation is an iterative process of likelihood115

evaluation using the Kalman filter at a given set of parameters and116

nonlinear optimization moving us through the parameter space.117

For a fixed parameterization, the Kalman filter provides efficient118

calculation of the filtered states, or conditional means, and their119

uncertainties, or conditional variances. We implement this pro-120

cess using the MARSS package in R. A nice feature, is that this121

algorithm and software can easily manage missing values in our122

time series. The SSM framework coupled with the Kalman Filter123

technology, can also manage irregularly spaced observations as124

seen in.11,12
125

The output from stage one of our analysis is the estimated state,126

or filtered value which we denote by x̂t|t = E[xt |y1,...,t ], at time t127

throughout our time series. In other words, the estimated state128

at time t is the expected value of the trend (on a log10 scale) at129

time t, given all observations through time t. We also obtain the130

estimated variances of the state at time t, P̂t|t = Var[xt |y1,...,t ], or131

the conditional variance of xt at time t.132

Importantly, estimation is performed on the log10 scale and133

subsequently converted to the natural measurement scale (gc/L),134

ensuring consistency with the log-normal likelihood adopted in135

the measurement layer of the renewal model. You can simplify136

this step, by taking the natural log rather than log10, each work137

equally as well as we ultimately transform back to the original138

measurement scale.139

2.3.2 Bayesian Renewal Model140

Stage two of the analysis takes the estimated trend and vari-141

ance of the RSV viral load, and estimates the infection dynam-142

ics and counts. We use a Bayesian renewal framework, common143

in wastewater epidemiology13–16. The framework incorporates144

both new infections and assumes a common shedding profile145

across all individuals in the population. The renewal equation146

connects past infections to the viral RNA signal.147

2.4 Disease transmission dynamics148

The effective reproduction number Rt is modeled through a scaled149

softplus transformation of an unconstrained unobserved variable150
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zt for disease transmission, or151

Rt =
log

(
1+ exp(kzt)

)
k

, k > 0.

This transformation guarantees positivity of Rt while behaving ap-152

proximately linear around zero and is numerically stable.153

The unobserved variable for disease transmission, namely {zt},154

is modeled as a random walk with normally distributed noise.155

This parameterization provides a parsimonious yet flexible rep-156

resentation of week-to-week changes in disease transmission.157

Specifically, zt = zt−1 + ε where ε ∼ N(0,σ2
ε ) and z1 ∼ N(1,σ2

ε )158

with σε > 0. The parameter k controls the curvature of the link159

between zt and Rt and regulates how fluctuations in the process160

translate into changes in transmission.161

Further, let It denote the number of new infections during week162

t. Following the renewal formulation13, the expected number of163

cases, denoted by λt , is expressed as a convolution of past infec-164

tions with the transmission-interval distribution:165

λt = Rt

G

∑
g=1

winf
g It−g, t ≥ 2,

where winf
g are the infection transmission interval weights and G is166

the maximum number of weeks of history considered. The num-167

ber of infections at time t is assumed to follow a Poisson distribu-168

tion with time-specific parameter λt .169

The weekly temporal weights, winf
g , for newly infected individ-170

uals are set by segments of a Gamma probability density func-171

tion (pdf) for weeks 1, . . . ,G, and rescaled to sum to one. This172

construction is standard in renewal-based epidemic models13–15.173

The weights are explicitly defined in,16 and demonstrated in the174

code.175

Following17, we assume a mean of 7.5 days and a standard176

deviation of 2.1 days for RSV for the Gamma pdf to define the177

infection transmission weights.178

There is not a one-to-one relationship between wastewater179

RNA copies and the number of infections, rather this relation-180

ship is inferred through our renewal process. The magnitude of It181

depends on our assumed initial condition. For our purposes, we182

set the initial number to the citywide average weekly RSV health-183

care encounters, scaled by the share of the city’s population in the184

service area.18. This initial setting is considered conservative, as185

it does not account for individuals who did not seek medical care.186

2.5 Linking wastewater to infections187

We link the number of infections to RNA virus c/L through the188

shedding weights {wshed
d }D

d=0, which incorporate the timing of vi-189

ral shedding after infection. The expected wastewater value is190

πt = β

D

∑
d=0

It−d wshed
d ,

where β > 0 converts infections into 109 genome copies per day191

per infection.192

Similar to the infection transmission weights, the weekly193

weights ({wshed
d }D

d=0) for the shedding distribution for a given in-194

dividual are also modeled as a discretized Gamma distribution,195

with maximum history of D weeks, and rescaled to sum to one.196

Clinical evidence provided in19, leads us to assume a mean of 4.6197

days and a standard deviation of 2.0 days of the Gamma pdf to198

obtain the temporal weights for the duration of viral shedding.199

Because our data are aggregated weekly, the interpretation of200

lag zero differs from daily formulation. Specifically, d = 0 corre-201

sponds to shedding occurring within the same calendar week as202

infection, which is biologically plausible given that RSV shedding203

can begin within the first few days of illness20,21.204

The wastewater RNA trend estimate, say ût|t , is provided by205

step 1, where ût|t follows a lognormal distribution, and the206

log(ût|t) is normally distributed with mean x̂t|t and variance P̂t|t .207

The latter are the output from the state equation of our SSM, in208

step 1. This parametrization implies that the expected value of ut209

is in fact πt , defining our link between wastewater trend and the210

infection dynamics.211

For the state-space model, we performed the estimations using212

maximum likelihood with BFGS optimization through the MARSS213

package,22 which utilizes Kalman filtering for efficient likelihood214

evaluation. The uncertainty in the parameter estimates for σv and215

σw, of the SSM is not incorporated in the Bayesian renewal model.216

We estimate the parameters of the Bayesian renewal model us-217

ing nimble23 via MCMC. Prior distributions for the parameters218

β , k, and σε , include a log-scale prior for β , a half-normal prior219

for the random-walk volatility σε , and a log-normal prior on k220

to regularize the curvature of the softplus link. Hyperparame-221

ters are chosen to ensure weakly informative priors. The MCMC222

sampler jointly estimated the unobserved values of Rt and It along223

with key distribution parameters, producing posterior samples for224

each. Multiple chains were implemented with warm-up iterations225

discarded. Convergence of the MCMC algorithm was assessed us-226

ing the rank-normalized split R̂. Mixing was verified through the227

relative Monte Carlo standard error (relMCSE).228

3 Results and Discussion229

3.1 Fitted Model and Diagnostics230

The SSM defining the trend requires estimation of three param-231

eters, specifically the initial state x0, the variance of the noise232

for the observation equation σ2
v , and the variance of the noise233

for the state equation σ2
w. These unbiased estimated parame-234

ters for the SSM defining the trend in the RSV wastewater viral235

load are x̂0 = 0.0074 (SE 0.6783), σ̂2
v = 0.02145 (SE 0.0034), and236

σ̂2
w = 0.0005 (SE 0.0002). The important variance parameters are237

both small, with small standard errors, indicating the model sep-238

arates the trend from the sampling and measurement error. The239

uncertainty in these parameters is not included in the Bayesian240

renewal model. The estimated WW trend and its variance are241

conditional on the point estimates for the variance parameters.242

The accuracy of the estimates of these parameters supports this243

analysis decision and does not influence the stage 2 outcomes.244

Additional assessment of the SSM assumptions is performed245

by examination of the standardized residuals. The standardized246

residuals of the fitted SSM model do not exhibit any additional247

autocorrelation over a 4 week history, based on the Ljung-Box248
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test (p-value = 0.33). Further, the Kolmogorov-Smirnov test for249

normality of the standardized residuals indicate normality is a250

reasonable assumption (p-value = 0.09). The SSM model does251

an excellent job of capturing the WW viral trend.252

Table 1 summarizes posterior estimates and convergence diag-253

nostics for the scalar parameters of the Bayesian renewal model.254

We observe strong convergence with rank-normalized split R̂ val-255

ues between 1.005 and 1.018. Further the chains are well mixed as256

indicated by the small relative Monte Carlo standard errors (relM-257

CSE) (≈ 0.01–0.02), across all parameters. The link-curvature pa-258

rameter k centers around 8, consistent with a moderately sharp259

softplus mapping from zt to Rt . The innovation standard deviation260

σε is small (0.089), suggesting gradual week-to-week changes in261

transmission. The wastewater, the scaling factor β is 14.865 (SD262

3.388 with 95% Credible Interval [9.465, 22.352]). The wastewa-263

ter observation dynamic variance is provided through the SSM, in264

other words, the time-varying P̂t .265

Table 1 Posterior means, standard deviations, 95% credible intervals,
and convergence diagnostics (R̂/relMCSE) for scalar parameters. The
SSM-filtered viral-load inputs with week-specific variances P̂t are treated
as known.

Parameter Mean SD 95% CI R̂/relMCSE
β 14.737 3.969 [8.591, 23.945] 1.018 / 0.021
k 8.026 4.727 [1.765, 18.600] 1.005 / 0.009
σε 0.078 0.027 [0.032, 0.137] 1.017 / 0.019

3.2 Number of infections and transmission dynamics from266

wastewater267

Figure 1 displays posterior means and 95% credible bands for268

the estimated number of infections (It). As a reference, the es-269

timated wastewater viral load in 109 RNA copies/day is also in-270

cluded. It rises sharply in late 2023, drops in January 2024, re-271

mains low through mid-2024, and shows a moderate uptick in au-272

tumn 2024. The peak in the estimated number of cases It occurs273

approximately one week before the peak in the wastewater trend.274

Because the absolute scale of It is not identified from wastewater275

alone, we interpret It in relative terms and anchor its level with276

an initial starting point of 64 case,estimated from the healthcare277

encounter data.278

Figure 2 depicts the time series of the effective reproduction279

number (Rt). For the majority of the two-year period, the repro-280

duction number is 1, indicating no change in disease levels. The281

reproduction number increases in October 2023 and again in Oc-282

tober/November 2024, corresponding to the increase of disease283

measured in WW. Disease transmission quickly returned to stable284

levels after the rise, as indicated by reproduction numbers less285

than one in January 2024, and then stabilized at one.286

The results shown in figures 1 and 2 and were driven solely by287

wastewater trends. The only case information used in modeling288

was the initial starting value, which was set to 64 cases based289

on the observed RSV healthcare encounter cases for the week of290

January 2, 2023. Additionally, our modeling decisions for the291

transmission and shedding weights were based on scientific refer-292

ences, not estimated from our own data. For comparison, figure 3293

Fig. 1 Time series plot of estimated infections from wastewater, It , with
95% credible intervals (green). The estimated WW trend (violet) is
included with scale on the right axis. Grey vertical bars indicate when
WW measurements are missing.

Fig. 2 Time series plot of effective reproduction number (Rt), with 95%
credible intervals (green). The estimated WW trend (violet) is included,
for reference, with scale on the right axis. Grey vertical bars indicate
when WW measurements are missing.

shows posterior means and 95% credible bands for the estimated294

number of infections (It) and the observed time series of weekly295

RSV healthcare encounter cases, proportionally adjusted for the296

population served by the wastewater treatment plant.297

The estimated number of cases closely follows the observed298

cases in both magnitude and pattern. The observed cases peak299

two weeks before the estimated cases during both periods of in-300

creased disease prevalence. During the second peak, wastewater301

levels did not rise as much as expected, leading to a lower case302

estimate, specifically It .303

The mismatch in peak levels between the estimated cases and304

observed cases, could be due to several choices in our modeling305

framework. The first is selecting a random walk for the transmis-306

sion process. A modification that includes two weeks of history307

instead of one may be more appropriate. Additionally, the dis-308

ease transmission weights and shedding weights for the renewal309

equations were derived from scientific literature rather than be-310

ing specifically fitted to the RSV case data for this study area. This311

was an intentional decision for the study. Our aim was to evalu-312

ate how well we could model the case counts and reproduction313

number relying solely on wastewater.314
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Fig. 3 Time series plot of estimated infections from wastewater, It , with
95% credible intervals (green). The observed health care encounter count
(violet) is included for comparison. Grey vertical bars indicate when WW
measurements are missing.

Conclusions315

Through this study we have demonstrated a practical and scientif-316

ically valid approach to estimate the effective reproduction num-317

ber and the number of infections in a population where wastew-318

ater RNA copies per liter are measured. The focus of our appli-319

cation is Respiratory Synctial Virus in a large sewershed serving320

over 500,000 people residing in Houston, TX. The two-stage ap-321

proach separates estimating the wastewater viral trend from the322

downstream estimate of the infection counts and dynamics. This323

analytic approach simplifies the analysis pipeline, bringing action-324

able science to real-world applications in a timely fashion.325

Further, the two-stage approach allows the analyst to focus on326

two very different modeling challenges. By capturing the trend327

dynamics in wastewater, the analyst has a path forward for now-328

casting and short-term forecasts of wastewater virus levels. The329

use of the SSM results in a clear separation of the underlying330

trend from the observation noise driven by both measurement331

and sampling uncertainty. We have specified a simple SSM model332

to track RSV RNA levels for our study area, and it worked well.333

However, the SSM technology is very flexible and can handle334

more complexity as needed for a specific situation. Further, the335

SSM technology supports missing or irregularly sampled wastew-336

ater time series. By handling these data issues early, we stream-337

line the next step of the analysis, understanding the disease dy-338

namics.339

The stage-two Bayesian renewal model to estimate the num-340

ber of individuals with the disease and the effective reproduction341

number can be implemented in an on-line fashion providing real-342

time actionable public health information. It is simpler than a343

Bayesian methodology that tries to address both modeling steps344

one and two simultaneously. Again, the input to the Bayesian345

renewal system is the estimated wastewater viral trend, and the346

uncertainty in that estimate.347

An additional input to the stage-two Bayesian renewal model348

is the initial number of infected persons, representing the start-349

ing point of the disease. In our study, we used a proportional350

allocation of the infected population within Houston at the be-351

ginning of the study. This approach worked well, allowing us to352

accurately capture the levels and disease dynamics of RSV. It is353

important to note that this starting point serves as an anchor for354

estimating the number of infected individuals by the Bayesian re-355

newal model. Essentially, we define the population with this set-356

ting. Since we relied on healthcare encounter data, our estimated357

number at later times reflects the same population. However, this358

estimate is lower than the actual number of infected individuals,359

as it does not include those who are sick but do not seek medical360

care. If there is reliable scientific data on the degree of under-361

counting, this information could be used to refine the initial es-362

timate of infected individuals.We also implicitly assume that the363

disease dynamics, for example the shedding distribution, does not364

change over time. If more scientific knowledge is available about365

the disease that information can be incorporated into the mod-366

eling. Beyond this initial point, our disease trajectory is driven367

entirely by the wastewater trend estimate and its uncertainty.368

The fact that the estimated number of infections measured369

from wastewater peaks after the healthcare encounter counts, re-370

flects the lag in observed wastewater levels. This scientific feature371

is worth further study to elevate the public health use of wastewa-372

ter for understanding RSV spread in the community. The lag may373

be reflective of infected individuals in the population who are374

not seeking medical care. Advances in scientific knowledge about375

the disease and measurement dynamics can be incorporated into376

the stage two model to improve the public health utility of the377

wastewater estimated infections present in the community.378

Wastewater-based epidemiology (WBE) is a proven effective379

tool for tracking community circulation of respiratory viruses. We380

contribute to the scientific gap that takes measured wastewater381

viral load of Respiratory Syncytial Virus (RSV) and estimate the382

trajectory of the effective reproduction number and the number383

of infections in the population. Future statistical research is war-384

ranted to understand the mismatch in the timing of peak levels385

in number of RSV health care encounters. Specific areas to ad-386

dress include the assumption that disease transmission is a ran-387

dom walk, and the weights selected from the scientific literature388

for both the shedding and transmission distributions. Another hy-389

pothesis for the timing mismatch is that clinical data captures the390

onset of the disease by documenting severe cases, while cases esti-391

mated through wastewater reflect the spread of RSV to the larger392

and potentially less vulnerable population. These are questions393

that require further scientific investigation to answer.394
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Wastewater RSV levels and health care encounter counts used in this manuscript are hosted on the 
Kinder Institute Urban Data Platform (kinderudp.org) with citation:

Hopkins, L., Domakonda, K., Caton, K., Schneider, R., Stadler, L., & Ensor, K. (2026). City of 
Houston Respiratory Syncytial Virus Wastewater Monitoring and Health Care Encounter Data 
(Version 1) [Dataset]. Rice University-Kinder Institute: 
UDP. https://doi.org/10.25612/837.VN2JPLW82ZDV

R code for modeling is available through https://github.com/hou-wastewater-epi-org. 
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