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Abstract 24 

Accurate estimates of infectious disease incidence are critical for designing studies of public 25 

health interventions, including vaccines. Hybrid surveillance studies estimate incidence by 26 

enrolling cases in medical facilities, estimating population denominators in the community, and 27 

adjusting for healthcare seeking behaviors, which is necessary to minimize bias. The Enterics for 28 

Global Health (EFGH) Study aimed to generate updated incidence estimates of Shigella diarrhea 29 

among children in preparation for vaccine trials. We conducted a simulation to evaluate 30 

approaches for healthcare seeking adjustment and uncertainty estimation in hybrid studies and 31 

applied these methods to EFGH. Adjusting for healthcare seeking using the inverse of individual-32 

level propensity scores for healthcare seeking greatly reduced bias compared to the inverse of the 33 

marginal probability for healthcare seeking. M-estimation and bootstrap 95% confidence 34 

intervals both had at least nominal coverage of the truth across scenarios. Monte Carlo 95% 35 

simulation intervals had nominal coverage in some scenarios but not all. When applied to EFGH, 36 

M-estimation confidence intervals around fully adjusted incidence estimates were narrower than 37 

bootstrap. Computation time for M-estimation using the geex R package was significantly higher 38 

than bootstrap or Monte Carlo, making bootstrap an appealing option for valid results and ease of 39 

use.  40 
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1. Background 45 

Shigella is a major cause of diarrhea morbidity and mortality, particularly among children in low 46 

resource settings, and multiple Shigella vaccine candidates are currently in the pipeline.1–3 47 

Accurate estimates of Shigella disease incidence are needed to appropriately design the 48 

upcoming vaccine trials, but cohort studies, in which incidence can be directly estimated, are 49 

time and cost prohibitive.4–6 Hybrid surveillance designs are an appealing alternative in which 50 

cases are enrolled in medical facilities, population denominators are estimated in the community, 51 

and incidence is then estimated using some adjustment for healthcare seeking behaviors.7 52 

Adjusting for care seeking is complicated because care seeking is driven by several factors, 53 

including disease severity, sociodemographic factors, as well as access to, and quality of, care. 54 

Access to care differs across settings and by study design: in rigorous individually randomized 55 

clinical trials, care seeking will likely be facilitated and incentivized, whereas in passive 56 

surveillance studies, care seeking patterns likely reflect those that occur naturally in the 57 

community. Therefore, the healthcare seeking adjustment in hybrid surveillance designs is a 58 

critical source of potential bias when estimating adjusted incidence rates.   59 

Hybrid surveillance studies have commonly been used to generate incidence estimates of typhoid 60 

fever to inform typhoid conjugate vaccine and antibiotic use.8–10 The specific methods used by 61 

each study varies, but the core methodology involves upweighting the number of cases captured 62 

in medical facilities to account for those that did not seek care. Most simply, this has been done 63 

using the inverse of the proportion of children in the community reporting seeking healthcare for 64 

an equivalent syndrome. A similar approach was used in two studies of diarrhea etiology among 65 

children in low resource settings, the Global Enteric Multicenter Study (GEMS) and the Vaccine 66 

Impact on Diarrhea in Africa (VIDA) studies.11,12 To estimate uncertainty around their estimates, 67 

typhoid studies have generally relied on a Monte Carlo approach, using simulations to sample 68 

from a distribution of each adjustment factor, including the healthcare seeking proportion.8,9 We 69 

identify two opportunities to improve on these methods, in the healthcare utilization adjustment 70 

and in the estimation of uncertainty around the adjusted incidence rate. 71 

First, healthcare utilization adjustments applied as simple proportions within one or two 72 

stratifying features can fail to capture the full heterogeneity in healthcare seeking behaviors by 73 

disease severity and sociodemographic characteristics.13 Given the potential impact of small 74 
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differences in such proportions on adjusted incidence rates, proper adjustment is critical. Instead 75 

of stratifying by a large number of factors, many of which do not neatly fall into discrete 76 

categories (i.e., disease severity), we propose using a regression to model individual-level 77 

propensity-for-healthcare-seeking scores. These propensity scores quantify how likely each case 78 

enrolled in a study facility was to seek care based on a set of sociodemographic and clinical 79 

characteristics. Then, we can use the inverse of these scores to upweight cases and account for 80 

those with similar characteristics who did not present to care.14  81 

Second, the methods used to estimate uncertainty (e.g., 95% confidence intervals) in prior hybrid 82 

studies have not been validated.8–10 Because parameters from multiple datasets are combined in 83 

the incidence estimate, usual generalized linear model-based standard error estimates are not 84 

available. Monte Carlo simulations, as previously applied in the typhoid studies, are based on 85 

unverifiable assumptions about the distributions of adjustment factors. Bootstrapping may be 86 

valid but has not been empirically validated for the type of complex survey designs used to 87 

adjudicate population-based incidence. Wald-type bootstrap confidence intervals require the 88 

assumption that the parameter estimator is normally distributed, which may only be valid when 89 

sample size is large.15 Percentile bootstrap confidence intervals enjoy some robustness to 90 

departures from normality, but also require large sample size for validity and may still 91 

demonstrate poor coverage in finite samples.16 An alternative method for estimating robust 92 

standard errors is M-estimation. M-estimators are solutions to a set of estimating equations.17 In 93 

this case, an M-estimator can be used to “fuse” the different datasets collected in hybrid studies 94 

(i.e., facility case data, population enumeration data, healthcare utilization data) via one system 95 

of equations. Through these equations, it can adjust for sampling of the numerator and 96 

denominator, adjust for the probability of healthcare seeking by using a propensity score model, 97 

and estimate incidence, all while appropriately accounting for all sources of uncertainty.18–20   98 

Here, we evaluated methods for healthcare seeking adjustment and uncertainty estimation in 99 

hybrid studies, with the aim to identify methods that minimize bias and improve precision of 100 

infectious disease incidence estimates. Specifically, we aimed to estimate incidence of Shigella 101 

diarrhea in the Enterics for Global Health (EFGH) Shigella surveillance study, as results will be 102 

used by investigators to inform upcoming Shigella vaccine trial design.21,22 To evaluate the 103 

proposed methods, we also conducted a simulation to mimic the data structure in EFGH and 104 

hybrid studies generally. First, we evaluated the performance of propensity score weights to 105 
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adjust for healthcare seeking compared to weighting using the marginal probability. Then, we 106 

developed a data fusion design with M-estimation to estimate confidence intervals around 107 

incidence estimates and compared that to those estimated with Monte Carlo simulations and 108 

bootstrapping.   109 

2. Methods 110 

2.1 Enterics for Global Health (EFGH) Shigella Surveillance Study Data 111 

EFGH is a hybrid surveillance study that aimed to generate incidence estimates of Shigella 112 

diarrhea among children in seven country sites in preparation for Shigella vaccines approaching 113 

Phase 2b/3 trials.21 Broadly, it includes active facility-based surveillance, population 114 

enumeration of the facility catchment areas, and a healthcare utilization survey (HUS) conducted 115 

among a subset of the those enumerated.  116 

Data collection occurred between 2022 and 2024. Country sites included Bangladesh, Kenya, 117 

Malawi, Mali, Pakistan, Peru, and The Gambia, and study facilities captured a total catchment 118 

area of approximately 2.8 million persons, ranging from ~100,000 persons in Blantyre, Malawi 119 

and Iquitos, Peru to 1.6 million persons in Karachi, Pakistan. Children aged 6-35 months of age 120 

presenting with diarrhea at one of the study health facilities and who resided within the pre-121 

defined study area were eligible to be enrolled as cases.23 Diarrhea was defined as ≥3 abnormally 122 

loose or watery stools within 24 hours. Screening and enrollment questionnaires captured clinical 123 

and sociodemographic information from each eligible child. Stool samples were then collected 124 

from those enrolled (prior to receiving antibiotic therapy, if applicable) and etiology was 125 

attributed to 16 enteropathogens by qPCR. Shigella was also isolated via culture and serotyped 126 

by PCR.  127 

Population enumeration surveys were conducted in the catchment area of each study facility, as 128 

defined by geographic or administrative boundaries.24 To do so, grid maps used by WorldPop (an 129 

open access spatial demographic dataset) were first overlaid on the study catchment area for each 130 

site, and square grids were aggregated into clusters such that the average total population per 131 

cluster was approximately 500. Clusters were then randomly selected for enumeration. Each 132 

household within each selected cluster was visited at least once, and those that consented were 133 

asked about the number and age of each child under five years of age living in the house.  134 
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If a visited household had at least one child in the study target age range of 6-35 months who had 135 

diarrhea in the past two weeks, that household was invited to participate in the HUS.24 The HUS 136 

captured if and where those children sought care, as well as similar diarrhea symptoms and 137 

sociodemographic information as that captured among the facility cases.  138 

2.2 Simulated Hybrid Study Data 139 

To validate the performance of propensity score weights to adjust for healthcare seeking 140 

behaviors, as well as each uncertainty estimation method, we simulated data for a hybrid study 141 

parametrized based on the observed values in EFGH. The population in the catchment area and 142 

diarrhea cases occurring over the course of a two-year study were simulated separately, and all 143 

parameters for the simulation are shown in Supplementary Table 1 and Supplementary Table 2. 144 

The population at risk was simulated by first simulating clusters within the catchment area. Each 145 

cluster was assigned an income level (low, middle, high) and a number of households within the 146 

cluster. Then, each household was assigned a wealth quintile, conditional on income level of the 147 

cluster, and a number of children <5 years of age. Each child was assigned an age in months, 148 

whether they experienced diarrhea in the two weeks prior, and if so, symptoms associated with 149 

the episode including number of loose stools on worst day of diarrhea, any fever, any vomiting, 150 

and blood in stool. A healthcare seeking probability was assigned to each child reporting diarrhea 151 

using a logistic regression model predicting the probability of healthcare seeking based on age, 152 

symptoms, and wealth quintile. As a proxy for distance to healthcare facilities, cluster-level 153 

variability was incorporated by adding random normal noise to probabilities at the cluster level. 154 

As a proxy for other unmeasured factors, individual-level variability was incorporated using 155 

random normal noise. Those determined to have sought care were further randomly assigned to 156 

seeking care at a study facility or other facility. A random subset of clusters was selected for 157 

enumeration by the study and a random subset of households in enumerated clusters were 158 

selected for being reached by the study team. 159 

Simulated diarrhea cases occurring over the course of a two-year study were each assigned an 160 

age in months and a wealth quintile. Using the same strategy as for diarrhea cases in the 161 

simulated population at risk, each case was assigned symptoms associated with the episode, a 162 

healthcare seeking probability with individual-level variability, and if they sought care, whether 163 

they did so at a study facility. Lastly, diarrhea etiology due to Shigella was randomly assigned 164 
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using a logistic regression model predicting the probability of Shigella etiology in a diarrhea case 165 

based on age, symptoms, and wealth quintile. If cases sought care at a study facility, they were 166 

randomly selected to being enrolled in the study.  167 

The main simulation scenario, referred to as the average scenario, was based on average 168 

parameters across all EFGH country sites. Additionally, we simulated relative high- and low-169 

healthcare seeking scenarios, which used all the same parameters except the logistic regression 170 

model for predicting healthcare seeking was based on the EFGH sites with highest and lowest 171 

healthcare seeking, respectively. We also simulated high- and low-case scenarios, where the true 172 

number of diarrhea cases were adjusted such that resulting Shigella incidence rates were higher 173 

than the highest incidence EFGH site and lower than the lowest incidence EFGH site, 174 

respectively. We generated 1,000 simulations for each of the five scenarios. The target of 175 

inference for each simulated data set was the true incidence rate of Shigella in the simulated 176 

population, which varied slightly across simulations, as would be expected across sites in a 177 

multisite study. 178 

2.3 Healthcare seeking adjustment 179 

A propensity score model was used to estimate the probability of accessing care given a set of 180 

symptoms and sociodemographic characteristics. The inverse of these estimates was then used to 181 

upweight the facility cases to account for those with the same profile that did not access care (see 182 

Appendix 2-1 for basic illustration of the method).  183 

The propensity score model was a logistic regression model with coefficients based on data from 184 

the HUS. The outcome was defined as caregiver report of seeking care for diarrhea at a 185 

healthcare facility (inpatient or outpatient facility within the catchment area). In the simulated 186 

data, predictors included age, wealth quintile, number of loose stools on worst day of diarrhea, 187 

any fever, any vomiting, and blood in stool. In the EFGH data, predictors included all variables 188 

with a hypothesized association with healthcare seeking behaviors that were captured by both the 189 

facility enrollment survey and the HUS: age in months, sex, country site, wealth quintile, number 190 

of loose stools on worst day, number of days with fever, number of days with vomiting, number 191 

of times vomited on worst day, and caregiver report of blood in stool. See Appendix 2-2 for more 192 

detail on EFGH variable and interaction selection.  193 
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We estimated the bias in incidence adjusted for healthcare seeking by calculating the average 194 

relative difference between the estimated incidence rate and the truth in each simulation. We 195 

compared the bias in each scenario when using propensity score weights to weighting using the 196 

marginal probability of healthcare seeking. To evaluate the impact of extreme weights, we also 197 

compared the bias to using propensity score weights truncated at the 99th and 95th percentiles 198 

(i.e., set all weights above the 99th and 95th percentiles to the 99th and 95th percentile weight 199 

values, respectively). The least biased approach was used in subsequent simulations to evaluate 200 

uncertainty estimation methods.  201 

We hypothesized the healthcare seeking adjustment would be less important for more severe 202 

definitions of diarrhea, which would likely be the primary endpoint in a vaccine trial, as opposed 203 

to an endpoint of any diarrhea. To evaluate this hypothesis, we estimated the percent increase in 204 

incidence estimates in EFGH after adjusting for healthcare seeking for all diarrhea and for 205 

moderate-to-severe diarrhea (MSD) as defined in the GEMS study (i.e., diarrhea with dysentery, 206 

dehydration, or hospitalization).11 207 

2.4 Adjusted incidence and confidence intervals 208 

To estimate adjusted incidence and confidence intervals, we developed a fusion design M-209 

estimator and compared the M-estimator confidence intervals to those generated by bootstrap 210 

and Monte Carlo simulation. M-estimators enable the estimation and combination of statistical 211 

parameters from different data sources using stacked estimating functions and allow a closed-212 

form standard error estimate.18,19 Here, we integrated the three components of a hybrid 213 

surveillance study – facility-based case surveillance, population enumeration data, and healthcare 214 

utilization data – to estimate adjusted incidence.  215 

2.4.1 Adjustments for cases (numerator) 216 

Cases were defined as children in the target age range with Shigella-attributable diarrhea 217 

detected by qPCR, based on a pre-specified pathogen quantity cutoff.25 To estimate the true 218 

number of cases from the observed (i.e., enrolled) number of cases, we upweighted cases to 219 

account for both healthcare seeking behaviors and facility sampling.  220 

The overall healthcare seeking weight for each case 𝑐 was the product of the weight to account 221 

for healthcare seeking at any facility (𝑤!"	$%%&,() and a weight to account for the proportion that 222 
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sought care at a study facility enrolling cases among those that sought care at any facility 223 

(𝑤!"	$%%&	)*	$*+,-	.)(/0/*-,(). The weight to account for any healthcare seeking was the inverse of 224 

their propensity score, from the propensity score model described above. The weight to account 225 

for healthcare seeking at a study facility was the inverse of the site-stratified proportion of 226 

children who sought care at a study facility out of all those who sought care.  227 

The facility sampling weight for each case was the product of a screening weight (𝑤$(1%%2,() and 228 

an enrollment weight (𝑤%21300,(). These weights aim to capture the proportion of cases who 229 

would have been eligible to participate in the study but did not due to lack of consent, no longer 230 

being at the facility, or other administrative reasons (i.e., presented overnight or during a 231 

weekend when EFGH screening did not occur, or presented after the site-specific monthly 232 

enrollment cap had been met). The screening weight was the inverse of the proportion of cases 233 

who were eligible for screening and were screened, stratified by site and facility. The enrollment 234 

weight was the inverse of the proportion of cases who met the enrollment criteria and were 235 

enrolled, stratified by site, facility, and type of diarrhea (i.e., dysentery or watery based on 236 

caregiver report). 237 

2.4.2 Adjustments for child-years at risk (denominator) 238 

Child-years at risk were estimated separately for each facility, then summed for each country 239 

site. First, the adjusted number of children 6-35 months at risk were estimated by multiplying the 240 

number of children enumerated by 1) the inverse of the proportion of households enumerated in 241 

each randomly selected cluster 𝑞 (𝑤!!	%2+4,5), and 2) the inverse of the proportion of the total 242 

study area that was enumerated (𝑤)1%)	%2+4), based on geography. Then, the adjusted number of 243 

children 6-35 months was multiplied by the number of days of clinical surveillance by the 244 

facility and divided by the number of days in a year.  245 

2.4.3 Adjusted incidence 246 

Assembling all the adjustment factors, the adjusted numerator 𝑁 was estimated using weights for 247 

each case 𝑐 and facility ℎ, and the adjusted denominator 𝐷 was estimated using weights for each 248 

catchment area cluster 𝑞. 𝑁 and 𝐷 were then used to estimate the adjusted Shigella incidence 𝐼 as 249 

follows: 250 
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casesh = " 𝑤!"	$%%&,( × 𝑤!"	$%%&	)*	$*+,-	.)(/0/*-,( × 𝑤$(1%%2,( × 𝑤%21300,(

2!"#$#,&

(45

(1)	 251 

𝑁 =	 "
casesh

yearsh

2'"!()(*($#

645

	 (2) 252 

𝐷 =	𝑤)1%)	%2+7 	× " 𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛8 × 𝑤!!	%2+7,8

2!)+#*$,#

845

(3) 253 

𝐼 = 
𝑁
𝐷
	 (4) 254 

Here, 𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛5 is the number of children enumerated in each cluster selected for enumeration, 255 

casesh is the adjusted number of cases captured by each facility, and yearsh is the number of 256 

years each facility recruited cases.  257 

2.4.4 M-estimation 258 

In this section, we describe how we can adapt the above calculation for adjusted incidence to be 259 

computed by M-estimation software. The basic structure of an M-estimator 𝜃/ is as the solution in 260 

𝜃 to an equation:26 261 

"𝜓(𝑂/ , 𝜃)
2

/45

= 0 262 

Where 𝜓 is a 𝑘-dimensional estimating function, 𝑂/ is the observed data for each unit 𝑖, 𝜃 is a 𝑘-263 

dimensional parameter, and 𝑛 is the total number of data units (i.e., rows). To solve for 𝑘 264 

parameter(s) in the estimating function(s), these must be arranged into 𝑘 equations such that one 265 

side of each equation is set to zero.  266 

One set of unknown parameters we need to solve for are the coefficients of the propensity score 267 

model, which is a logistic regression model generally expressed as: 268 

Pr(𝑋/ = 1	|	𝑉/) = 𝑒𝑥𝑝𝑖𝑡D𝛽9 + 𝛽5𝑉5/ +⋯+ 𝛽:𝑉:/H = 𝑒𝑥𝑝𝑖𝑡(𝑉/𝛽;) 269 

Where 𝑋/ is an indicator of healthcare seeking, 𝑉/ = (1, 𝑉6/ , … , 𝑉7/) is a row-vector of all 270 

predictors included in the model, and 𝛽 = 	 (𝛽8, 𝛽6, … , 𝛽7) is a row-vector of their respective 271 
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coefficients. To include this in an M-estimator and solve for 𝑗 coefficients 𝛽, we consider the 272 

following system of 𝑗 + 1 score equations denoted by 𝜓6:26 273 

" 𝜓5(𝑂/ , 𝛽)
2-./

/45

=

⎣
⎢
⎢
⎡ (𝑋/ − 𝑒𝑥𝑝𝑖𝑡(𝑉/𝛽

;))1
(𝑋/ − 𝑒𝑥𝑝𝑖𝑡(𝑉/𝛽;))𝑉5/

…
(𝑋/ − 𝑒𝑥𝑝𝑖𝑡(𝑉/𝛽;))𝑉:/ ⎦

⎥
⎥
⎤
= Q

0
0
…
0

R	 (5) 274 

The solution for 𝛽 in the M-estimator above is the same as the solution for the logistic regression 275 

model if solved using maximum likelihood estimation. These coefficients, estimated using the 276 

HUS data (which has 𝑛!9: rows), can then be used to estimate 𝑤!"	$%%&,( among facility cases.  277 

We similarly use logistic regression models to estimate 𝑤!"	$%%&	)*	$*+,-	.)(/0/*-,( from the HUS 278 

data with estimating equations 𝜓;:  279 

" 𝜓<(𝑂/ , 𝜔)
2-./

/45

= U
(𝑋/ − 𝑒𝑥𝑝𝑖𝑡(𝜑))
(𝑌/ − 𝑒𝑥𝑝𝑖𝑡(𝛾))

Y = Z00[	
(6) 280 

Where 𝑋/ is again healthcare seeking at any facility, 𝑌/ is healthcare seeking at a study facility, 281 

and 𝜔 = (𝜑, 𝛾) (i.e., the intercepts for each model). We can estimate the marginal weight for 282 

seeking care at any facility as 1 𝑒𝑥𝑝𝑖𝑡(𝜑)⁄  and the marginal weight for seeking care at a study 283 

facility as 1 𝑒𝑥𝑝𝑖𝑡(𝛾)⁄ . The estimated weight for seeking care at a study facility can be divided 284 

by the weight for seeking care at any facility, yielding a weight for seeking care at a study 285 

facility among those who seek care.  286 

For 𝑤)1%)	%2+4, we use estimating equation 𝜓< and the population enumeration data, which has 287 

𝑛=3= rows. Here, 𝑍/ is whether a cluster was enumerated and 𝛿 is the model intercept:  288 

" 𝜓=(𝑂/ , 𝛿)

2010

/45

= [(𝑍/ − 𝑒𝑥𝑝𝑖𝑡(𝛿))] = [0]	 (7) 289 

For the simulation, models in 𝜓; and 𝜓< are intercept only models (as shown here), and for 290 

EFGH these include only covariates for country site to estimate site-specific weights.  291 

The remaining weights needed to estimate adjusted incidence (i.e., screening weight for cases 292 

[𝑤$(1%%2,>], enrollment weight for cases [𝑤%21300,>], and weight for percent of households 293 

enumerated per population cluster [𝑤!!	%2+4,(]) are known values, rather than estimated from a 294 

sample and do not contribute to the overall uncertainty.  295 
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To allow M-estimation software to incorporate uncertainty from each unknown adjustment 296 

parameter into the resulting adjusted incidence, all parameters should be estimated within a 297 

single M-estimator. Therefore, the three datasets (i.e., facility case data, population enumeration 298 

data, healthcare utilization data) need to be stacked into a single dataset for analysis by M-299 

estimation software, such that the total number of rows 𝑛 corresponds to the sum of the number 300 

of rows across the three datasets (i.e., 𝑛 = 	𝑛!9: +	𝑛=3= +	𝑛()$%). The stacked dataset includes 301 

all relevant variables from the three datasets, and indicator variables to differentiate the rows of 302 

the stacked dataset that correspond to each of the three original datasets. This data structure is 303 

illustrated in Table 1. 304 

With our estimating equations for unknown parameters and our stacked dataset, we can then 305 

assemble our full M-estimator to compute adjusted incidence and confidence intervals. First, we 306 

include equations from (5), (6), and (7) to estimate the unknown adjustment parameters. Second, 307 

we include additional estimating equations that solve for the adjusted numerator 𝑁, denominator 308 

𝐷, and incidence 𝐼, equivalent to equations (2), (3), and (4). By including these additional 309 

equations, M-estimation software effectively automates the delta method calculations needed to 310 

obtain standard error estimates that account for the uncertainty across all estimated parameters. 311 

Because we are now using a single stacked dataset rather than the individual datasets, we must 312 

use indicator variables to differentiate which parts of the dataset should be used for which 313 

estimating equations. For example, we multiply 𝜓6 by ℎ𝑢𝑠/, an indicator variable to indicate 314 

whether each row in the data is a HUS response, such that propensity score model coefficients 315 

are only estimated with the HUS data in our stacked dataset. Then, using indicator variable 316 

𝑐𝑎𝑠𝑒/, we use the resulting coefficients to generate propensity scores among cases; the inverse of 317 

these scores corresponds to 𝑤!"	$%%&,/. Similarly, we multiply 𝜓; by ℎ𝑢𝑠/ and 𝜓< by 𝑝𝑜𝑝/. Our 318 

resulting M-estimator solves for 𝜃 = (𝛽,𝜔, 𝛿, 𝑁, 𝐷, 𝐼). 319 

"𝜓(𝑂/ , 𝜃)
2

/45

=

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎡

𝜓5(𝑂/ ,𝛽) × ℎ𝑢𝑠/
𝜓<(𝑂/ ,𝜔) × ℎ𝑢𝑠/
𝜓=(𝑂/ ,𝛿) × 𝑝𝑜𝑝/

1
𝑒𝑥𝑝𝑖𝑡(𝑉/𝛽;)

×
𝑒𝑥𝑝𝑖𝑡(𝜑;)
𝑒𝑥𝑝𝑖𝑡(𝛾;) × 𝑤$(1%%2,/ × 𝑤%21300,/ ×

1 𝑦𝑒𝑎𝑟𝑠/g × 𝑛 × 𝑐𝑎𝑠𝑒/ −𝑁

childreni ×
1

𝑒𝑥𝑝𝑖𝑡(𝛿;)
× 𝑤!!	%2+7,/ × 𝑛 × 𝑝𝑜𝑝/ − 𝐷

log k
𝑁
𝐷l

− log(𝐼) ⎦
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎤

=

⎣
⎢
⎢
⎢
⎢
⎡
0
0
0
0
0
0⎦
⎥
⎥
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 321 

Here, 𝑦𝑒𝑎𝑟𝑠/ is the surveillance time for the facility that enrolled each case and 𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛/ is the 322 

number of children enumerated in each cluster. The estimating equations are evaluated over all 323 

rows in the data, but the denominator of the resulting estimator depends on the estimating 324 

equation itself. Therefore, to return the correct numerator (𝑁) and denominator (𝐷) we multiply 325 

the corresponding equations by the number of rows (𝑛) in the data.  326 

To estimate robust confidence intervals around the parameters of interest, the M-estimator uses a 327 

sandwich variance estimator 𝑉(𝜃/). 𝑉(𝜃/) is defined as:26 328 

𝑉N𝜃/O = 	𝐵(𝜃/)?6𝐹(𝜃/)(𝐵N𝜃/O?6)@ 329 

Where 𝐵N𝜃/O is a vector of estimated means of the partial derivatives (the Jacobian) of the 330 

estimating functions, and 𝐹N𝜃/O is the estimated mean of the outer product of the estimating 331 

functions:  332 

𝐵N𝜃/O =
1
𝑛RS−𝜓AN𝑂/ , 𝜃/OU

2

/B6

 333 

𝐹N𝜃/O =
1
𝑛RV𝜓N𝑂/ , 𝜃/O𝜓N𝑂/ , 𝜃/O

@W
2

/B6

 334 

The analysis was done in R version 4.4.1 using the geex package, which is designed for M-335 

estimation and requires a specific format of data and valid estimating functions to output the 336 

resulting parameters and their sandwich variance.27 The geex package includes a parameter that 337 

allowed the M-estimator to account for clustering in the numerator due to repeat cases being 338 

enrolled, and in the HUS due to these being completed in different geographic clusters.  339 

2.4.5 Bootstrap 340 

We also estimated incidence and confidence intervals using the bootstrap, with stratified 341 

resampling by EFGH country (or simulation) and dataset (cases vs population 342 

enumeration/HUS). To account for clustering among cases, the unit of resampling was child 343 

given that in EFGH about 10% of enrolled cases were repeat enrollments. To account for 344 

clustering in the population enumeration and HUS responses, the unit of resampling was 345 
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geographic cluster. Within each bootstrap resample, we computed all adjustment factors with 346 

uncertainty (i.e., 𝑤!"	$%%&,(, 𝑤!"	$%%&	)*	$*+,-	.)(/0/*-,(, and 𝑤)1%)	%2+4) and calculated incidence. 347 

Adjustment factors from known values (i.e., 𝑤$(1%%2,(, 𝑤%21300,(, and 𝑤!!	%2+4,5) were kept fixed 348 

across resamples. Using 1,000 bootstrap resamples, we estimated both percentile (95%) and 349 

Wald style confidence intervals around the resulting incidence estimates. 350 

2.4.6 Monte Carlo simulations 351 

We also estimated incidence and simulation intervals using Monte Carlo simulations to emulate 352 

the methodology used in prior hybrid studies of Typhoid incidence.8,9,13 This approach aims to 353 

introduce uncertainty into adjusted incidence estimates by sampling from a range of values for 354 

each adjustment factor with uncertainty (i.e., 𝑤!"	$%%&,(, 𝑤!"	$%%&	)*	$*+,-	.)(/0/*-,(, and 355 

𝑤)1%)	%2+4). Given that these weights are each the inverse of a proportion bound by 0 and 1, we 356 

sampled the proportions from a logit-normal distribution. These were parametrized by the mean 357 

and prediction standard errors of each proportion in the data. For 𝑤!"	$%%&,(, these parameters 358 

were case-specific based on the propensity score estimated by the healthcare seeking model. For 359 

𝑤!"	$%%&	)*	$*+,-	.)(/0/*-,( and 𝑤)1%)	%2+4, these parameters were country site specific. After 360 

estimating total adjusted case counts by multiplying enrolled cases by their corresponding 361 

weights, we sampled the adjusted counts from a Poisson distribution to account for variability in 362 

the cases. We generated 10,000 simulations and from those estimated 95% simulation intervals 363 

based on the distribution of resulting incidence estimates.  364 

2.4.7 Comparison of uncertainty estimation methods 365 

In each scenario of the simulated data, we estimated four different incidence estimates each with 366 

incremental adjustments. First, we estimated the incidence of cases enrolled at study facilities, 367 

where the only adjustments were applied to the denominator. Second, we estimated incidence of 368 

all cases who sought care at study facilities, adjusting for screening and enrollment. Third, we 369 

estimated incidence of cases who sought care, adjusting for care seeking at study facilities 370 

among those who sought care. And fourth, we estimated total incidence, adjusting for healthcare 371 

seeking at any facility. For each, we estimated 1) the coverage of each uncertainty estimation 372 

method by quantifying the percent of simulations where 95% confidence intervals (95% CI), or 373 

simulation intervals for Monte Carlo, capture the truth, and 2) the precision of each method by 374 

comparing the median and interquartile range (IQR) of confidence interval widths. Lastly, we 375 
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applied all methods to the EFGH data and compared precision and computation time across 376 

methods.  377 

All analyses were performed on a MacBook Pro (2023) with an Apple M3 Pro chip, 12 CPU 378 

cores and 18 GPU cores, 36 GB of unified memory, and a 1 TB SSD storage. The operating 379 

system was macOS Sequoia 15.3. Monte Carlo simulations and bootstrap leveraged 380 

parallelization over 11 cores, while M-estimation must be run in a single process. 381 

3. Results 382 

3.1 Simulation results 383 

3.1.1 Healthcare seeking adjustment 384 

Adjusting using the marginal probability for healthcare seeking resulted in the most precise 385 

estimates across scenarios but was also the most biased (Table 2). In the high and low care 386 

seeking scenarios, the truth (15.77 cases per 100 person-years on average) was overestimated by 387 

3.69% (95% CI: 3.35, 4.04) and 9.51% (95% CI: 8.84, 10.19), respectively (Table 2). 388 

Conversely, the truth was underestimated by -2.17% (95% CI: -2.60, -1.73) in the average 389 

scenario (15.78 cases per 100 person-years on average), -2.32% (95% CI: -2.72, -1.92) in the 390 

high case scenario (47.30 cases per 100 person-years on average), and -2.57% (95% CI: -3.13, -391 

2.02) in the low case scenario (3.61 cases per 100 person-years on average; Table 2).  392 

Using propensity score weights resulted in less bias than the marginal probability, but incidence 393 

was still overestimated on average (Table 2). Truncating weights at the 99th percentile slightly 394 

reduced this bias, but truncating at the 95th percentile performed best across scenarios; the 395 

relative difference between the estimated and true incidence per 100 person-years was 0.71% 396 

(95% CI: 0.20, 1.22) in the average scenario, -0.65% (95% CI: -1.00, -0.30) in the high care 397 

seeking scenario, -1.85% (95% CI: -2.57, -1.12) in the low care seeking scenario, 0.55% (95% 398 

CI: 0.08, 1.02) in the high case scenario, and 0.25% (95% CI: -0.38, 0.88) in the low case 399 

scenario (Table 2). Even though incidence was significantly over- or underestimated in certain 400 

scenarios when using truncated weights at the 95th percentile, the mean bias was lower than with 401 

all other adjustment approaches.  402 

Regardless of truncation, Wald-type bootstrap 95% confidence intervals around propensity score 403 

adjusted incidence had close to nominal coverage; the truth was within the bounds in 94-99% of 404 
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simulations across scenarios, compared to 88-94% when using the marginal probability for 405 

healthcare seeking (Table 2). Truncating the weights improved precision, with propensity score 406 

weights truncated at 95th percentile having the best precision compared to untruncated weights 407 

and similar coverage (Table 2).  408 

Given the low bias, high coverage, and improved precision of using propensity score weights 409 

truncated at the 95th percentile, these are used in the subsequent analyses of uncertainty 410 

estimation methods. Even with truncated weights, the adjustment for healthcare seeking is 411 

responsible for a large difference between incidence of cases who sought care and total incidence 412 

(in the average scenario, median 5.6 cases per 100 person-years [IQR: 5.3-5.9] to median 15.8 413 

[IQR: 14.8-16.9]) (Figure 1). 414 

3.1.2 Adjusted incidence and uncertainty estimation 415 

In the average scenario, M-estimation had above nominal coverage across the different incidence 416 

adjustment levels (97-100%) (Table 3). Bootstrap percentile and Wald-type confidence intervals 417 

had above nominal coverage for incidence of cases enrolled (100%) and cases who sought care 418 

at study facilities (100%), and close to nominal coverage for cases who sought care (95-96%) 419 

and total incidence (94-95%) (Table 3). Monte Carlo simulation intervals also had above nominal 420 

coverage for incidence of cases enrolled (100%), cases who sought care at study facilities 421 

(100%), and cases who sought care (99%), and slightly below nominal coverage for total 422 

incidence (93%) (Table 3). Results were generally consistent across scenarios with two 423 

exceptions. First, M-estimation had slightly below nominal coverage for total incidence in the 424 

low care seeking scenario (93%) (Table 3). Second, Monte Carlo simulation interval coverage for 425 

total incidence ranged from 95% in the high case scenario to 87% in the low case scenario (Table 426 

3).  427 

In the average scenario, M-estimation confidence intervals were the least precise across 428 

incidence adjustment levels (Table 4). Bootstrap percentile and Wald-type confidence intervals 429 

had very similar precision, and these were also very similar to Monte Carlo simulation intervals 430 

for incidence of enrolled cases and cases who sought care at study facilities (Table 4). Bootstrap 431 

was more precise for incidence of cases who sought care, while Monte Carlo was more precise 432 

for total incidence (Table 4). This was generally consistent across scenarios except for the low 433 

care seeking scenario, where bootstrap confidence intervals for total incidence were very wide 434 
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for some simulations, resulting in lower precision on average compared to both M-estimation 435 

and Monte Carlo simulations (Figure 1, Table 4). 436 

3.2 EFGH Results 437 

3.2.1 Associations with care seeking and Shigella etiology 438 

In a multivariable regression model of the EFGH HUS used to parametrize the average care 439 

seeking scenarios of the simulation, we found number of days with fever (odds ratio [OR] = 440 

1.23; 95% CI: 1.19, 1.28), number of days with vomiting (OR = 1.31; 95% CI: 1.24, 1.39), and 441 

number of loose stools on worst day of diarrhea (OR = 1.13; 95% CI: 1.09, 1.17) were all 442 

associated with increased healthcare seeking after adjusting for age and wealth quintile 443 

(Supplementary Table 2). In that same model, wealth quintile was also associated with healthcare 444 

seeking, with wealthier quintiles being more likely to seek care than poorer wealth quintiles 445 

(Supplementary Table 2). On the other hand, age (OR = 0.99; 95% CI: 0.99, 1.00) and blood in 446 

stool (OR = 1.27; 95% CI: 1.00, 1.60) did not show evidence of an association with healthcare 447 

seeking after adjusting for other variables (Supplementary Table 2). These results were consistent 448 

in the models restricted to high and low care seeking scenarios, respectively (Supplementary 449 

Table 2).  450 

In a multivariable regression model of EFGH cases where the outcome was diarrhea attributed to 451 

Shigella, adjusted for all the same variables as the HUS model, we found that a higher age in 452 

months (OR = 1.06; 95% CI: 1.06, 1.07), greater number of days with fever (OR = 1.06; 95% CI: 453 

1.03, 1.10), greater number of loose stools on worst day of diarrhea (OR = 1.08; 95% CI: 1.06, 454 

1.10), and blood in stool (OR = 3.99; 95% CI: 3.45, 4.61) were all significantly associated with 455 

Shigella diarrhea (Supplementary Table 2). Number of days with vomiting was negatively 456 

associated with Shigella diarrhea (OR = 0.86; 95% CI: 0.81, 0.90) and wealth quintile was not 457 

significantly associated with Shigella diarrhea (Supplementary Table 2).  458 

3.2.2 Adjusted incidence and uncertainty estimation 459 

Based on our simulation results, we adjusted for healthcare seeking in the EFGH data using 460 

propensity score weights truncated at the 95th percentile. There was important variability in the 461 

incidence of Shigella diarrhea cases enrolled in EFGH across country sites, and variability in 462 

healthcare seeking behaviors are evidenced by the difference between incidence of cases who 463 

sought care at study facilities and total incidence (Figure 2). Healthcare seeking for diarrhea 464 
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ranged from 16% to 55% across sites, and among those who sought care, seeking care at an 465 

EFGH facility ranged from 16% to 88% (Supplementary Table 3). Across sites, the healthcare 466 

seeking adjustment resulted in a greater percent increase in incidence for all Shigella diarrhea 467 

(66-766%) than for moderate-to-severe Shigella diarrhea (40-476%, Supplementary Figure 1). 468 

Consistent with the simulation results, M-estimation confidence intervals were generally slightly 469 

less precise than other methods for incidence for cases enrolled, cases who sought care at study 470 

facilities, and cases who sought care (Figure 2; Supplementary Table 4). However, M-estimation 471 

was slightly more precise than bootstrap for total incidence, with Wald-style confidence intervals 472 

being more precise than percentile confidence intervals (Figure 2; Supplementary Table 4). 473 

Precision of Monte Carlo simulation intervals was highly variable across sites and incidence 474 

adjustment levels; it was generally more precise than other methods, but for certain sites and 475 

incidence estimates it was the least (or close to the least) precise (Figure 2; Supplementary Table 476 

4).   477 

Computation times varied widely across methods, with the fastest being Monte Carlo simulations 478 

(10,000 simulations completed in 27 seconds), followed by bootstrap (1,000 resamples 479 

completed in 36 seconds), and M-estimation using geex being significantly slower (completed in 480 

one hour and 34 minutes).  481 

4. Discussion 482 

In this analysis, we sought to improve the healthcare seeking adjustment and the uncertainty 483 

estimation methods used in hybrid surveillance studies of infectious disease incidence. For the 484 

healthcare seeking adjustment, we found that weighting cases with the inverse of the marginal 485 

probability of healthcare seeking, as was done in prior studies of diarrheal disease (GEMS28 and 486 

VIDA12), is likely to lead to bias, and the direction of this bias is difficult to predict. Using a 487 

logistic regression model to generate propensity for healthcare seeking scores based on a set of 488 

sociodemographic and disease severity characteristics, and weighting cases using the inverse of 489 

these individual-level scores, greatly reduces bias in the estimates. However, propensity score 490 

weights tended to overestimate incidence in most scenarios, likely due to extreme weights 491 

resulting from limited data in certain strata of the covariates included in the model. This was 492 

resolved by truncating weights at the 95th percentile, which resulted in approximately unbiased 493 

incidence estimates across almost all scenarios. When applied to the EFGH data, we found the 494 
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healthcare seeking adjustment to result in a smaller but still important increase in incidence for 495 

moderate-to-severe Shigella diarrhea, which is more likely to be the primary endpoint in a 496 

vaccine trial. 497 

To adjust for healthcare seeking, one recent typhoid fever hybrid surveillance study considered 498 

the influence of wealth and education,8 while two others only stratified by age and site.9,10 Our 499 

results suggest that, although these stratifications are likely an improvement over weighting 500 

based on the marginal probability of healthcare seeking, this may be insufficient and may have 501 

yielded biased results. After adjusting for symptoms, age, and wealth in EFGH, we found that 502 

most symptoms—but not age—significantly predicted care seeking, highlighting the importance 503 

of accounting for factors other than age. Furthermore, we found that all symptoms associated 504 

with care seeking were also associated with Shigella attribution among children with diarrhea. 505 

When individuals with the target pathogen (e.g., typhoid, Shigella) are more or less likely to seek 506 

care than other individuals with the relevant syndrome (e.g., febrile illness, diarrhea), the 507 

estimated incidence may be further biased.13 The propensity score approach appears to account 508 

for bias due to both general heterogeneity in care seeking as well as differential care seeking 509 

among those with the etiology of interest, as both were incorporated in our simulation. 510 

In our simulation, we also compared how well three uncertainty estimation methods for hybrid 511 

surveillance studies captured the target of inference, which was the simulation-specific true 512 

incidence. We found that M-estimation and bootstrap confidence intervals both had at least 513 

nominal and often conservative coverage of the true total incidence across scenarios. Our 514 

findings are consistent with other simulation studies of fusion designs using M-estimation, which 515 

have found nominal coverage of confidence intervals across several estimators.18–20 Monte Carlo 516 

intervals had nominal coverage in certain scenarios, but in the low case scenario, for example, 517 

had substantially less than nominal coverage. All three uncertainty estimation methods produced 518 

conservative confidence intervals for incidence of enrolled cases and incidence of cases who 519 

sought care at study facilities, both of which we estimated directly in the population we were 520 

trying to make an inference in (e.g., enrolled cases). This is in contrast to the incidence of cases 521 

who sought care and total incidence, which we estimated based on a sample from a super 522 

population. When applied to the EFGH data, we again found that Monte Carlo simulation 523 

intervals were often most precise, and that bootstrap and M-estimation confidence intervals were 524 

similar.  525 
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We also evaluated each uncertainty estimation method’s efficiency and ease of implementation. 526 

When implemented using the geex package.27 M-estimation was significantly more 527 

computationally intensive than the other methods, taking more than an hour to complete 528 

compared to less than a minute for Monte Carlo and bootstrap. Additionally, M-estimation 529 

implementation is not trivial. Though simplified by the functions in the geex package, it requires 530 

specific data formatting and an understanding of the structure of the estimating functions, which 531 

can be difficult to specify depending on the complexity of the analysis at hand. Although 532 

bespoke M-estimation functions or implementation through the delicatessen package in Python29 533 

may be more computationally efficient than geex, this would require specialized knowledge and 534 

may not be feasible for some analysts. Bootstrap implementation is comparatively 535 

straightforward and thus may be a preferred approach.  536 

Uncertainty estimation across prior hybrid surveillance studies has been inconsistent. The initial 537 

GEMS analysis estimated uncertainty around incidence using the delta method, which 538 

appropriately accounts for uncertainty when estimating several unknown quantities from 539 

different data sets, and is mathematically equivalent to M-estimation.28 A re-analysis of GEMS, 540 

as well as VIDA, instead used bootstrapping to first estimate uncertainty around the attributable 541 

fraction for each pathogen, and then used the bootstrapped estimates, the estimate of all cause 542 

diarrhea incidence, and the delta method to estimate uncertainty around etiology-specific 543 

incidence.2,12 Two of the aforementioned typhoid studies used Monte Carlo simulations to 544 

sample from a distribution of each adjustment probability and from a distribution of cases,8,9 545 

while the third used a Bayesian mixture model.10  546 

An important limitation of this analysis is the potential recall bias in the HUS data, from which 547 

the healthcare seeking adjustments are estimated. Caregivers who brought their child to care are 548 

probably more likely to recall their symptoms, or to recall them as more severe, than those who 549 

did not bring their child to care. Additionally, symptoms reported by facility cases are limited to 550 

those that occurred in the lead up to the decision to seek care. On the other hand, symptoms 551 

reported in the HUS, which covered a two-week recall period, may include symptoms that 552 

occurred for only part of the episode (if ongoing at the time of the survey) or for the entire 553 

episode (if resolved) and therefore not necessarily limited to before caregivers decided whether 554 

to seek care. This may impact the accuracy of the healthcare seeking weights generated by the 555 

propensity score model, which rely on the data reported by caregivers. In our simulation we 556 
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implicitly assume no bias in the HUS responses and that the propensity score model for 557 

healthcare seeking is correctly specified. These assumptions are likely not realistic and their 558 

impact on estimated incidence rates should be evaluated in future work. Similarly, duration of 559 

symptoms may be an important determinant of care seeking, but this was not incorporated in our 560 

model given that this is unknown for HUS respondents for whom symptoms have not yet 561 

resolved, and for all facility cases. Future work should evaluate deriving propensity for care 562 

seeking weights from a time-to-event model incorporating the probability of seeking care each 563 

day after the start of symptoms.  564 

In conclusion, we found that propensity for healthcare seeking scores, with truncating of extreme 565 

weights, can be used to appropriately adjust for healthcare seeking behaviors in hybrid studies; 566 

these are a great improvement over adjusting using the marginal or stratified probability for 567 

healthcare seeking which is likely to yield biased estimates. Additionally, M-estimation or 568 

bootstrap may be an appealing option for uncertainty estimation in hybrid studies as they both 569 

provide nominal coverage and reasonable precision. However, bootstrap confidence intervals 570 

may be a preferable approach considering M-estimation’s computation and implementation 571 

challenges. We found that Monte Carlo did not consistently provide appropriate coverage, and it 572 

requires unverifiable assumptions of the distribution of adjustment parameters.  573 

Our results illustrate an approach to accurately estimate infectious disease incidence from hybrid 574 

surveillance studies with appropriate uncertainty, removing the need to conduct resource 575 

intensive cohort studies. The incidence estimates generated with these methods for the EFGH 576 

study will be crucial to informing upcoming Shigella vaccine trials,22 and the approach should be 577 

widely applicable to future hybrid studies of other infectious diseases.  578 
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9. Tables  683 

Table 1. Illustration of data structure required for M-estimation. 684 

hus 
(indicato
r 
variable 
for HUS 
data) 

case 
(indicato
r 
variable 
for 
facility 
case 
data) 

pop 
(indicator 
variable 
for 
population 
enumeratio
n data) 

Sought 
care for 
diarrhe
a  
(0 = 
no, 1 = 
yes) 

Sought 
care for 
diarrhe
a at 
study 
facility  
(0 = 
no, 1 = 
yes) 

Age 
(months
) 

Wealt
h 
quintil
e 

Vomitin
g  
(0 = no, 
1 = yes) 

Enrolme
nt weight 

Number of 
children 
enumerate
d in 
cluster 

1 0 0 1 1 7 3 0 999 999 
1 0 0 0 0 29 2 0 999 999 
1 0 0 1 0 10 5 1 999 999 
1 0 0 0 0 12 1 1 999 999 
1 0 0 1 1 32 1 0 999 999 
0 1 0 999 999 23 5 1 3.54 999 
0 1 0 999 999 16 5 0 1.59 999 
0 1 0 999 999 9 3 0 1.59 999 
0 1 0 999 999 14 1 0 2.78 999 
0 1 0 999 999 26 2 1 2.78 999 
0 0 1 999 999 999 999 999 999 29 
0 0 1 999 999 999 999 999 999 53 
0 0 1 999 999 999 999 999 999 78 
0 0 1 999 999 999 999 999 999 11 
0 0 1 999 999 999 999 999 999 16 

Not real data and not a comprehensive illustration of all variables included in analyses. 999 represents “not 685 
applicable.” 686 

687 
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Table 2. Simulation results comparing bias and precision of estimated total incidence using different approaches to 688 
adjust for healthcare seeking. 689 

Scenario 

Healthcare 
seeking 

adjustment 
method 

True 
incidence† 

(mean, 
range) 

Estimated 
incidence† 

(mean, 
range) 

Relative difference in 
estimated incidence‡ 

(mean, 95% CI) 

Coverage 
of 

bootstrap 
Wald 95% 

CIs§ 

Width of bootstrap 
Wald 95% CIs 
(median, IQR) 

Average 
cases, 

average 
care 

seeking 
 

PS weights 15.78 
(13.62-18.15) 

16.08 
(12.14-23.28) 

1.91% 
(95% CI: 1.39, 2.44) 95% 5.23 

(IQR: 4.77-5.82) 
PS weights 
truncated at 

99% 

15.78 
(13.62-18.15) 

16.05 
(12.13-23.24) 

1.71% 
(95% CI: 1.19, 2.23) 95% 5.20 

(IQR: 4.74-5.78) 

PS weights 
truncated at 

95% 

15.78 
(13.62-18.15) 

15.89 
(12.05-22.79) 

0.71% 
(95% CI: 0.20, 1.22) 95% 5.06 

(IQR: 4.63-5.61) 

Marginal care 
seeking % 

15.78 
(13.62-18.15) 

15.44 
(11.91-21.13) 

-2.17% 
(95% CI: -2.60, -

1.73) 
94% 4.41 

(IQR: 4.07-4.83) 

Average 
cases, 

high care 
seeking 

PS weights 15.77 
(13.67-18.55) 

15.94 
(12.61-20.63) 

1.07% 
(95% CI: 0.71, 1.43) 95% 3.74 

(IQR: 3.45-4.09) 
PS weights 
truncated at 

99% 

15.77 
(13.67-18.55) 

15.88 
(12.58-20.59) 

0.72% 
(95% CI: 0.36, 1.08) 95% 3.72 

(IQR: 3.43-4.05) 

PS weights 
truncated at 

95% 

15.77 
(13.67-18.55) 

15.67 
(12.44-20.36) 

-0.65% 
(95% CI: -1.00, -

0.30) 
94% 3.61 

(IQR: 3.33-3.92) 

Marginal care 
seeking % 

15.77 
(13.67-18.55) 

16.35 
(13.00-21.11) 

3.69% 
(95% CI: 3.35, 4.04) 92% 3.56 

(IQR: 3.30-3.86) 

Average 
cases, 

low care 
seeking 

PS weights 15.77 
(13.64-18.77) 

17.00 
(10.97-35.82) 

7.79% 
(95% CI: 6.80, 8.78) 99% 10.04 

(IQR: 8.01-14.93) 
PS weights 
truncated at 

99% 

15.77 
(13.64-18.77) 

16.79 
(10.92-34.47) 

6.44% 
(95% CI: 5.50, 7.39) 98% 9.64 

(IQR: 7.82-14.18) 

PS weights 
truncated at 

95% 

15.77 
(13.64-18.77) 

15.48 
(10.70-28.27) 

-1.85% 
(95% CI: -2.57, -

1.12) 
96% 7.73 

(IQR: 6.53-9.95) 

Marginal care 
seeking % 

15.77 
(13.64-18.77) 

17.27 
(12.35-24.09) 

9.51% 
(95% CI: 8.84, 10.19) 88% 6.80 

(IQR: 6.10-7.55) 

High cases, 
average 

care 
seeking 

PS weights 47.30 
(40.98-54.54) 

48.15 
(36.23-68.76) 

1.76% 
(95% CI: 1.28, 2.25) 96% 14.81 

(IQR: 13.46-16.37) 
PS weights 
truncated at 

99% 

47.30 
(40.98-54.54) 

48.05 
(36.16-68.47) 

1.56% 
(95% CI: 1.07, 2.04) 96% 14.72 

(IQR: 13.37-16.24) 

PS weights 
truncated at 

95% 

47.30 
(40.98-54.54) 

47.57 
(35.81-67.42) 

0.55% 
(95% CI: 0.08, 1.02) 95% 14.36 

(IQR: 13.00-15.79) 

Marginal care 
seeking % 

47.30 
(40.98-54.54) 

46.21 
(35.22-61.36) 

-2.32% 
(95% CI: -2.72, -

1.92) 
94% 12.41 

(IQR: 11.38-13.56) 

Low cases, 
average 

care 
seeking 

PS weights 3.61 
(3.02-4.26) 

3.66 
(2.47-5.30) 

1.43% 
(95% CI: 0.79, 2.07) 96% 1.50 

(IQR: 1.37-1.66) 
PS weights 
truncated at 

99% 

3.61 
(3.02-4.26) 

3.65 
(2.47-5.27) 

1.23% 
(95% CI: 0.59, 1.87) 96% 1.49 

(IQR: 1.36-1.65) 
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PS weights 
truncated at 

95% 

3.61 
(3.02-4.26) 

3.62 
(2.45-5.19) 

0.25% 
(95% CI: -0.38, 0.88) 95% 1.46 

(IQR: 1.34-1.61) 

Marginal care 
seeking % 

3.61 
(3.02-4.26) 

3.51 
(2.43-4.75) 

-2.57% 
(95% CI: -3.13, -

2.02) 
94% 1.29 

(IQR: 1.20-1.39) 

95% CI = 95% confidence intervals, IQR = interquartile range, PS = propensity score 690 
†Incidence per 100 person-years. 691 
‡Relative difference between truth and estimated incidence in each simulation. 692 
§Percent of simulations where confidence intervals capture the truth.   693 
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Table 3. Percent of confidence or simulation intervals that capture the truth across scenarios, for different incidence 695 
adjustment levels and uncertainty estimation methods. 696 

Scenario Incidence 
adjustment level M-estimation Bootstrap 

percentile 
Bootstrap 

Wald 
Monte 
Carlo 

Average cases, 
average care seeking  

Enrolled 100% 100% 100% 100% 
Sought care at 
study facilities 100% 100% 100% 100% 

Sought care 99% 95% 96% 99% 
Total 97% 94% 95% 93% 

Average cases, 
high care seeking 

Enrolled 100% 100% 100% 100% 
Sought care at 
study facilities 100% 100% 100% 100% 

Sought care 99% 96% 96% 98% 
Total 99% 95% 94% 94% 

Average cases, 
low care seeking 

Enrolled 100% 100% 100% 100% 
Sought care at 
study facilities 100% 100% 100% 100% 

Sought care 98% 95% 95% 99% 
Total 93% 96% 96% 92% 

High cases, 
average care seeking 

Enrolled 100% 100% 100% 100% 
Sought care at 
study facilities 100% 100% 100% 100% 

Sought care 99% 96% 96% 99% 
Total 97% 95% 95% 95% 

Low cases, 
average care seeking 

Enrolled 100% 100% 100% 100% 
Sought care at 
study facilities 100% 100% 100% 100% 

Sought care 99% 97% 97% 97% 
Total 98% 95% 95% 87% 

 697 

 698 
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Table 4. Median and interquartile range of confidence interval width across simulation scenarios, for different 700 
incidence adjustment levels and uncertainty estimation methods. 701 

Scenario 
Incidence 
adjustment 

level 

M-estimation 
(median, IQR) 

Bootstrap percentile 
(median, IQR) 

Bootstrap Wald 
(median, IQR) 

Monte Carlo 
(median, IQR) 

Average 
cases, 

average 
care 

seeking  

Enrolled 0.36 (IQR: 0.35-
0.38) 

0.21 (IQR: 0.20-
0.22) 

0.21 (IQR: 0.21-
0.22) 

0.23 (IQR: 0.22-
0.24) 

Sought care 
at 

study 
facilities 

0.52 (IQR: 0.50-
0.54) 

0.30 (IQR: 0.29-
0.32) 

0.31 (IQR: 0.29-
0.32) 

0.28 (IQR: 0.26-
0.29) 

Sought care 1.76 (IQR: 1.63-
1.89) 

1.40 (IQR: 1.29-
1.53) 

1.40 (IQR: 1.29-
1.53) 

1.67 (IQR: 1.56-
1.81) 

Total 5.65 (IQR: 5.20-
6.15) 

5.13 (IQR: 4.69-
5.73) 

5.06 (IQR: 4.63-
5.61) 

4.69 (IQR: 4.29-
5.13) 

Average 
cases, 

high care 
seeking 

Enrolled 0.57 (IQR: 0.55-
0.59) 

0.29 (IQR: 0.28-
0.31) 

0.30 (IQR: 0.28-
0.31) 

0.30 (IQR: 0.29-
0.31) 

Sought care 
at 

study 
facilities 

0.82 (IQR: 0.79-
0.85) 

0.42 (IQR: 0.40-
0.44) 

0.42 (IQR: 0.41-
0.44) 

0.37 (IQR: 0.36-
0.38) 

Sought care 2.59 (IQR: 2.43-
2.76) 

1.90 (IQR: 1.76-
2.06) 

1.90 (IQR: 1.76-
2.06) 

2.07 (IQR: 1.94-
2.24) 

Total 4.50 (IQR: 4.22-
4.80) 

3.63 (IQR: 3.33-
3.95) 

3.61 (IQR: 3.33-
3.92) 

3.37 (IQR: 3.14-
3.64) 

Average 
cases, 

low care 
seeking 

Enrolled 0.25 (IQR: 0.24-
0.27) 

0.16 (IQR: 0.16-
0.17) 

0.17 (IQR: 0.16-
0.17) 

0.18 (IQR: 0.17-
0.19) 

Sought care 
at 

study 
facilities 

0.36 (IQR: 0.35-
0.38) 

0.23 (IQR: 0.23-
0.24) 

0.24 (IQR: 0.23-
0.25) 

0.22 (IQR: 0.21-
0.22) 

Sought care 1.35 (IQR: 1.24-
1.48) 

1.16 (IQR: 1.05-
1.29) 

1.16 (IQR: 1.05-
1.29) 

1.49 (IQR: 1.36-
1.62) 

Total 6.97 (IQR: 6.21-
7.76) 

7.88 (IQR: 6.74-
9.28) 

7.73 (IQR: 6.53-
9.95) 

6.42 (IQR: 5.70-
7.12) 

High 
cases, 

average 
care 

seeking 

Enrolled 0.92 (IQR: 0.89-
0.96) 

0.43 (IQR: 0.41-
0.45) 

0.43 (IQR: 0.41-
0.45) 

0.41 (IQR: 0.40-
0.43) 

Sought care 
at 

study 
facilities 

1.32 (IQR: 1.27-
1.37) 

0.61 (IQR: 0.58-
0.64) 

0.61 (IQR: 0.59-
0.64) 

0.51 (IQR: 0.49-
0.53) 

Sought care 4.81 (IQR: 4.47-
5.19) 

3.85 (IQR: 3.53-
4.23) 

3.85 (IQR: 3.53-
4.22) 

4.90 (IQR: 4.56-
5.31) 

Total 15.77 (IQR: 14.47-
17.18) 

14.54 (IQR: 13.20-
16.04) 

14.36 (IQR: 13.00-
15.79) 

13.93 (IQR: 12.77-
15.18) 

Low 
cases, 

average 
care 

seeking 

Enrolled 0.12 (IQR: 0.12-
0.13) 

0.09 (IQR: 0.09-
0.10) 

0.10 (IQR: 0.09-
0.10) 

0.11 (IQR: 0.10-
0.11) 

Sought care 
at 

study 
facilities 

0.18 (IQR: 0.17-
0.19) 

0.14 (IQR: 0.13-
0.14) 

0.14 (IQR: 0.13-
0.14) 

0.13 (IQR: 0.12-
0.13) 

Sought care 0.52 (IQR: 0.49-
0.56) 

0.43 (IQR: 0.40-
0.47) 

0.43 (IQR: 0.41-
0.47) 

0.42 (IQR: 0.39-
0.45) 
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Total 1.62 (IQR: 1.50-
1.77) 

1.47 (IQR: 1.35-
1.63) 

1.46 (IQR: 1.34-
1.61) 

1.10 (IQR: 1.02-
1.22) 

 702 

703 
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10. Figures 704 

 705 

Figure 1. Estimated incidence rates, for each level of incidence adjustment, across simulations and scenarios.  706 

Points and shaded areas represent the estimated incidence rates and 95% confidence intervals with each uncertainty 707 
estimation method. X-axis is on the log scale.  708 

709 
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 710 

Figure 2. Incidence of Shigella diarrhea per 100 person-years among children 6-35 months of age in country sites 711 
included in the EFGH study, with uncertainty estimated using M-estimation, bootstrap, and Monte Carlo 712 
simulations.  713 

Note y-axis is on the log scale. 714 
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