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6 National Microbiology Laboratory, Public Health Agency of Canada, Winnipeg, Manitoba,18

Canada19

7 Department of Medical Microbiology and Infectious Diseases, University of Manitoba, Win-20

nipeg, Manitoba, Canada21

8 MAP Centre for Urban Health Solutions, Unity Health Toronto, Toronto, Ontario, Canada22

9 Institute of Medical Sciences, University of Toronto, Toronto, Ontario, Canada23

10 Department of Medicine, St. Michael’s Hospital, University of Toronto, Toronto, Ontario,24

Canada25

11 Dalla Lana School of Public Health, University of Toronto, Toronto, Ontario, Canada26

12 School of Population and Public Health, University of British Columbia, Vancouver, British27

Columbia, Canada28

13 Department of Statistics, University of British Columbia, Vancouver, British Columbia,29

Canada30

14 PHAC, Canadian Field Epidemiology Program, Public Health Agency of Canada31

32

∗Corresponding author. Email: caroline.mburu@bccdc.ca33

1



Abstract34

Transmission models of the 2022 global mpox outbreak relied on case data to infer trans-35

mission dynamics despite substantial underascertainment driven by barriers to testing and36

care. Wastewater-based surveillance (WBS) captures community viral shedding indepen-37

dent of healthcare access, yet how it can be integrated with case data to improve infection38

estimates remains unclear.39

We developed a compartmental model integrating case-notifications, wastewater viral-40

load, sexual network structure, and vaccination to evaluate how WBS complements case41

surveillance. Three model variants were fitted and validated using serological data: i) case-42

only, ii) wastewater-only and iii) combined. The case-only model reproduced incidence but43

not wastewater dynamics, whereas the wastewater-only model captured viral load trends but44

overestimated peak incidence. Joint calibration reconciled both data streams, yielding more45

precise estimates of infection burden, including a peak prevalence of 344 infections (95%46

CrI: 230-494) and a cumulative incidence of 1,132 (95% CrI: 943-1,349). Model-predicted47

seroprevalence aligned with that observed among sexual health clinic attendees, providing48

external validation.49

The wastewater-case model revealed infection underascertainment, time-varying contri-50

butions of sexual activity groups to wastewater signals and showed that wastewater lead-lag51

relationships depended on epidemiological and operational conditions. Together, these find-52

ings establish integrated wastewater-case modelling as a robust framework for epidemic53

reconstruction.54
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1. Introduction55

Mpox, an infectious disease caused by the monkeypox virus (MPXV) [1] was declared a public56

health emergency by the World Health Organization in July 2022 following a global outbreak57

that began in May of the same year [2]. Transmission during this outbreak, which was driven58

largely by clade IIb [3], occurred predominantly through close physical and sexual contact with59

most reported cases identified among gay, bisexual and other men who have sex with men60

(gbMSM) [4]. The reporting of laboratory-confirmed diagnoses or suspected cases faced major61

challenges, including social stigma and limited detection due to presymptomatic and asymp-62

tomatic transmission, as well as breakthrough infections with milder clinical manifestations [5].63

These factors raised concerns that case-based surveillance could underestimate the true scale64

of transmission [6]. Although serological surveys provide the most direct means of characteriz-65

ing cumulative infection,they are resource intensive, logistically demanding, often confined to66

non-representative subpopulations, and cannot be implemented frequently enough to capture67

rapid changes in transmission during an evolving outbreak [7, 8]. This limitation underscores68

the need for alternative approaches to accurately characterize the true burden of mpox infection69

for public health planning.70

Wastewater-based surveillance (WBS) offers a complementary data stream to understand71

mpox transmission because infected individuals shed MPXV DNA regardless of symptoms or72

healthcare-seeking behaviour [9, 10, 11, 12]. As a result, wastewater aggregates viral material73

from presymptomatic, asymptomatic, and symptomatic infections, including infected individu-74

als who may never be clinically reported. During the 2022 outbreak, MPXV DNA was detected75

in wastewater across multiple countries, with strong temporal associations between wastewater76

viral loads and reported cases [13, 14, 15, 16, 17, 14, 18, 19]. In several settings, wastewater77

signals appeared earlier than case-based surveillance data or reached levels far exceeding what78

reported case counts could explain, indicating that a substantial proportion of infections, likely79

including asymptomatic or untested cases, were not captured by case reporting [17, 14, 18].80

Existing WBS studies have been largely descriptive, demonstrating feasibility and correlation,81

but not quantifying the underlying relationship between wastewater viral load and infection82

prevalence. This relationship is shaped by several biological and environmental processes, in-83

cluding the timing and magnitude of viral shedding across infection stages [20, 17], the changing84

distribution of infections across behavioural groups over time [21, 22], delays in reporting of85

symptomatic cases [5, 6], and transport and decay of viral DNA in sewer networks [14, 11].86

Without modelling these processes jointly, it remains unclear how to use wastewater data to87

estimate underreporting or to interpret wastewater trends in terms of underlying transmission.88

Mathematical modelling has become an essential tool for understanding mpox transmis-89

sion and evaluating the impact of interventions. During the 2022 outbreak, case-based mod-90

els highlighted how heavy tailed sexual networks among gbMSM sustained early epidemic91

growth [21] and showed that vaccination and behaviour change contributed to the subsequent92

decline [23, 22]. As sexual activity shapes exposure risk and the distribution of infections, in-93

corporating behavioural heterogeneity into transmission models can offer additional insight into94

how infection burden evolves across groups over time. Wastewater data, which reflect viral95

shedding from all infected individuals regardless of symptoms or healthcare-seeking, provide an96
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opportunity to examine how these behavioural strata contribute to aggregated viral loads and97

to explore how group-level dynamics unfold during the course of an outbreak. A small number98

of theoretical studies have explored mpox wastewater surveillance, such as estimating minimum99

shedding thresholds for detection [24],but none have combined case-based surveillance data with100

models that explicitly link transmission dynamics to both wastewater viral signals and reported101

cases. For other pathogens, particularly SARS-CoV-2, integrating case and wastewater data in102

mechanistic models has improved estimates of infection burden and reduced bias arising from103

incomplete reporting [25]. Recent work has highlighted how post-recovery shedding dynamics104

shape quantitative wastewater epidemiological inferences [26] , while elsewhere wastewater viral105

loads have even been used to infer total infections and underreporting through model-based106

inversion of wastewater signals [27]. Extending these approaches to mpox requires capturing107

multiple interconnected processes: how infections progress and shed viral DNA across stages,108

how viral material accumulates in wastewater, and how delays in testing, and wastewater trans-109

port shape observed signals. A framework that links these processes is needed to interpret110

wastewater trends in terms of underlying transmission.111

The 2022 mpox outbreak in Metro Vancouver (British Columbia, Canada) provides a unique112

setting for examining the relationship between wastewater signals, reported cases, and under-113

lying infection dynamics, given the concentration of cases within the Lower Mainland and the114

availability of wastewater measurements across multiple sewershed catchment areas throughout115

the epidemic. To address these gaps, we developed an integrated mechanistic framework and ap-116

plied it to the 2022 mpox outbreak in Metro Vancouver, the Lower Mainland of British Columbia117

(BC), Canada. Our compartmental model links sexual activity group structure, laboratory-118

confirmed case-based surveillance data, wastewater viral loads, and vaccination scale-up within119

a unified system, jointly capturing the pathways from infection to viral shedding, case detec-120

tion, and wastewater transport. This framework enables us to quantify the added value of121

wastewater surveillance beyond case-based surveillance and to interpret wastewater signals in122

terms of underlying transmission. In this study, we used the model to compare how case data123

alone, wastewater data alone, and both combined reconstruct epidemic trajectories, including124

prevalence and cumulative incidence; to quantify symptomatic underreporting and evaluate how125

inference changes when wastewater data are incorporated; to estimate a wastewater-informed126

underascertainment factor that provides a complementary perspective on infections not captured127

by routine case surveillance; and to examine how infection burden and wastewater contribu-128

tions vary across sexual activity groups within the gbMSM population. Finally, we explored129

counterfactual scenarios, including alternative assumptions about vaccination, shedding, and130

reporting to assess how epidemiological and system-level factors influence the relationship be-131

tween wastewater signals and reported cases.132

Methods and Materials133

Data sources134

We analyzed wastewater samples collected from five treatment plants in Metropolitan vancou-135

ver in the Lower Mainland of BC between June and December 2022. Two samples per week136
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from each WWTP were processed using three validated MPXV qPCR assays with compara-137

ble limits of detection[13]: the CDC-developed G2R WA and G2R G assays [28] and a custom138

assay, G2R NML developed by the Public Health Agency of Canada’s National Microbiology139

Laboratory (NML)[13] .Viral concentrations were normalized by flow rate and catchment area140

population to yield viral loads in copies per person per day [29, 30]. These values were log-141

transformed (log10 copies per capita per day) and used for model fitting.142

Daily confirmed mpox cases were obtained from provincial surveillance system . Vaccination143

data for first and second doses were retrieved from weekly provincial reports, converted to daily144

counts, and transformed into time-varying vaccination rates.Vaccination was assumed to have145

been administered to the gbMSM population.146

In the model, the gbMSM population was stratified into three sexual activity groups based147

on the reported number of anal sex partners in the past six months, informed by the empirical148

distribution observed in behavioural survey data from the Engage Cohort study [31]. Groups149

were defined as low (x ≤ 4 partners, 60% of population), medium (x =5–21 partners, 35%), and150

high activity groups (x ≥ 22 partners, 5%).151
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Figure 1: Model framework used across all three model variants (case-only, wastewater-only, and
combined), each sharing the same structure but calibrated to different data streams. The model
is stratified by sexual activity group (g = low, medium, high), with transmission and transitions
defined separately for each group according to the mixing assumptions.The epidemiological
states are described in the main text. The dotted lines represent shedding of viral load to
wastewater while the solid lines represent movement between states. Individuals move through
S (susceptible), E (exposed), P (presymptomatic), A (asymptomatic), I (symptomatic), R
(Recovered) states and V lshed (viral load), each stratified by vaccination status: unvaccinated,
V1 (1st dose), and V2 (2nd dose).
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Transmission model152

We developed a deterministic compartmental model to simulate mpox transmission dynamics153

among gbMSM in Vancouver, stratified into three behavioral risk groups(g)(Fig. 1). Sexual154

activity group classification was based on the reported number of recent anal sex partners in155

the past six months: High-activity: x ≥ 22 partners (5% of gbMSM; 1305 of 26,100), Medium-156

activity:x =5–21 partners (35%; 9135 of 26,100), and low-activity: x ≤ 4 partners (60%; 15,660157

of 26,100).158

All individuals began in the susceptible compartment (S). Upon exposure, they moved to159

the exposed compartment (E), representing a latent, non-infectious state. After the latent pe-160

riod, individuals transitioned to a presymptomatic infectious compartment (P ). A proportion161

m of these individuals became asymptomatically infectious (A), while the remaining fraction162

transitioned to the symptomatically infectious compartment (I). Both A and I individuals sub-163

sequently moved into the recovered compartment (R), where they were assumed to be immune.164

Due to the short duration of the outbreak over the study period, we did not include waning165

immunity. To better reflect realistic infectious period distributions, both asymptomatic (A) and166

symptomatic (I) states were modeled using three sequential sub-compartments, to allow for a167

gamma-distributed duration of infection [32]. The model also incorporated vaccination using168

two stages: V1 individuals who received the first vaccine dose and V2 individuals who received169

the second dose. Susceptible individuals entered V1 at daily rates, α1 derived from empirical170

vaccination data applied uniformly across sexual activity groups due to the absence of group-171

specific vaccination uptake data. Transition to V2 followed administration of a second dose also172

based on daily uptake rates α2. A 14-day delay was applied after each dose before vaccine173

protection was assumed to take effect [33].174

We assumed that vaccines are only offered to individuals without any previous mpox symp-175

toms. We implemented a leaky vaccine mechanism where vaccinated individuals retained partial176

susceptibility to infection based on the dose-specific vaccine effectiveness (ve1 for first dose, ve2177

for second dose). Once infected, vaccinated individuals progressed through the same disease178

stages (E → P → A/I → R) as unvaccinated individuals. This assumption reflects the absence179

of robust empirical estimates for stage-specific disease duration or viral shedding conditional180

on vaccination status, rather than evidence of no biological difference. Potential post-infection181

effects of vaccination, including reduced viral shedding, were therefore explored through sensi-182

tivity analyses.183

The model does not explicitly represent reductions in sexual contacts following symptom184

recognition or diagnosis. Instead, transmission during the symptomatic period is represented185

through an effective transmission parameter, which captures average transmission dynamics186

over the course of the outbreak, including the net effects of behavioural change, vaccination,187

and informal isolation. Full model equations are provided in Supplementary Methods (Section188

S1).189

Wastewater viral load generation190

Viral shedding was modelled for presymptomatic (P ), asymptomatic (A) and symptomatic (I)191

stages using empirical viral load data [34]. Shedding was scaled by a fitted parameter(ψ) to192
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account for uncertainty due to variability in viral decay, sampling efficiency, and transport193

dynamics within the sewer system. The resulting deposited viral load was propagated through194

an advection–dispersion–decay framework with an estimated mean transit time τ̄ and dispersion195

parameter σ to capture sewer travel delays and smoothing effects prior to sampling. Additional196

details on viral shedding assumptions, wastewater transport dynamics, and sensitivity analyses197

are provided in Supplementary Methods (Section S2).198

Model calibration and inference199

We calibrated three model specifications: (i) a case-only model, (ii) a wastewater-only model200

and (iii) a combined model integrating both data streams. All models were implemented in a201

Bayesian framework using the “rjags” package with daily time steps. Two Markov chain Monte202

Carlo (MCMC) chains 50,000 were run with 10,000 burn-in and thinning by 3. Convergence203

was assessed using trace plots and Gelman-Rubin diagnostics (R̂).204

Priors for key epidemiological and surveillance parameters were informed by the literature or205

specified as weakly informative (Table 1). Case counts were modeled using a negative binomial206

likelihood, while log-transformed wastewater viral loads were modeled using a normal likelihood.207

Full details of prior specification, likelihood formulations, and model initialization are provided208

in Supplementary Methods (Section S3).209

Estimating underascertainment of mpox infections210

Underascertainment of mpox infections was quantified using posterior samples from the com-211

bined model, which was jointly constrained by reported case notifications and wastewater viral212

load. Two complementary measures of underascertainment were defined.213

Symptomatic underascertainment was defined as the number of model inferred symptomatic214

infections per reported case. For each posterior draw, incident symptomatic infections were215

summed over the study period and divided by the corresponding cumulative number of reported216

cases. Total infection underascertainment was defined as the number of model inferred infections217

contributing to transmission and viral shedding (including both symptomatic and asymptomatic218

infections) per reported case. This quantity was computed analogously using posterior samples219

from the combined model.220

Estimates were summarized using posterior medians and 95% credible intervals.221

Scenario analysis222

We conducted a series of counterfactual scenario analyses to assess how key epidemiological223

and surveillance processes influence the temporal alignment between wastewater viral loads and224

reported cases. All scenarios were simulated using posterior samples from the combined model,225

with model structure and all non target parameters held constant.226

First, to explore uncertainty in post infection viral excretion, we examined reduced shed-227

ding among vaccinated individuals by scaling stage-specific shedding rates by 20–80% relative to228

baseline. Second, to evaluate the impact of sewer-system dynamics, we varied the mean wastew-229

ater transit time using epidemiologically plausible values drawn from the posterior distribution230
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of the fitted model, spanning fast to slow transport scenarios. Third, to assess the role of surveil-231

lance timeliness, we varied the mean delay from symptom onset to case reporting using values232

grounded in the empirical distribution observed in line list data (5, 10, and 14 days).233

For each scenario, we quantified (i) predicted case and wastewater trajectories, (ii) the timing234

and lag between epidemic peaks in cases and wastewater, and (iii) the strength of association235

between the two signals using an expanding-window correlation, calculated cumulatively from236

the start of the outbreak through time.237

Model validation238

To externally assess the plausibility of model predicted infection burden, we compared cumula-239

tive incidence estimates with seroprevalence measured in July 2023 among attendees of a sexual240

health clinic of the Lower Mainland of British Columbia (n = 596). The serosurvey was based241

on a convenience sample of clinic attendees and was not designed to be representative of the242

general population243

Because seropositivity may reflect either infection or vaccination,validation analyses focused244

on unvaccinated participants (n = 275) and, separately, on the subset born after 1972 to mini-245

mize potential confounding from historic smallpox vaccination. Model predicted seroprevalence246

was obtained by converting model estimated cumulative incidence into the proportion of the247

modeled population infected over the study period.248

Given differences between the modelled population and the clinic-based sampling frame,249

serological comparisons were used as an external plausibility check on the magnitude of recon-250

structed infection burden rather than as a formal calibration target.251
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Table 1: Description of the model parameters and their sources

Symbol Description Value Prior Source

1/ϵ, 1/ϵv1, 1/ϵv2 Duration of latent (exposed)
period

6.26 days (5.55–
6.97)

Gamma(300, 47) [35]

1/ω, 1/ωv1, 1/ωv2 Duration of pre-symptomatic
infection

2 days Fixed [23, 36]

1/θ, 1/θv1, 1/θv2 Duration of asymptomatic in-
fection

14 days (7–21) Gamma(21, 2) [37, 38]

1/γ, 1/νv1, 1/νv2 Duration of symptomatic in-
fection

21 days (14–28) Gamma(42, 2) [39, 34]

ρ Relative infectiousness of
asymptomatic and presymp-
tomatic individuals compared
to symptomatic

0.776 Fixed [40]

ϕi Viral load for symptomatic
stages

{12.3, 11.5, 10.2}
log10 copies/mL

Fixed [34]

ve1 Vaccine effectiveness (1 dose) 35.8% (22.1–
47.1)

Beta(22.05,
39.56)

[41]

ve2 Vaccine effectiveness (2 doses) 66.0% (47.4–
78.1)

Beta(20.92,
10.77)

[41]

α1(t) Daily rate of 1st dose vaccina-
tion

Estimated Fixed BC Vaccina-
tion registry

α2(t) Daily rate of 2nd dose vaccina-
tion

Estimated Fixed BC Vaccina-
tion registry

m Proportion of Asymptomatic
infections

34%(27-43) Beta(6.8, 13.2) [37]

β Probability of transmission
per effective contact

Estimated N[0,1](0.8, 0.1) [23]

κ Mixing probability Estimated Beta(40, 2) [21, 23]

ψ Scaling factor Estimated LogNormal
(

log(3×
10−9), 0.158

)

[25]

τ Mean transit time Estimated N[0.1,10](2.5, 0.5
2) [25]

σ Sd of mean transit time Estimated N[0.1,1](0.3, 0.1
2) [25]

rf Reporting fraction Estimated Beta(10, 10) [40]

η Negative binomial dispersion
parameter

Estimated Gamma(2, 0.5) Assumed

τww Viral load normal likelihood
precision

Estimated Gamma(2, 1) Assumed

pop Catchment area population
size

1278020 fixed BC PEO-
PLE dataset
[42]

Flowrate Volumetric flow rate of
WWTPS

fixed fixed BC records
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Results252

Model calibration and fit to cases and wastewater253

We developed a deterministic compartmental model of mpox transmission among gbMSM in254

Metro Vancouver, Canada between June and December 2022 stratified into three sexual activity255

groups (high, medium, low). The model was calibrated using a Bayesian framework to daily256

time-series data from (i) case-based surveillance, (ii) wastewater viral load, or (iii) both data257

streams combined. For each variant, we assessed posterior predictive performance against both258

observed cases and wastewater, including the data stream not used for calibration, enabling259

assessment of consistency across surveillance signals (Fig. 2 and Supplementary Fig. S1).260

All parameters showed good convergence, with R̂ < 1.01 and effective sample sizes (ESS)261

> 200 (Table. S1). The case-only model reproduced the timing and magnitude of reported262

cases, capturing both epidemic growth and decline (Fig. 2A), and the combined model showed263

similarly close agreement with observed case counts (Fig. 2C). In contrast, the wastewater-264

only model captured epidemic timing but overestimated the case peak and underestimated case265

counts later in the outbreak (Fig. 2B). For wastewater dynamics, both the wastewater-only and266

combined models closely matched observed viral load trajectories, including the gradual post-267

peak decline (Fig. 2E–F). The case-only model, which lacked wastewater constraints, showed268

greater uncertainty and systematically underestimated wastewater concentrations during the269

epidemic peak (Fig. 2D).270
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Figure 2: Posterior predictive fits of daily case counts of mpox in 2022 and daily wastewater
viral load in log 10 copies per ml across three model types for Vancouver (Canada). A, B and
C shows the model fits to reported mpox case counts in Vancouver from June to December
2022 for the case-only, wastewater-only, and combined models, respectively. Blue lines represent
posterior median rates, and shaded areas denote 95% credible intervals (CrI). Black points
indicate observed data. D, E and F shows corresponding model fits to observed wastewater
viral load. The case-only model showed good agreement with case data but failed to reproduce
wastewater dynamics, while the wastewater-only model aligned with wastewater observations
but overestimated peak case incidence. The combined model was able to capture both data
streams consistently.
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Epidemic reconstruction under alternative surveillance data streams271

We compared how case data, wastewater data, and their integration shaped reconstruction272

of mpox prevalence, defined as the number of individuals actively infected at a given time,273

and cumulative incidence, defined as the total number of infections over the outbreak period274

(Fig. 3). Inferred epidemic size differed markedly by surveillance stream. The case-only model275

produced the highest burden, with peak prevalence of 546 (95% credible intervals [CrI]:322–276

675) and cumulative incidence of 1,454 (95% CrI: 1,125–1,731). Estimates were intermediate277

under the wastewater-only model, with peak prevalence of 423 (95% CrI: 294–542) and cu-278

mulative incidence of 1,192 (95% CrI: 1,088–1,281), and lowest under the combined model,279

which inferred peak prevalence of 344 (95% CrI: 230–494) and cumulative incidence of 1,132280

(95% CrI: 943–1,349), with substantially narrower uncertainty. Posterior comparisons indicated281

an 81% probability that peak prevalence under the combined model was lower than under the282

wastewater-only model and a 94% probability that it was lower than under the case-only model;283

corresponding probabilities for cumulative incidence were 70% and 96%, respectively.284

To understand these differences, we examined how each data stream constrained key trans-285

mission and surveillance parameters (Supplementary Figs. S2–S3). Although all models shared286

identical structure and priors, the information content of the calibration data differed. Case-287

based surveillance alone primarily constrained the product of transmission intensity and re-288

porting probability, allowing higher transmission to be offset by lower reporting while still289

matching observed cases. In contrast, wastewater viral load constrained the total number of290

infections contributing to community shedding but provided limited information on reporting.291

Joint calibration restricted this trade-off: the combined model was required to reproduce both292

observed case counts and wastewater signals, shifting posterior estimates toward lower trans-293

mission probabilities and higher reporting fractions. This yielded epidemic reconstructions that294

were simultaneously consistent with clinical and environmental surveillance data.295

Underascertainment of mpox infections296

Using the combined model, we quantified the extent to which routine case-based surveillance297

underestimated mpox infections. We estimated a median of 5.0 symptomatic infections per298

reported case (95% CrI: 3.9–6.4), indicating substantial fraction of symptomatic infections were299

not captured by routine surveillance.300

When all infections contributing to viral shedding were considered, including symptomatic,301

asymptomatic, and undiagnosed infections, the estimated underascertainment factor increased302

to 8.4 total infections per reported case (95% CrI: 6.9–10.2). Together, these findings show that303

beyond missed symptomatic cases, a large reservoir of infections contributing to wastewater304

viral load remained invisible to routine case-based surveillance305
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Figure 3: Posterior estimates of mpox prevalence and cumulative incidence in Metro Vancou-
ver(Canada), June-December 2022. The case-only model produced the highest estimates, the
wastewater-only model gave intermediate values and the combined model yielded the lowest
estimates with narrower uncertainty highlighting sensitivity of epidemic reconstruction to data
source. Lines represent posterior median rates, and shaded areas denote 95% credible intervals.

Contribution of sexual activity groups to infection burden and wastewater306

signal307

Using posterior outputs from the combined model, we examined how heterogeneity in transmis-308

sion across sexual activity groups within the gbMSM population shaped the aggregate wastew-309

ater signal and how these contributions evolved over the course of the outbreak. The population310

was stratified into three behavioural groups based on reported numbers of anal sex partners in311

the past six months: high (x ≥ 22 partners, 5%), medium (x =5–21 partners, 35%) and low312

(x ≤ 4 partners).313

Early in the outbreak, the high activity group accounted for nearly all model-predicted314

wastewater viral load, contributing 95% of the signal in July 2022 (Fig. 4A). As transmission315

declined in this group and spread to individuals with fewer partners, the contribution of the316

medium activity group increased steadily and surpassed that of the high activity group by317

November, accounting for 65% of the wastewater signal, while the low activity group consistently318

contributed < 5%. Model-derived estimates of infectious individuals mirrored these patterns319

(Fig. 4C). At the epidemic peak in August 2022, the high activity group reached an estimated320

300 infectious individuals (95% CrI: 186–436), representing 23% of its population, over 100-fold321

higher than in the medium (11; 95% CrI: 02–34; 0.01%) and low activity groups (2; 95% CrI:322

1–6;< 0.001%).323
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Figure 4: Contribution of sexual activity groups to mpox wastewater viral load and infection
dynamics in 2022 in Vancouver (Canada). (A) Proportion of total wastewater viral load at-
tributable to each group over time. (B) Pearson correlation between predicted wastewater viral
load and reported cases by group across the epidemic with dashed lines indicating timing of
peak transmission. (C) Estimated number of infectious individuals by group. Lines represent
posterior median rates, and shaded areas denote 95% credible intervals.
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We assessed temporal alignment between wastewater viral load and cases within each group324

using sliding-window correlations (Fig. 4B). In the high activity group, correlations remained325

high (r > 0.9) during epidemic growth and peak, but declined toward the end as infections326

decreased rapidly and wastewater signals decayed more gradually. Correlations were also high327

in the medium and low activity groups for much of the epidemic, although they were partly328

driven by extended periods of near-zero infections and minimal wastewater contribution.329
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Sensitivity of case-wastewater alignment to shedding, transit time, and re-330

porting delays331

We evaluated how epidemiological and operational factors shape the temporal alignment be-332

tween wastewater viral load and reported mpox cases in the combined model (Fig. 5). Specifi-333

cally, we examined the effects of reduced viral shedding among vaccinated individuals, variation334

in mean wastewater transit time, and delays between symptom onset and case reporting. For335

each scenario, we compared predicted case and wastewater trajectories, peak timing, and cor-336

relations between the two signals over the course of the epidemic.337

Reduced shedding among vaccinated individuals (Fig. 5A-C)338

Reducing viral shedding among vaccinated individuals modestly attenuated the wastewater339

signal, with peak viral load reduced by 6% under a 20% reduction and 12% under an 80%340

reduction. In the baseline scenario, reported cases peaked about five days before wastewater;341

under the strongest shedding reduction, this lag shortened to two days. Despite these shifts in342

magnitude and timing, correlations between wastewater and cases remained high throughout the343

epidemic (r > 0.8), with slightly stronger correlations late in the outbreak as reduced shedding344

dampened noise in the wastewater signal.345

Wastewater transit time (Fig. 5D-F)346

Varying mean wastewater transit time altered the timing of wastewater peak relative to cases.347

Shorter transit times increased temporal proximity between the two signals, whereas longer348

transit times primarily attenuated wastewater magnitude without substantially changing epi-349

demic timing. Across scenarios spanning fast (1.9 days) to slow (7.3 days) transit, cases generally350

peaked before wastewater, but the estimated lag decreased to two days under fast transit and351

increased to six days under slow transit. Correlation profiles were broadly similar across scenar-352

ios, indicating that hydrodynamic processes can shift lead-lag relationships, particularly under353

faster transit, without substantially degrading overall signal alignment.354

Reporting delays (Fig. 5G-I)355

Reporting delay scenarios, anchored in empirically observed delays from line list data, had the356

strongest effect on temporal alignment. Short delays (5 days) accentuated the lead of cases357

relative to wastewater, whereas longer delays (10-14 days) progressively reduced this lead and,358

under the longest delays, resulted in wastewater peaking slightly before cases. Correlations re-359

mained high during epidemic growth and peak across all scenarios (r = 0.85–0.9), but diverged360

during the decline. Short delays produced sharper drops in reported cases relative to wastew-361

ater, whereas longer delays smoothed case trajectories and preserved closer alignment with362

wastewater signals in the epidemic tail.363
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Figure 6: Comparison of model-predicted seroprevalence with observed seroprevalence from
unvaccinated attendees of a sexual health clinic in July 2023 in the Lower Mainlands of British
Columbia (Canada). Violin plots show the posterior distribution of predicted seroprevalence
(cumulative infections / population) from the case-only (red), combined (blue), and wastewater-
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gbMSM population (right) and the subset born after 1972 (left), who are unlikely to have
immunity from historic smallpox vaccination
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External validation using seroprevalence data364

We validated model-estimated infection burden by comparing predicted cumulative incidence365

with seroprevalence measured in July 2023 among attendees of a sexual health clinic in the366

Lower Mainland of British Columbia. Because seropositivity may reflect either prior infection367

or vaccination, analyses focused on unvaccinated participants and, separately, on those born368

after 1972, who are unlikely to have residual immunity from historic smallpox vaccination.369

Across all three model variants, predicted seroprevalence among unvaccinated individuals370

closely aligned with observed seroprevalence from the clinic based survey (Fig. 6). Median model-371

predicted seroprevalence was 5.6% (95% CrI:4.2–6.8%) for the case-only model, 4.6% (95%372

CrI:3.9–5.2%) for the wastewater-only model, and 4.3% (95% CrI:3.4–5.3%) for the combined373

model, compared with an observed seroprevalence of 5.8% (95% CI:3.4–9.3%).374

Among unvaccinated participants born after 1972, observed seroprevalence was lower (1.6%;375

95% CI:0.3–4.6%) and overlapped the lower bounds of the model-predicted credible intervals376

across all three variants. Together, these findings indicate that model-inferred cumulative inci-377

dence was broadly consistent with independent serological evidence, supporting the plausibility378

of infection burden estimates derived from case data, wastewater data, and their integration.379

Discussion380

Accurately quantifying the population-level burden and risk of mpox infections is challeng-381

ing, as stigma, care-seeking barriers, and presymptomatic or asymptomatic transmission can382

bias case-based surveillance. Wastewater-based surveillance offers a complementary, population-383

wide signal independent of healthcare access, but cannot on its own distinguish who is infected384

or directly quantify infections. By integrating wastewater viral load and laboratory-confirmed385

case-based surveillance data within a single transmission model, we leveraged the strengths of386

both systems. Linking infection, viral shedding, case detection, and wastewater transport al-387

lowed wastewater data to constrain total infections contributing to shedding, while case data388

informed the subset that were diagnosed and reported. This joint framework resolved discrepan-389

cies that arose when each data stream was analysed in isolation, constrained key epidemiological390

parameters, and produced more consistent reconstructions of transmission dynamics. Integrat-391

ing both streams reduced uncertainty in peak prevalence and cumulative incidence and yielded392

infection burden estimates supported by independent seroprevalence data among unvaccinated393

individuals. Importantly, this approach enabled quantification of underascertainment in rou-394

tine surveillance and revealed infections not apparent from case-based surveillance data alone.395

Together, these findings demonstrate the added value of wastewater surveillance beyond case re-396

porting and show how combining multiple surveillance signals improves outbreak reconstruction397

for pathogens with substantial underascertainment [43].398

Our analyses showed that integrating case-based surveillance with wastewater data substan-399

tially improved reconstruction of mpox transmission dynamics. Models calibrated to a single400

data stream yielded divergent epidemic trajectories, whereas joint calibration constrained both401

infection burden and reporting processes, producing reconstructions consistent with clinical and402

environmental surveillance and characterised by narrower uncertainty. The combined frame-403
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work further indicates that routine case-based surveillance substantially underestimated mpox404

infections during the 2022 outbreak, including symptomatic infections. Multiple symptomatic405

infections occurred for each reported case, consistent with stigma, delayed care seeking, limited406

testing access, and mild symptom presentation [38, 44, 45]. Wastewater data also revealed a407

larger pool of infections contributing to community viral shedding beyond those captured by408

clinical surveillance, including asymptomatic, presymptomatic, and undiagnosed infections. This409

aligns with SARS-CoV-2 wastewater studies showing that signals integrate infections across the410

clinical spectrum and imply infection burdens several-fold higher than reported cases [25, 27].411

Together, these findings reinforce the complementary roles of wastewater and case surveillance.412

While case data remain essential for monitoring clinically apparent disease, wastewater pro-413

vides a population-wide lens on hidden transmission. Integrating both streams therefore offers414

a more complete and resilient framework for epidemic reconstruction, particularly for infections415

characterised by substantial underascertainment [46, 47].416

Transmission early in the outbreak was concentrated among a small group of highly con-417

nected individuals, producing a wastewater signal dominated by this group. As transmission418

declined within this core population and spread to individuals with fewer partners, the domi-419

nant contributors to viral shedding shifted. As wastewater reflects infections regardless of clinical420

detection, signals can remain elevated even as transmission decreases in the initially dominant421

group. Here, rising contributions from the medium activity group accompanied a rapid decline422

among the highest activity group, indicating redistribution of transmission rather than epidemic423

resolution. Our findings align with prior work showing that mpox transmission is concentrated424

in highly connected subpopulations but evolves as susceptibility is depleted [21, 40, 48, 49]. They425

reinforce evidence that early vaccination and intensified case finding in core groups are critical426

for outbreak control and that, as transmission diffuses, interventions should target broader seg-427

ments of gbMSM populations. More broadly, our results illustrate how group-structured mod-428

elling can inform targeted surveillance and optimize intervention timing for mpox and other429

network-driven infections.430

Counterfactual analyses showed that the temporal relationship between wastewater viral431

load and reported mpox cases was shaped by biological, infrastructural, and surveillance pro-432

cesses. Changes in viral shedding following vaccination, variation in wastewater transport, and433

delays in case reporting influenced how closely wastewater and case signals aligned, underscoring434

that lead-lag relationships were not intrinsic to wastewater surveillance but emerged from sys-435

tem dynamics. Reduced shedding among vaccinated individuals attenuated wastewater signals436

and partially decoupled wastewater trends from reported incidence. Although direct evidence437

for vaccine effects on mpox shedding remains limited [50], similar dynamics have been observed438

for SARS-CoV-2, where vaccination altered wastewater-case relationships depending on disease439

severity and care-seeking behaviour [51, 52]. Together, these findings suggest that vaccination440

can reshape how wastewater reflects transmission, with the direction and magnitude of this441

effect depending on shedding kinetics, clinical severity, and surveillance context.442

Hydrodynamic processes also influenced wastewater-case alignment by shifting the timing443

of wastewater peak relative to cases, particularly under faster transit conditions. However,444

correlation profiles remained broadly similar across transit scenarios, indicating that while hy-445
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drodynamics can alter lead-lag relationships, they do not substantially degrade overall signal446

alignment [25, 46]. By contrast, reporting delays exerted the strongest influence on temporal447

alignment. Changes in testing and notification practices determined whether wastewater ap-448

peared to lead or lag case data, showing that wastewater has no fixed temporal advantage over449

case-based surveillance [53, 54]. Instead, relative timing reflects the interaction between shed-450

ding kinetics, behaviour, and health-system processes, making these operational factors essential451

when using wastewater data for outbreak monitoring and public health decision-making [26].452

Comparison with independent serological data provided an external plausibility check on453

reconstructed infection burden. The consistency between model-inferred cumulative incidence454

and observed seroprevalence supports the overall scale of infections estimated from case data,455

wastewater data, and their integration, lending confidence to the combined surveillance frame-456

work. Interpretation remains constrained by the clinic-based sample, limited size, potential457

inclusion of vaccine-derived antibodies, and the delay between the outbreak and the July 2023458

serosurvey. Despite these limitations, the agreement between modelled infection burden and459

observed seroprevalence suggests that the inferred epidemic size is epidemiologically plausi-460

ble. Serology-based validations have similarly been used to benchmark epidemic size estimates461

for other pathogens. For example, Salje et al.[55] confirmed that model inferred SARS-CoV-2462

infections in France matched observed seroprevalence (0–3% observed vs 1–3% modelled) under-463

scoring the value of independent serological benchmarks to strengthen confidence in modelled464

estimates.465

Our model has several limitations that point to directions for future work. First, wastewater466

transport was represented using a simple advection–dispersion framework [25] that captures av-467

erage transit time and signal smoothing but does not resolve heterogeneity within sewer networks468

[46]. Although local variation may affect short-term fluctuations, this simplification is unlikely to469

materially influence inference on epidemic-scale dynamics. Second, stage-specific shedding rates470

were fixed because of limited empirical data, potentially under-representing individual-level het-471

erogeneity. We also did not model differences in disease progression or post-infection shedding472

by vaccination status. While vaccination reduces susceptibility and severity, evidence on its ef-473

fects on mpox shedding kinetics remains limited; we therefore explored this uncertainty through474

targeted sensitivity analyses. Third, transmission was represented using an effective parameter475

rather than explicitly modelling behavioural changes such as early self-isolation after symp-476

tom onset. Such behaviours, widely reported during the 2022 outbreak, could reduce onward477

transmission without proportionally reducing wastewater shedding. Incorporating these mech-478

anisms could refine estimates of epidemic timing and improve interpretation of case-wastewater479

alignment. Finally, wastewater surveillance for mpox remains an emerging field with limited em-480

pirical validation linking viral concentrations to infection prevalence. Although our framework481

integrates wastewater and case data and was supported by independent serological compar-482

isons, further empirical studies are needed to refine shedding parameters, improve calibration,483

and reduce uncertainty in future applications.484

This study provides, to our knowledge, the first mechanistic framework linking reported485

cases and wastewater viral load for mpox, clarifying how these surveillance streams complement486

one another. By jointly modelling transmission, viral shedding, case detection, and wastewater487
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transport, we demonstrate that integrating wastewater with case data resolves systematic biases488

inherent in single-stream analyses and yields more precise, epidemiologically coherent estimates489

of infection burden supported by independent serology. Wastewater data constrain epidemic490

scale independently of healthcare-seeking behaviour, revealing substantial underascertainment491

invisible to routine case surveillance and clarifying shifts in transmission across sexual activity492

groups. Counterfactual analyses further show that wastewater does not have a fixed lead or493

lag relative to cases, but reflects underlying epidemiological and operational conditions. Beyond494

mpox, this framework provides a blueprint for integrating multi-stream surveillance data to495

improve situational awareness, guide targeted interventions, and strengthen early warning for496

underascertained infections.497
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