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Abstract 

Accurately measuring antibody levels is important for assessing population immunity and 

guiding vaccine development. We identify batch-level biases and experimental noise in 

neutralizing antibody (nAb) titer estimates from respiratory syncytial virus (RSV) foci reduction 

neutralization tests (FRNTs) when using off-the-shelf methods such as the Kärber formula and 

four-parameter logistic (4PL) model. To address this, we develop a Bayesian hierarchical model 

(BHM) to estimate nAb titers, correcting for batch effects and other sources of experimental 

variation. We evaluate model performance using both simulated and experimental FRNT data. In 

simulation, nAb titers are most accurate using the BHM (Spearman 𝜌=0.96 compared to 

simulation truth, P<0.001; root mean square error [RMSE]=0.41), outperforming the Kärber 

formula (𝜌=0.63, P<0.001; RMSE=1.64) and 4PL model (𝜌=0.87, P<0.001; RMSE=1.09). The 

Kärber formula produces more false negatives (9.85%) than the 4PL model (2.42%) and BHM 

(0.93%), and the 4PL model often produces biased titers for weakly positive samples. In 

experimental data, population-level measures, such as geometric mean titers (GMTs), 

seroprevalence and seroincidence differ substantially depending on the method. This framework 

can be adapted to other antibody assays producing dilution series data and improves the accuracy 

and robustness of titer estimates across a range of experimental settings. 
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Introduction 

Serological data are crucial for quantifying population exposure and immunity against a range of 

pathogens, particularly vaccine preventable diseases where humoral immunity provides a key 

measure of protection.1-4 By measuring pre-existing antibody levels induced by past infection 

and vaccination, public health interventions can be targeted to susceptible individuals and 

populations at greatest risk of disease. This approach to characterizing population immunity is 

particularly timely for respiratory syncytial virus (RSV) following recent advances in RSV 

prophylactics, including the approval of several vaccines and a half-life-extended monoclonal 

antibody (mAb).5-9 The public health burden of RSV is considerable, causing acute respiratory 

infections in individuals of all ages, contributing to over 100,000 deaths annually among children 

under five and significant rates of mortality among older adults.10,11  Thus, reliable serological 

evidence is needed to guide optimal vaccination strategies to reduce disease burden, particularly 

in children and infants. 

Neutralizing antibodies (nAbs) in particular play a key role in immunity by effectively blocking 

viral entry into host cells and inhibiting a virus’s within-host activity, and are recognized as key 

serological correlates of protection for many pathogens, including RSV.12-15 Multiple 

neutralization tests, such as the plaque reduction neutralization test (PRNT), foci reduction 

neutralization test (FRNT), and pseudovirus neutralization test (PVNT), have been established to 

quantify antibody concentrations in serum.12,16-19 A common design for these assays involves 

incubating a virus with a series of diluted serum samples and measuring the experimental 

outcome (e.g., the number of plaques or foci of infected cells) at each dilution. As assay readouts 

vary across dilutions, a quantitative relationship (i.e., a dilution curve) can be inferred for each 

sample, serving as the basis for estimating the nAb titer, a summary statistic of the antibody 

concentration in a sample. Specifically, the titer is often defined as the reciprocal of the dilution 

that results in 50% neutralization. 

Although a neutralizing antibody titer is ideally an accurate summary measurement of antibody 

levels in a sample from a dilution series, differences in experimental design and the absence of 

standard controls can limit the comparability of data across studies.3,20-22 International initiatives 

to standardize methods and reporting have improved inter-lab comparisons, but other sources of 

random and systematic error can still persist. For example, intra-laboratory variation arises from 

differences in reagent lots, cell passages, operators, and environmental conditions across 

experimental batches even if the protocol is unchanged. Moreover, even within a single batch, 

technical errors, such as pipetting errors and variation in incubation conditions, can introduce 

uncertainty in titer estimation. Replicate measurements of the same sample are often used to 

average over this technical variation, but this does not adjust for systematic biases arising 

between batches or laboratory testing rounds.  
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Despite the attention paid to experimental design, less care is given to the statistical method for 

calculating antibody titers from dilution series data.20 To generate a single antibody titer 

estimate, a dose-response analysis is usually performed using the raw dilution series data such 

that the output is a single parameter or summary from a fitted model.23 Careful statistical analysis 

at this stage is arguably as important for calculating estimates such as seroprevalence or 

geometric mean titers (GMTs) as the experimental design, but modelling specialists are often 

only involved after the raw data processing stage. A number of off-the-shelf methods exist for 

estimating antibody titers, including the Kärber formula and the four-parameter logistic (4PL) 

model, as well as more sophisticated, custom mathematical models.17,23-27 However, their 

performance for estimating antibody titers from raw serial dilution data has not been explored, 

and uncertainty in the model fits are not usually propagated into downstream analyses.  

This study aims to provide a practical mathematical framework that can be readily adopted by 

laboratories and researchers to improve the estimation of antibody titers from dilution series data. 

We developed a Bayesian hierarchical model (BHM), generating posterior distributions for 

individual antibody titers while correcting for between-lab or between-batch level effects. We 

applied the framework to RSV FRNT data generated from a robust assay protocol with positive 

serum and virus controls, demonstrating how raw data generated from a standardized procedure 

can be paired with a sophisticated model to improve the estimation of neutralizing antibody 

titers. To evaluate the performance of our framework, we conducted a simulation study 

comparing the proposed model with standard estimation methods. We also examined how 

different titer estimation approaches affect population-level serological outcomes from two 

seroepidemiological studies in Anhua County, Hunan Province, China, including age-stratified 

seroprevalence, GMTs, seroconversion rates, and fold-rise rates.  

Results 

Description of experimental data 

This study was based on 1,777 serum samples combined from two independent studies: 485 from 

a cross-sectional seroepidemiological survey (participants aged 9 months to 95 years)28 and 

1,292 from a mother-neonate cohort (143 mother-neonate pairs followed for 5-8 years post-

delivery)29. The overall age distribution of the combined samples was 0-6 months: 508 (28.6%), 

7 months-5 years: 541 (30.4%), and >5 years: 728 (41.0%). See Methods and Table S1 for 

details. Samples were tested in 28 separate batches using RSV FRNTs (with workflow illustrated 

in Figure 1A and detailed in the Supplementary Information). In each batch, multiple 96-well 

plates were processed in parallel under the same experimental conditions, with an assay-level 

covariate (i.e., virus working dilution; see Methods for details) varied across batches. Each batch 

included three types of samples. First, a virus control (VC) prepared at a fixed dilution of 

working virus stock without serum. Second, serially diluted positive controls to ensure 

reproducibility, including an internal positive control (PC) and an International Standard control 
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(IS; see Methods for details). Third, serum samples from study participants with unknown 

antibody concentration (Figure 1B). The virus working dilution, number of replicates per assay 

control, as well as the number and source of samples in each batch, are summarized in Table S2. 

The raw dilution series data (i.e., foci count) from the FRNT assay are illustrated in Figure 1C. 

The objective of the FRNT is to estimate the antibody concentration (i.e., nAb titer) in each 

sample. In this process, the virus control provides a measure of the background signal (i.e., the 

count of foci observed in the absence of serum) across different experimental conditions and 

batches. The positive controls, which should have the same concentration in each experimental 

run, provide information on the effects of between-batch variation. The true antibody 

concentration in each sample is therefore a latent variable of interest. However, the assay 

provides only noisy measurements of this latent variable. The purpose of the modelling is to 

obtain reliable estimates of the true antibody titer after accounting for noise and errors introduced 

in the measurement process. 

RSV FRNT titers show considerable variation between and within batches 

Using experimental data from assay controls, we observed considerable variability in RSV 

FRNT measurements across virus working dilutions, as well as between and within batches. 

Results are presented for both raw assay readouts and nAb titers (estimated using the Kärber 

method and the 4PL model; see Methods for details; an illustration of the 4PL model is provided 

in Figure S1). Specifically, the assay-level covariate, i.e., virus working dilution, directly 

influenced the observed foci counts, resulting in different levels of background signals, with 

higher virus working dilutions associated with lower foci counts in the VC. However, 

considerable variation in raw VC measurements was still observed across batches even when the 

same virus working dilution was used (Figure S2A). This between-batch variability was also 

observed for PC and IS. We selected two representative batches as illustrative examples: batch 

20 consistently showed lower foci counts across serial dilutions, whereas batch 22 showed higher 

foci counts, despite using the same virus working dilution (Figure S2B-C). A commonly used 

method for the control of batch effects is to normalize the data by calculating foci reduction at 

each serial dilution relative to the mean foci count of VC within the same batch, as defined in 

Methods (Equation 1). However, we still observed notable differences in both the foci reduction 

data and the fitted 4PL curves across batches (Figure S2D-E), likely reflecting the fact that the 

background signal provided by VC does not capture all sources of batch-to-batch variability 

across series dilutions. 

To further assess the impact of these batch effects on antibody titers, nAb titers were estimated 

for each PC replicate (2-4 replicates per batch; Table S2) using the Kärber formula and the 4PL 

model. Both methods summarize the relationship between the dilution factor and the reduction in 

foci counts to generate a single antibody titer estimate per sample. In a perfect experimental and 

modelling setup, the measured nAb titer should be the same across all batches, as each run uses 
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the same PC sample. However, the total variance of the 4PL titer estimates (on the log2 scale) 

was 0.45, 30.8% of which was between-batch variance and 69.2% within-batch variance. The 

Kärber formula resulted in even higher variability (a total variance of 0.89 on the log2 scale), 

with between- and within-batch variance accounting for 44.1% and 55.9%, respectively (Figure 

S3). Typically, nAb titers are derived from the averaged responses of multiple replicates to 

mitigate the impact of within-batch random errors, but the above figure refers to separate PC 

replicates to illustrate the potential impact of different sources of variation. 

Description of the Bayesian hierarchical model 

In the above analysis we observed substantial variation in both the experimental data and the titer 

estimates derived from the Kärber formula and 4PL model. While averaging responses across 

multiple replicates reduced within-batch variance, significant variability remained due to batch 

effects, which are often overlooked and cannot be fully addressed with standard methods such as 

the Kärber formula and 4PL model. To provide a method that could further account for between-

batch variation, we developed a Bayesian hierarchical model (BHM) based on the 4PL model 

(Figure 2). This method is applicable to serological assays in which a serially diluted positive 

control is tested alongside serum samples across batches and it accommodates assay-level 

covariates by adjusting for the background signal provided by the virus control without serum. 

Briefly, for each set of counts, the foci reduction was first calculated relative to the modelled 

mean foci counts in VC for each virus working dilution. Then, we modelled the relationship 

between the dilution factor and reduction in foci counts using a hierarchical 4PL model, allowing 

for random effects both between samples and between batches on each parameter. Each sample 

has its own set of parameter values drawn from a population-level distribution, whereas the PC 

and IS serve as references, with batch-specific parameters centered on their true values. Using 

this hierarchical approach, we fit a 4PL curve to the dilution series data from each sample, 

adding both sample-level and batch-level effects. Thus, the observed data are described by a 4PL 

curve accounting for all of these sources of variation, whereas the true, unadjusted 4PL curve for 

each sample is obtained by subtracting the batch effects. The corrected antibody titer can then be 

calculated directly as a function of the unadjusted 4PL curve (see Methods for details; Model 

parameters are listed in Table S3). Notably, this method can also account for random effects 

arising from differences in assay protocols, equipment, reagents, or personnel, which are 

common in large-scale or multicenter studies. However, since the experiments in this study were 

carefully controlled and conducted by the same team in a single laboratory, such lab- or 

experimental-level corrections were not necessary. 

Comparison of titer estimation methods applied to experimental data 

We applied the BHM to our experimental data and compared the results with those obtained 

from standard methods, including the Kärber formula and the 4PL model. Visual inspection of 

trace plots suggested good mixing and convergence for population-, batch-, and sample-level 
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parameters (Figure S4), with no divergent transitions across all chains and 𝑅̂ values close to 1 for 

all fitted parameters (0.999-1.005). The BHM demonstrated strong performance in fitting 

experimental data, with model-fitted foci reduction (posterior medians) highly correlated with 

the experimental observations (Spearman 𝜌 = 0.89-0.94, P<0.001 for all), and root mean square 

errors (RMSEs) between 0.13 and 0.14. (Figure S5). For the VC, the model-based mean foci 

count closely matched the observed mean for each batch (Figure 3A). For the PC and IS, the 

BHM captured batch effects and yielded batch-adjusted 4PL curves for the PC and IS (Figure 

3B). For serum samples, BHM-adjusted titers were strongly correlated with those estimated 

using the Kärber formula (𝜌 = 0.89, P<0.001) and the 4PL model (𝜌 = 0.97, P<0.001), while 

producing a well-constrained distribution of nAb titers at the population level (Figure S6). 

However, titer estimates obtained from the Kärber method showed greater discrepancies with the 

BHM-adjusted titers (RMSE = 0.99), whereas the 4PL model exhibited smaller discrepancies 

(RMSE = 0.57) but produced a higher number of negative titers than BHM (N = 503 vs. N = 423 

out of 1,777 serum samples; Figure 3C). 

To illustrate how the BHM corrects for batch effects, we visualized model fits for three 

representative batches (Figure S7). In batches 11 and 21, the unadjusted PC and IS curves were 

higher than the adjusted curves, leading the BHM to apply downward adjustments to samples 

from these batches. In contrast, for batch 19, the unadjusted curves were lower, resulting in 

upward adjustments. The adjusted titers for serum samples were subsequently estimated based 

on these batch-adjusted curves at 50% foci reduction. In most cases, the BHM-unadjusted fits 

were similar to those from the standard 4PL model; however, the latter sometimes failed to 

capture the underlying curve patterns, leading to negative titer estimates, as illustrated by 

samples 826 and 907 in Figure S7B.  

Comparison of titer estimation methods applied to simulated data 

Despite the BHM performing well in fitting the experimental data, the accuracy of the titer 

estimates could not be directly assessed because the true titers were unknown. We therefore 

conducted a simulation study to evaluate model performance where the true parameters for each 

sample were known. Mirroring the structure of the experimental data, we generated a simulated 

dataset with four levels of working virus dilution, seven batches per level, and 20 samples per 

batch, yielding a total of 28 batches and 560 serum samples; each batch included VC, PC, and 

IS. We simulated moderate batch effects, setting the standard deviations of the batch effects for 

each parameter as [𝜎𝛾𝑏
, 𝜎𝛾𝑐

, 𝜎𝛾𝑑
, 𝜎𝛾𝑒

, 𝜎𝜍]′ = [0.028, 0.211, 0.009, 0.250, 3.670]′ (see Methods and 

Table S4 for detailed simulation settings). The simulated dataset successfully reproduced the key 

features of the experimental data, including the heterogeneity across virus working dilutions, 

batches and serum samples (Figure 4).  

Based on the simulated VC data, we obtained reasonable estimates for the parameters of each 

virus working dilution (Figure 4A and Figure S8). Using these estimates, we transformed the 
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simulated data into foci reduction to fit the BHM. Trace plots showed good mixing and 

convergence (Figure S9), with no divergent transitions and all 𝑅̂ values close to 1 (0.999-1.008). 

Posterior distributions were centered around the true parameter values (Figures S10-S12). 

Empirical coverage of the 95% credible intervals (CrIs) ranged from 0.82 to 1 for batch-level 

parameters and from 0.90 to 1 for sample-level parameters (Figure S13). The strong correlation 

between true and fitted foci reduction values (Spearman 𝜌=0.99-1, P<0.001 for all; Figure S14) 

indicated close recovery of the true curves for both serum samples and assay controls. In Figure 

4B-C, we present the true and fitted PC curves from two representative batches, along with the 

curves from three simulated serum samples drawn from these batches. Batch 1 showed higher 

levels of foci reduction in the PC, whereas batch 2 showed lower levels. Consequently, the 

Kärber formula and 4PL model overestimated titers in batch 1 and underestimated titers in batch 

2, while the BHM model consistently provided batch-adjusted estimates closest to the true titers.  

Next, we compared the estimated nAb titers against the true values across all simulated samples 

(Figure 5). Among the methods evaluated, the Kärber formula exhibited the greatest uncertainty 

(𝜌 = 0.63 compared to simulation truth, P<0.001; RMSE = 1.64) and led to more false negatives 

(9.85%) than the 4PL model (2.42%) and the BHM (0.93%). Although the 4PL model and BHM 

without batch adjustment showed improved accuracy (𝜌 = 0.87 and 0.84 compared to simulation 

truth, P<0.001 for both; RMSE = 1.09 and 1.12, respectively), both were susceptible to biased 

titer estimates in the presence of large batch effects (e.g., Sample 1 in Figure 4C). In addition, the 

4PL model tended to produce false negatives for samples with low antibody levels (e.g., Samples 

2 in Figure 4C). Notably, among the 13 false negatives generated by the 4PL model, 38.5% 

(Samples 4, 6, 8, 10, and 11 in Figure S15) were likely due to inappropriate curve-fitting 

patterns. When such weakly positive samples make up a large proportion of the dataset, these 

errors may bias the overall titer distribution. In contrast, the BHM-adjusted estimates achieved 

the highest accuracy in recovering true titers (Spearman 𝜌 = 0.96 compared to simulation truth, 

P<0.001; RMSE = 0.41), with a coverage probability of 95% CrIs to be 0.97. 

Impact on seroepidemiology 

Finally, we performed seroepidemiological analysis using different titer estimates from the 

experimental data. We observed notable differences across methods in the estimates of GMTs 

and seropositivity rates. These discrepancies were particularly evident for the Kärber estimates 

among children aged 0-5 years, a high-risk group for severe RSV infection. For example, in 

infants aged 0-6 months, the GMTs estimated using the Kärber formula, 4PL model, and BHM-

adjusted method were 6.33 (95% confidence interval [CI]: 6.17-6.49), 5.66 (95% CI: 5.48-5.84), 

and 5.87 (95% CI: 5.70-6.04), respectively. The corresponding seroprevalence estimates were 

66.73% (95% CI: 62.52%-70.69%), 48.23% (95% CI: 43.91%-52.57%), and 54.92% (95% CI: 

50.57%-59.20%), respectively (Figure 6A-B). 
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Seroconversion or fold rises in nAb titers of paired serum samples are commonly used outcomes 

to identify new serological infections, or to assess the immunogenicity of vaccines. Based on the 

715 paired serum samples from the cohort study, BHM-adjusted method detected 114 

seroconversions, 71 two-fold titer rises and 39 four-fold titer rises. Assuming the BHM-adjusted 

titers reflected the true serostatus, we found that both the Kärber formula and the 4PL model 

showed reduced sensitivity in detecting seroconversion (68.4% and 85.1%), two-fold titer rises 

(64.8% and 60.6%), and four-fold titer rises (61.5% and 59.0%), despite demonstrating high 

specificity (>90%) across all outcomes (Figure 6C). Given the community-based study design, 

true seroconversions and fold rises are likely to be infrequent, and thus the choice of method 

yielded only small differences in seroresponse rates (e.g., four-fold rise: 3.5% [25/715] by 4PL 

vs. 5.5% [39/715] by BHM-adjusted method; Figure S16). However, within the same 715 paired 

samples, BHM-adjusted method identified 39 four-fold rises compared with 25 by 4PL model, 

representing a 56% relative increase in detected seroresponses. 

Discussion 

In this study we developed a Bayesian hierarchical modelling framework based on FRNT, one of 

the most widely used serological assays for quantifying neutralizing antibody levels.12 Our 

primary objective was to correct for batch effects, which were found to be an influential source 

of variability in our experimental data but have often been overlooked in serological studies. 

However, the model can be adapted with minor modifications for lab- and batch-effect correction 

in any similar assay that produces serial dilution curves, enhancing the accuracy of serological 

testing. Overall, our method performed well in capturing the patterns of experimental data. 

Compared with previous approaches, the proposed model produced unbiased and more accurate 

titer estimates in the simulation study. It could offer more reliable evidence to inform vaccine 

development and public health policymaking. 

Batch effects are a common source of technical variation in biological experiments, arising from 

differences in assay protocols, equipment, reagents, operators, or experimental conditions. 

Previous studies have attempted to correct for these effects using Bayesian or empirical Bayes 

models, particularly in genomic and epigenomic experiments, where methods such as ComBat 

and its extensions have been widely applied to adjust for both known and latent batch effects.30-33 

However, to our knowledge, no method has been specifically developed for correcting batch 

effects in serological dilution series data. Although mathematical models have been developed to 

fit dilution curves in a hierarchical framework, they do not incorporate batch effects into the 

hierarchical structure.26,27 

Both the Kärber formula and 4PL model are simple and widely used methods for estimating nAb 

titers from raw count data in assays such as PRNT or FRNT.17,23-25 However, we found that the 

Kärber formula can lead to high variability in individual titer estimates and result in more false 
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negatives in the simulated dataset. Although the true titer distribution for samples in our 

experimental data was unknown, the Kärber formula yielded higher GMTs and seroprevalence 

(in infants and young children) than other methods, potentially reflecting bias in titer estimates. 

We also found that the 4PL model, despite providing a flexible, model-based approach for 

estimating nAb titers, was suboptimal in low-titer samples, where the estimated curve often 

deviated substantially from the true underlying curve, leading to inaccurate titer estimates. This 

bias may arise because it fits each curve solely based on the data from an individual serum 

sample, whereas the hierarchical structure of the proposed Bayesian model provides more 

reasonable fits by borrowing strength across samples through partial pooling. In addition, our 

simulation study showed that large batch effects may cause the fitted 4PL curve to fail to reach 

the 50% neutralization threshold, resulting in biased titer estimates. This, in turn, could lead to 

biased population-level parameter estimates. However, in our experimental data, GMT and 

seroprevalence estimates based on the 4PL model were only slightly lower than those obtained 

using the BHM-adjusted titers. This is likely because all FRNT assays in this study were 

conducted under standardized procedures, where batch effects, as well as other sources of 

technical variation, were highly controlled. In more complex study settings, such as multicenter 

seroepidemiological studies or vaccine trials, systematic errors introduced by the 4PL model may 

have a greater impact on population-level parameter estimates.  

It should be noted that, for “true negative” samples, foci counts do not change across serial 

dilutions, resulting in a flat response in the experimental data. In contrast, in our simulation, 4PL 

parameters are drawn from a population distribution to generate 4PL curves for each sample and 

thus there are no simulated true negatives. The negative samples in the simulation represent only 

a small subset of samples with very low antibody titers below the positivity threshold (i.e., 1:40; 

N = 22 out of 560). Among these 22 negative samples, the Kärber formula frequently produced 

positive titers (≥5.32; i.e., log2(40); N = 11) that deviated substantially from the true values 

(GMT=5.51; RMSE = 2.00). For the 4PL model and BHM, although some samples were 

classified as “clear negatives” and excluded from curve fitting (see Methods for details), both 

models still produced positive titers for some samples (N = 9 and 10 out of 22, respectively), 

with the 4PL model showing greater deviations (GMT = 4.86; RMSE = 1.05) compared with 

BHM (GMT = 5.07; RMSE = 0.63; Figure 5). 

Moreover, correcting for batch effects is critical for accurately estimating population-level 

seroincidence and for evaluating vaccine immunogenicity. These outcomes are typically inferred 

from paired serum samples collected from the same individuals (e.g., acute and convalescent 

phases, pre- and post-season, or pre- and post-vaccination), based on evidence of seroconversion 

or fold changes in antibody titers. In our experimental data, which included 715 paired serum 

samples, we observed substantial discrepancies in individual serostatus depending on the method 

used. For example, the BHM detected a 56% increase in four-fold titer rises compared with the 

4PL model (39 vs. 25). Although these discrepancies yielded only minor differences in 

seroresponse rates in our community-based study cohort (5.5% [39/715] vs. 3.5% [25/715]), they 
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could be amplified in settings with higher transmission intensity or vaccination coverage, 

potentially leading to underestimation of seroincidence and vaccine effectiveness. 

Despite the advancements of the proposed model, we recommend minimizing between-batch 

variation at the experimental design stage. Controlling for the measurement errors through a 

standard operating procedure (SOP) remains the primary choice, as this reduces the need for 

complex models. Given that a standardized, universally accepted SOP for RSV FRNT assays is 

still lacking, we adapted the assay based on an established protocol.34 Multiple pilot tests were 

performed to optimize assay procedures and ensure stability and reproducibility. The detailed 

workflow provided in the Supplementary Information may serve as a reference for future SOP 

development. Control samples, as emphasized in the World Health Organization (WHO) 

Guidelines35, are crucial for standardizing measurements across assay runs and also serve as the 

basis for correcting batch effects in our Bayesian hierarchical modelling framework. In this 

study, random batch effects were assumed across all batches, which is reasonable given the 

implementation of standardized procedures: all assays were performed by the same group of 

trained personnel in a single laboratory, using reagents from the same manufacturer, thereby 

minimizing technical variation across batches. As a result, BHM-unadjusted estimates showed 

only minor differences from the adjusted estimates in the experimental data (Figure 3C), likely 

reflecting the consistency afforded by standardized assay procedures. However, in a simulation 

study with amplified batch effects, BHM-unadjusted estimates deviated more pronouncedly from 

the true titers (Figure 5C), highlighting the importance of batch effect correction under less 

controlled conditions.  

Our experimental setup had one assay-level covariate (i.e., virus working dilution), where 

concentrations ranging from 1:200 to 1:400 were used across batches. We accounted for this 

systematic variation in the Bayesian hierarchical model (see Methods for details), though this 

step would not be necessary if the same working virus stock was used across all FRNT batches. 

Furthermore, unavoidable within-batch variability, arising from sources such as pipetting errors 

and random measurement noise, can contribute substantially to uncertainty in the estimated 

titers. In this study, substantial variability was observed in repeated measurements of assay 

controls within the same experimental run (Figure S2-S3), emphasizing the importance of 

incorporating replicates to control for within-batch variability in the modelling stage. 

Our study has limitations. First, the readouts for negative samples are theoretically unchanged 

across serial dilutions. As a result, these samples do not fit the 4PL model and were excluded 

from the analysis prior to fitting the BHM. Specifically, we defined 'clear negatives' as samples 

with a foci reduction of less than 30% at the starting dilution, allowing a 20% margin to account 

for measurement errors (see Methods for details). Although using a mixture model with positives 

and negatives, and assuming bimodal parameter distributions within the BHM could potentially 

address this issue36, we chose not to implement this approach in order to reduce model 

complexity. Second, the four parameters of the 4PL model may be correlated. In the BHM, we 
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did not account for potential correlations among these parameters to reduce model complexity. 

Third, we assumed that batch effects were consistent between serum samples and assay controls. 

However, minor discrepancies may exist, as assay controls were all placed on the last plates of 

each batch and may have been exposed to longer fixation and mixing times during the 

experimental procedure. Furthermore, due to the absence of control sera on each plate, the model 

cannot adjust for between-plate variability. Lastly, the BHM was applied exclusively to data 

generated in a single laboratory. Its robustness and generalizability require further validation 

using data from additional sources. 

 

Accurate antibody titer estimates are essential for understanding the full infection burden of 

pathogens which are missed through routine syndromic surveillance, and for guiding effective 

public health interventions. In clinical trials, a significant increase in nAbs is a primary outcome 

for assessing vaccines or mAbs. For public health policy makers, testing for nAbs is important to 

determine seroprevalence, evaluate population immunity, assess real-world vaccine effectiveness 

and design optimal immunization strategies. Our model demonstrates improved nAb titer 

estimation accuracy over standard methods in both simulation studies and real-world data, and 

also provides antibody titer estimates as posterior distributions with uncertainty rather than single 

point estimates. This framework can be readily adapted to other serial dilution assays and has the 

potential to enhance the accuracy and precision of titer estimation across diverse experimental 

settings. Future studies should consider the importance of standardizing both experimental 

design and choice of mathematical model when generating serological datasets from serial 

dilution assays. 

Methods 

Ethics statement 

This study was based on two community-based seroepidemiological studies independently 

conducted in Anhua County, Hunan Province, China: a mother-neonate cohort study and a cross-

sectional survey, both of which have been published previously.28,37 The mother-neonate cohort 

study was approved by the Institutional Review Board (IRB) of the WHO Western Pacific 

Regional Office (2013.10.CHN.2.ESR), the Chinese Centre for Disease Control and Prevention 

(201224), the London School of Hygiene & Tropical Medicine (15698) and School of Public 

Health, Fudan University (IRB#2019-15-0756 and #2022-02-0947). The cross-sectional survey 

was approved by the IRB of the School of Public Health, Fudan University (IRB#2020-11-0857, 

#2020-11-0857-S and #2022-02-0948). In both studies, written informed consent was obtained at 

each time of sample collection. Consent for neonates was provided by their mothers, and consent 

for participants under 7 years of age was provided by their legal guardians. Participants aged 

between 7 and 11 years signed simplified forms, with their guardians signing the full versions. 
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Participants older than 12 years, together with their guardians, signed the full version of the 

consent form. 

Study participants and serum samples 

Participants in the mother-neonate cohort were recruited from local hospitals between 2013 and 

2015. Peripartum venous blood samples were collected from mothers at delivery, and cord blood 

samples were obtained from neonates at birth. Mothers were followed up once at 5-8 years 

postpartum, whereas neonates were followed at 2, 4, 6, 12, 24, and 36 months of age and again at 

5-8 years. From the original cohort, 143 mother-neonate pairs who had completed at least six 

follow-up visits were randomly selected for neutralization tests. The cross-sectional serological 

survey was conducted between July and November 2021 and enrolled community participants 

across all age groups. Of these, 485 participants were randomly selected for neutralization tests.  

Neutralization assays 

RSV neutralizing antibody titers were measured using a foci reduction neutralization test 

(FRNT), established based on previously published protocols.34 An overview of the assay 

workflow is shown in Figure 1A. Briefly, Vero cells (CCL-81, American Type Culture 

Collection, ATCC) were seeded at a density of 2 × 105 cells per well in 96-well plates 16 hours 

prior to infection. Heat-inactivated serum samples were serially diluted 3-fold in Minimum 

Essential Medium (MEM), ranging from 1:20 to 1:43,740. These dilutions were then mixed with 

an equal volume of the working solution of RSV A2 strain (ATCC), yielding final serum 

dilutions from 1:40 to 1:87,480 in a total volume of 240 μL per well. After incubation for 2 hours 

at 4 °C, the mixtures were added to the cell plates in duplicate (100 μL per well). Following a 

1.5-hour incubation at 37℃ in 5% CO2, the inoculum was removed, and each well was overlaid 

with 2% carboxymethylcellulose (low viscosity, Sigma-Aldrich, St. Louis, MO) overlay medium 

consisting of cell culture medium supplemented with 2% fetal bovine serum (10091148, Thermo 

Fisher Scientific, USA) at 100 μL per well, then incubated at 37 °C for 48 hours. 

The CMC overlay medium was then removed and cell monolayers were fixed with cold 

methanol at 4 °C for 20 minutes. Endogenous peroxidase activity was blocked for 10 minutes 

(P0100B; Beyotime Institute of Biotechnology, China), followed by permeabilization and 

blocking using 0.3% Triton X-100 and 2% goat serum in phosphate-buffered saline (PBS) for 30 

minutes at room temperature. Viral foci were detected using a rabbit polyclonal antibody 

targeting the RSV fusion (F) glycoprotein (11049-T46, Sino Biological, China) at a dilution of 

1:500, followed by an HRP-conjugated goat anti-rabbit IgG secondary antibody (A0208, 

Beyotime, China) at a dilution of 1:800. After fixation and immunostaining, the plates were 

scanned. The number of foci was counted using the image analyzer (EliSpot Reader, AID 

Diagnostika GmbH, Germany). The resulting data were recorded in Microsoft Excel (Microsoft 
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Corporation, USA). All FRNT experiments were performed in an approved Biosafety Level 2 

(BSL-2) setting. 

The assay was performed in 28 batches, defined as experimental runs comprising multiple 96-

well plates processed in parallel under identical assay conditions. The virus working dilution 

(i.e., the concentration of the working virus stock) directly influences foci counts in the FRNT 

assay. In the first 15 batches, we tested virus working dilutions ranging from 1:200 to 1:400 (a 

range based on preliminary experiments) to determine the optimal condition. From these, a 

dilution of 1:330 was selected and used for the remaining batches, as it consistently produced 

countable and reproducible foci (approximately 30-55 foci per well), minimized focus overlap, 

and maintained the assay’s dynamic range38. Detailed virus working dilutions for each batch are 

provided in Table S2. 

The layout of serum samples and assay controls on each plate within each batch is illustrated in 

Figure 1B. Specifically, six serum samples were tested per plate, with each sample assayed in 

duplicate to minimize random variability. All assay controls were placed on the last plate of each 

batch, including a virus control without serum (VC), an internal positive control (PC) and an 

International Standard control (IS). The VC was prepared at a fixed dilution for each batch, 

whereas both the PC and IS were subjected to the same serial dilution scheme as the test 

samples. The PC consisted of pooled positive sera from hospitalized RSV-infected patients and 

was used consistently across all batches. The IS used in this study was the first WHO 

International Standard for Antiserum to RSV (NIBSC code: 16/284)39, which was tested at 

concentrations of 500 and 1000 International Units (IU; denoted as IS500 and IS1000, 

respectively). This experimental design was implemented for between-batch quality control and 

to validate the assay’s ability to detect samples with varying antibody concentrations. The raw 

dilution series data (i.e., foci count) from the FRNT assay are illustrated in Figure 1C using a 

representative example. 

Standard methods for estimating nAb titers from FRNT 

Raw FRNT dilution series data were converted to proportions of foci reduction for analysis, 

which are generally defined as 

𝑦𝑖
sam.𝑗

= 1 −
𝐶𝑖|𝑘(𝑙)

sam.𝑗

𝐶̅𝑘(𝑙)
VC . (1) 

Here, 𝑖 indexes individual observations, 𝑗 indexes the serum samples, 𝑘 indexes batches and 𝑙 

indexes the levels of virus working dilutions. 𝐶̅𝑘(𝑙)
VC  denotes the mean foci count observed in the 

VC wells from batch 𝑘 at virus working dilution 𝑙. 𝐶𝑖|𝑘(𝑙)
sam.𝑗

 and 𝑦𝑖
sam.𝑗

 represent the foci count and 

corresponding proportion of foci reduction for the 𝑖𝑡ℎ observation of sample 𝑗, respectively.  
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Neutralizing antibody titers were then defined as the reciprocal of the dilution that results in 50% 

foci reduction. In our FRNT assay design, the lower limit of quantification (LLOQ) was defined 

as one dilution step below the starting dilution (i.e., 1:40/3), and the upper limit of quantification 

(ULOQ) was defined as the highest dilution tested (1:87,480). Titers falling below or above these 

limits were censored at the LLOQ or ULOQ, respectively. 

Standard methods commonly used for estimating nAb titers include the Kärber formula and the 

4PL model.17,23-25 These approaches typically estimate titers using a simple formula or by 

independently fitting a single dose-response model to each sample’s individual dilution series. 

The Kärber formula does not require any data smoothing or curve fitting, making it one of the 

simplest and most commonly used approaches for calculating FRNT-based antibody titers. The 

nAb titer for each sample was calculated as: 

log10(titer𝑗.Kärber) = log10(𝑚) − log10(∆) (∑(1 − 𝑦̅𝑥
sam.𝑗

)

𝑥

− 0.5) (2) 

where 𝑚 is the highest dilution, ∆ is the constant interval between serial dilutions, 𝑦̅𝑥
sam.𝑗

 

represents the mean foci reduction across all replicates of sample 𝑗 at dilution 𝑥.  

The 4PL model is also a common way to fit experimental data generated by FRNT and thereby 

estimate nAb titers. In this approach, as shown in Figure S1, the proportion of foci reduction 

(𝑦𝑖
sam.𝑗

) at dilution 𝑥𝑖
sam.𝑗

 is modeled using a 4PL function 𝑓(⋅), specified as: 

𝑓(𝑥𝑖
sam.𝑗

, 𝛉𝐣) = 𝑐𝑗 +
𝑑𝑗 − 𝑐𝑗

1 + 𝑒𝑏𝑗(log(𝑥𝑖
sam.𝑗

)−𝑒̂𝑗)
(3) 

where 𝛉𝐣 = [𝑏𝑗 , 𝑐𝑗 , 𝑑𝑗 , 𝑒̂𝑗]′ is the vector of sample-specific parameters. Specifically, 𝑏𝑗 represents 

the slope of the sigmoidal curve; 𝑐𝑗 and 𝑑𝑗 denote the lower and upper asymptotes, respectively; 

𝑒̂𝑗 denotes the log-transformed midrange dilution. The nAb titer, derived from the 4PL curve at 

50% foci reduction, can be expressed as a function of the fitted parameters, such that 

log(titer𝑗.4PL) = 𝑔(𝛉𝐣),  where the function 𝑔(⋅) is given by 

𝑔(𝛉𝐣) =

log (
𝑑𝑗 − 𝑐𝑗

0.5 − 𝑐𝑗
− 1)

𝑏𝑗
+ 𝑒̂𝑗 . (4)

 

It should be noted that "clear negative" samples, defined as those exhibiting less than 30% foci 

reduction at the starting dilution (allowing a 20% margin to account for potential measurement 

error due to intra- or inter-batch variation), were excluded from curve fitting and assigned a titer 

equal to the LLOQ. This is reasonable because foci reduction decreases monotonically with 
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dilution, indicating that the true response curves for such samples are highly unlikely to reach the 

50% foci reduction threshold. Similarly, samples with fitted curves that failed to achieve 50% 

foci reduction were considered seronegative, and their titers were imputed as the LLOQ.  

Bayesian hierarchical modelling framework 

In this study, we developed a Bayesian hierarchical modelling framework based on the 4PL 

model to jointly account for assay-level fixed effects (i.e., virus working dilutions) and batch-

level random effects in RSV FRNT assays. The overall model structure is illustrated in Figure 2. 

Prior distributions of the model parameters are summarized in Table S3. The model is comprised 

of three levels: 

(1) Estimating assay-level fixed effects 

First, we model the count of foci observed in each VC well, denoted by 𝐶𝑖|𝑘(𝑙)
𝑉𝐶 , as Poisson 

distributed: 

𝐶𝑖|𝑘(𝑙)
VC ~Poisson(𝜇𝑘(𝑙)

VC ) (5) 

where 𝜇𝑘(𝑙)
VC  indicates the mean count of foci for VC wells from batch 𝑘 at virus working dilution 

𝑙. We model heterogeneity in 𝜇𝑘(𝑙)
VC  as arising from two sources: a fixed assay-level effect for the 

virus working dilution, denoted by 𝛿𝑙, and a random effect for the batch, denoted by 𝜍𝑘. We build 

a Bayesian hierarchical model to provide robust estimates of the mean foci count for each virus 

working dilution (𝛿𝑙). The model is specified as: 

𝜇𝑘(𝑙)
VC = 𝛿𝑙 + 𝜍𝑘 (6) 

We calculate the foci reduction as the foci count at each serial dilution relative to the mean foci 

count of VC for the corresponding virus working dilution (i.e., the estimated parameter 𝛿𝑙). This 

definition preserves the same interpretation of foci reduction as in Equation 1, while replacing 

the batch-specific VC mean with a virus working dilution-specific baseline, given as follows: 

𝑦𝑖|𝑘
𝑇 = 1 −

𝐶𝑖|𝑘(𝑙)
𝑇

𝛿𝑙

(7) 

where 𝑇 indicates the type of sample, i.e., 𝑇 = PC, IS500, IS1000 or sam. 𝑗. 

(2) Estimating batch-level random effects  

Next, the model estimates the batch-specific effects based on the serially diluted data from the 

PC and IS. The foci reduction defined in Equation 7 is modelled as normally distributed: 
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𝑦𝑖|𝑘
𝑇 ~𝑁(𝜇𝑖|𝑘

𝑇 , 𝜎𝑦) (8) 

𝜇𝑖|𝑘
𝑇 = 𝑓(𝑥𝑖|𝑘

𝑇 , 𝛉𝐤
𝐓) (9) 

where 𝑇 indicates the type of control samples, i.e., 𝑇 = PC, IS500 or IS1000. 𝑓(∙) denotes the 

4PL function as specified in Equation 3. 𝛉𝐤
𝐓 = [𝑏𝑘

𝑇, 𝑐𝑘
𝑇 , 𝑑𝑘

𝑇, 𝑒̂𝑘
𝑇]′ represents the set of unadjusted 

parameters for batch 𝑘. We model batch effects as having an additive effect on 𝛉𝐤
𝐓, such that: 

𝛉𝐤
𝐓 = 𝛉𝐓 + 𝛄𝐤 (10)  

where 𝛉𝐓 = [𝑏𝑇 , 𝑐𝑇 , 𝑑𝑇 , 𝑒̂𝑇]′ denotes the mean parameters for the control sera across batches, 

and 𝛄𝐤 = [𝛾𝑏,𝑘, 𝛾𝑐,𝑘, 𝛾𝑑,𝑘, 𝛾𝑒̂,𝑘]′ denotes the random effects specific to batch 𝑘. 

Adjusted nAb titers for the PC and IS are then estimated based on the mean parameters 𝛉𝐓, such 

that log(titer𝑇) = 𝑔(𝛉𝐓), as specified in Equation 4. In this study, the nAb titer of the IS1000 

was used to define a conversion factor 𝜑 = titerIS1000/2000, which can further be applied to 

convert individual nAb titers obtained from FRNT assays to WHO International Units per 

milliliter (IU/mL), thereby enabling comparison of our results with those from other studies.40 

(3) Estimating adjusted nAb titers for serum samples 

Finally, we model the observed foci reduction data for each serum sample 𝑗 (𝑦𝑖|𝑘
sam.𝑗

) as: 

𝑦𝑖|𝑘
sam.𝑗

~𝑁(𝜇𝑖|𝑘
sam.𝑗

, 𝜎𝑦) (11) 

𝜇𝑖|𝑘
sam.𝑗

= 𝑓(𝑥𝑖|𝑘
sam.𝑗

, 𝛉𝐣|𝐤
∗ ) (12) 

where 𝛉𝐣|𝐤
∗ = [𝑏𝑗|𝑘

∗ , 𝑐𝑗|𝑘
∗ , 𝑑𝑗|𝑘

∗ , 𝑒̂𝑗|𝑘
∗ ]′ represents the set of unadjusted parameters for sample 𝑗 from 

batch 𝑘. We model each parameter as independently normally distributed, centered at the 

population-level mean parameters, denoted by  𝛉𝐩𝐨𝐩 = [𝑏pop, 𝑐pop, 𝑑pop, 𝑒̂pop]′.  

To account for both sample-level and batch-level heterogeneity embedded in 𝜃𝑗|𝑘
∗ , we derive the 

adjusted sample-specific parameters 𝛉𝐣 = [𝑏𝑗 , 𝑐𝑗 , 𝑑𝑗 , 𝑒̂𝑗]′ by removing the estimated batch effects 

𝛄𝐤 (estimated from PC and IS) from 𝛉𝐣|𝐤
∗ : 

𝛉𝐣 = 𝛉𝐣|𝐤
∗ − 𝛄𝐤 (13) 

The adjusted nAb titers are then calculated using the batch-corrected parameters as 

log(titer𝑗.BHM.adj) = 𝑔(𝛉𝐣). For comparison, we also calculate the unadjusted titers based on the 

unadjusted parameters, log(titer𝑗.BHM.unadj) = 𝑔(𝛉𝐣|𝐤
∗ ), where 𝑔(∙) denotes the function used to 
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calculate nAb titers, as specified in Equation 4. Notably, although BHM generates a posterior 

distribution of the nAb titer for each sample, we used the posterior median as a point titer 

estimate. 

Bayesian inference was performed using four parallel Markov chains across four computational 

cores. Each chain was run for 6,000 iterations, including 3,000 warm-up iterations for algorithm 

adaptation and 3,000 post-warm-up iterations retained for posterior sampling. We set the target 

acceptance probability to 0.95 to improve the stability of the Hamiltonian Monte Carlo (HMC) 

algorithm and reduce the likelihood of divergent transitions. We employed non-centered 

parameterizations for all population-level, batch-level, and sample-level parameters to improve 

sampling efficiency. 

Statistical simulation 

We conducted a simulation study with a total of 560 simulated samples tested in 28 batches to 

recover the structure of RSV FRNT experimental data and assess the model performance. 

Specifically, to match the real data, we simulated four levels of virus working dilution, with the 

mean foci count in the virus control to be 𝛅 = [𝛿1, 𝛿2, 𝛿3, 𝛿4]′. For each level of virus working 

dilution, seven experimental batches were simulated. In each batch, 20 serum samples, an 

internal positive control, an International Standard control (at different concentrations, i.e., IS500 

and IS1000), and a virus control were included. Each serum sample, along with the PC and IS, 

was tested in duplicate across 3-fold serial dilutions ranging from 1:40 to 1: 87,480. For the VC, 

22 replicates were simulated per batch.  

The 4PL parameters for PC, IS500 and IS1000 (denoted by 𝛉𝐏𝐂, 𝛉𝐈𝐒𝟓𝟎𝟎and 𝛉𝐈𝐒𝟏𝟎𝟎𝟎, 

respectively), as well as the population-level mean parameters for serum samples (denoted by 

𝛉𝐩𝐨𝐩) were set in the simulation to match the posterior median estimates from the real data. For 

each batch 𝑘, the batch-level random effects on the 4PL parameters (𝛾𝑏,𝑘, 𝛾𝑐,𝑘, 𝛾𝑑,𝑘and 𝛾𝑒̂,𝑘) and 

the effect on VC foci counts (𝜍𝑘) were combined into a vector 𝚪𝐤 = [𝛾𝑏,𝑘, 𝛾𝑐,𝑘, 𝛾𝑑,𝑘, 𝛾𝑒̂,𝑘, 𝜍𝑘]′. 

Each 𝚪𝐤 was independently drawn from a multivariate normal distribution with correlation 

matrix 𝐑𝚪. Similarly, for each sample 𝑗, sample-level random effects (𝜆𝑏,𝑗 , 𝜆𝑐,𝑗 , 𝜆𝑑,𝑗  𝑎𝑛𝑑 𝜆𝑒̂,𝑗), 

collected into a vector 𝛌𝐣 = [𝜆𝑏,𝑗 , 𝜆𝑐,𝑗 , 𝜆𝑑,𝑗 , 𝜆𝑒̂,𝑗]′ were also drawn from a multivariate normal 

distribution with correlation matrix 𝐑𝛌. All parameter settings for simulation are listed in Table 

S4. 

The observed foci count for each well was drawn from a Poisson distribution:  

𝐶𝑖|𝑘(𝑙)
𝑇 ~Poisson(𝜇𝑖|𝑘(𝑙)

𝑇 ) (14) 

where 𝑇 indicates the type of sample. 

For each VC well (i.e., 𝑇 = VC),  
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𝜇𝑖|𝑘(𝑙)
𝑇 = 𝛿𝑙 + 𝜍𝑘 (15) 

For each PC or IS well (i.e., 𝑇 = PC, IS500 or IS1000) at a given dilution 𝑥, 

𝜇𝑖|𝑘(𝑙)
𝑇 = 𝛿𝑙(1 − 𝑓(𝑥𝑖|𝑘(𝑙)

𝑇 , (𝛉𝐓 + 𝛄𝐤))) (16) 

where 𝑓(∙) denotes the 4PL function as specified in Equation 3, and 𝛄𝐤 = [𝛾𝑏,𝑘, 𝛾𝑐,𝑘, 𝛾𝑑,𝑘, 𝛾𝑒̂,𝑘]′ 

represents the batch effect on the 4PL parameters.  

For each well of serum sample 𝑗 (i.e., 𝑇 = sam. 𝑗) at a given dilution 𝑥: 

𝜇𝑖|𝑘(𝑙)
𝑇 = 𝛿𝑙(1 − 𝑓(𝑥𝑖|𝑘(𝑙)

𝑇 , (𝛉𝐩𝐨𝐩 + 𝛌𝐣 + 𝛄𝐤))) (17) 

The true 4PL parameters for sample 𝑗 were defined as 𝛉𝐣 = 𝛉𝐩𝐨𝐩 + 𝛌𝐣, which leads to the true 

nAb titer log(titer𝑗.true) = 𝑔(𝛉𝐣). 

Evaluating model performance 

Model performance was evaluated using both real experimental data and simulated data. For the 

real data, where the true parameter values are unknown, model performance was assessed by 

evaluating goodness of fit, quantified using the Spearman correlation coefficient (𝜌) and the root 

mean squared error (RMSE) between the observed foci reduction data and the model-fitted 

values (posterior medians). Model convergence was also evaluated using trace plots and 

checking that the Potential Scale Reduction Factor (𝑅̂) for each parameter was less than 1.01. 

The simulation study enabled evaluation of model performance under controlled conditions with 

known true parameter values. We assessed the consistency between the true and model-fitted 

foci reduction values at each serial dilution to evaluate whether the model could accurately 

capture the true curves. We examined the posterior distributions of the model parameters and 

assessed the model’s ability to recover the true model parameters using bias, RMSE, Spearman 

𝜌, and the coverage probability (the proportion of simulations in which the true value falls within 

the corresponding 95% posterior credible interval). Model accuracy in reproducing the true 

antibody titers was further evaluated by comparing the estimated nAb titers (posterior medians) 

with the true simulated titers using Spearman 𝜌, RMSE (on the log 2scale), and coverage 

probability. 

Comparing different methods 

We used a linear model to characterize variation in RSV FRNT nAb titers estimated using the 

Kärber formula and the standard 4PL model. Spearman correlation coefficients were used to 

assess the agreement between titer estimates from different methods. We calculated age-specific 
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geometric mean titers (GMTs) and seroprevalence, along with their 95% confidence intervals 

(CIs), to assess the impact of different titer estimation methods on population-level serological 

outcomes. Seropositivity was defined as a titer ≥40, corresponding to the starting dilution. Using 

paired serum samples from two consecutive follow-up visits, we assessed agreement among titer 

estimation methods in detecting seroconversion and two-fold and four-fold titer rises. Sensitivity, 

specificity, and overall agreement were calculated using BHM-adjusted estimates as the 

reference standard. 

Statistics and Reproducibility 

Technical replicates were used to verify the reproducibility of the experiments. Assay controls 

(including VC, PC, and IS) were tested across all batches, with ≥2 replicates per batch. All 

samples were assayed in duplicate to control for random error. No statistical method was used to 

predetermine sample size. The sample size for the experimental data (1,777 samples from 28 

batches) was sufficient to detect batch-level and sample-level effects. A simulation study 

assuming 560 samples tested in 28 batches was conducted to assess model performance. No data 

were excluded from the analyses. All analyses were performed in R version 4.4.0 (R Foundation 

for Statistical Computing, Vienna, Austria, https://www.r-project.org/). The Bayesian 

hierarchical model was implemented using the rstan package (version 2.32.6).41 The 4PL model 

was performed using the drc package (version 3.0-1).23,42 

Data availability 

Due to privacy and ethical reasons, raw experimental data from study participants cannot be 

made public, but they are available from the corresponding author (H.Y.) upon reasonable 

request. We have provided raw experimental data for the assay controls, aggregated de-identified 

data for study participants, as well as simulated datasets that replicate the structure of the 

experimental data in this study. These datasets have been deposited in Zenodo at 

https://zenodo.org/records/1944577943. Source data are provided with this paper. 

Code availability 

The code used for modelling, simulation, and reproducing the main results in this study have 

been deposited in Zenodo at https://zenodo.org/records/1944577943. A detailed user guide to 

facilitate implementation of the proposed model is provided at: 

https://kristywang.github.io/BHM_Titer_Correction/. 
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Figure Legends 

Fig. 1 | Workflow and data interpretation of the RSV FRNT assay. (A) Overview of the 

RSV FRNT experimental procedure. (B) Layout of serum samples and assay controls on 

96-well plates in each experimental batch. Shading from dark to light indicates serial dilutions 

from high to low concentration. The VC was prepared at a fixed dilution. (C) Example readouts 

showing count of foci from serially diluted serum samples. Orange points and dashed lines 

represent results from two replicates; red points and solid line indicate replicate means. 

Abbreviations: RSV, respiratory syncytial virus; FRNT, foci reduction neutralization test; VC, 

virus control; PC, internal positive control; IS, International Standard. 

 

Fig. 2 | Bayesian hierarchical modelling framework for correcting batch effects in RSV 

FRNT measurements. (A) A simplified experimental design for RSV FRNT. Serum samples 

are tested across batches under different groups of assay-level covariates (e.g., virus working 

dilution). A virus control (VC) and a positive control (PC) were included consistently in all 

batches. (B) Schematic model diagrams along with the corresponding model fits applied to 

VC, PC, and serum sample data. Error bars represent the 95% confidence interval (CI) of foci 

counts from replicated VC wells in each batch, with the central point indicating the mean. The 

model diagram used for fitting International Standards (IS) data is the same as that used for the 

PC and is therefore not shown. Model notation is defined in Methods and Table S3. 

 

Fig. 3 | Posterior estimates from the Bayesian hierarchical modelling framework based on 

experimental data. (A) Foci count in VC across batches using different working virus 

stocks.  Open circles represent observed counts of foci from 603 replicated VC wells across 28 

batches. Colored points with error bars represent the means and 95% CIs of observed data. Red 

points with error bars represent posterior medians and 95% credible intervals (CrIs). (B) 

Comparison of BHM-adjusted and unadjusted curves for PC and IS across batches. Red 

curves with error bands represent the posterior medians and 95% CrIs of BHM-adjusted curves. 

Orange curves represent the posterior medians of BHM-unadjusted curves. Black points at 50% 

foci reduction (i.e., the grey dashed line) indicate BHM-adjusted titers, while error bars represent 

the range of BHM-unadjusted titers based on replicates of PC (N = 67) and IS (N = 24 for IS500; 

N = 65 for IS1000) across batches. Notably, the BHM-adjusted nAb titer for the IS1000 is 

842.85, suggesting that the nAb titers in this study can be converted to International Units per 

milliliter (IU/mL) by multiplying a conversion factor of 0.421 (i.e., 842.85/2000)40. (C) 

Pairwise agreement between BHM-adjusted titer estimates and those derived from Kärber 

formula, 4PL model, and BHM-unadjusted model based on 1,777 serum samples. The 

vertical and horizontal dashed lines indicate the seropositivity threshold. Data were analyzed 

using a two-sided Spearman rank correlation test. Spearman’s correlation coefficient (𝜌) and P 

values are reported. RMSE was calculated from the titer differences between the two methods on 

the log2 scale. Abbreviations: 4PL, four-parameter logistic model; BHM, Bayesian hierarchical 
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model; RMSE, root mean square error; IS500 and IS1000, International Standard tested at 500 

and 1000 International Unit (IU), respectively. 

Fig. 4 | Posterior estimates from the Bayesian hierarchical modelling framework based on 

simulated data. (A) Comparison of true and estimated mean foci counts in VC across 28 

simulated batches (22 replicates per batch; N = 616). Colored points with error bars indicate 

posterior medians and 95% CrIs. (B) Comparison of true and fitted curves for PC in 

representative batches. Solid curves show the simulated true curves; dashed curves with error 

bands show the posterior medians and 95% CrIs. (C) Fitted curves and nAb titer estimates for 

three serum samples from the same batches in (B). Black lines indicate the simulated true 

curves. Green circles represent foci reduction data calculated relative to the statistical mean foci 

count of VC in each batch, which were used for the Kärber formula and 4PL model, as defined in 

Methods (Equation 1); Orange circles represent the same data but calculated relative to the 

posterior mean foci count of VC in each working virus stock, as defined in Methods (Equation 

7). Intersections of the curves with the horizontal dashed line at 50% foci reduction mark the 

corresponding nAb titer estimates for each method; estimates from the Kärber formula are shown 

as inverted triangles. Samples with fitted curves that did not achieve a 50% foci reduction were 

considered seronegative and had their titers imputed as the lower limit of quantification (LLOQ). 

Titer estimates exceeding the final dilution point (87,480) were censored at 87,480 (i.e., upper 

limit of quantification [ULOQ]). 

Fig. 5 | Agreement between estimated and true nAb titers across methods based on 

simulated data (N=560). (A) Kärber formula. (B) 4PL model. (C) BHM-unadjusted model. 

(D) BHM-adjusted model. (E) Differences between estimated and true nAb titers. The 

vertical and horizontal dashed lines in (A)-(D) indicate the seropositivity threshold. Points in the 

upper-left quadrant relative to the intersection represent false positives, whereas points in the 

lower-right quadrant represent false negatives. Data were analyzed using a two-sided Spearman 

rank correlation test. Spearman’s correlation coefficient (𝜌) and P values are reported. RMSE: 

root mean square error between the true and estimated nAb titers on the log2 scale. Coverage: the 

proportion of simulations in which the true titer falls within the corresponding 95% CrI. Violin 

and boxplots in (E) showing the distribution of residuals between estimated and true titers across 

different methods. Boxes represent the interquartile range (IQR) with the central line indicating 

the median. Whiskers extend to the most extreme values within 1.5 × IQR. 

Fig. 6 | Comparison of seroepidemiological indicators based on RSV nAb titer estimates 

from each method. (A) Age-specific geometric mean titers (GMTs). The horizontal dashed 

line indicates the seropositivity threshold. Colored points represent the GMTs, with error bars 

showing the 95% CIs. (B) Age-specific seroprevalence. Colored points represent the 

seroprevalence, with error bars showing the 95% CIs. (C) Agreement of the Kärber formula, 

4PL model, and BHM-unadjusted model with the BHM-adjusted model in identifying 
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seroconversion and antibody fold rises based on 715 paired serum samples. Colors from 

dark to light indicate increasing agreement. Source data are provided as a Source Data file. 

 

 

 

 

 

 

 

 

 

Editorial Summary –  

 

Measuring antibody levels is crucial to assess population immunity and guide vaccine 

development. Here, the authors develop a Bayesian hierarchical model (BHM) that provides 

accurate and robust estimates of neutralizing antibody titers. 

 

Peer review information: Nature Communications thanks the anonymous reviewers for their 

contribution to the peer review of this work. A peer review file is available. 
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No 644 93.8% 98.3% 99.2%
Overall 715 90.9% 94.5% 98.0%

Four-fold titer rise
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No 676 97.8% 99.7% 99.7%
Overall 715 95.8% 97.5% 99.7%
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