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methods, and so yields more detailed results and enables accurate interpretation of vaccine efficacy.

Abstract

Evaluation of immunogenicity is a key step in the clinical development of novel vaccines. Tcell responses to vaccine candidates are typically assessed by intracellular cytokine staining (ICS) using multiparametric flow cytometry. A conventional statistical approach to analyze ICS data is to compare, between vaccine regimens or between baseline and post-vaccination of the same regimen depending on the trial design, the percentages of cells producing a cytokine of interest after ex vivo stimulation of peripheral blood mononuclear cells (PBMC) with vaccine antigens, after subtracting the non-specific response (of unstimulated cells) of each sample.

Subtraction of the non-specific response is aimed at capturing the specific response to the antigen, but raises methodological issues related to measurement error and statistical power.

We describe here a new statistical approach to analyze ICS data from vaccine trials.

We propose a bivariate linear random-effect regression model for estimating the nonspecific and antigen-specific ICS responses. We benchmarked the performance of the model in terms of both bias and control of type-I and -II errors in comparison with conventional approaches, and applied it to simulated data as well as real pre-and post-vaccination data from two recent HIV vaccine trials (ANRS VRI01 in healthy volunteers and therapeutic VRI02 ANRS 149 LIGHT in HIV-infected participants).

The model was as good as the conventional approaches (with or without subtraction of the non-specific response) in all simulation scenarios in terms of statistical performance, whereas the conventional approaches did not provide robust results across all scenarios. The -We propose a new modeling approach that considers all measured data and is more flexible than conventional methods, which yields more detailed results and enables accurate interpretation of vaccine efficacy.

Introduction

In clinical development of vaccines, assessing the ability of the candidate vaccine to generate immune responses is an important objective of phase I and II clinical trials. Only candidate vaccines with sufficient immunogenicity are subjected to phase III clinical trials.

Immunogenicity can be a secondary objective of phase III vaccine trials, to investigate potential correlates of protection.

In phase I and II vaccine trials, a variety of immunological markers, including the vaccineinduced T-cell responses, are typically assayed [START_REF] Kibuuka | Safety and immunogenicity of Ebola virus and Marburg virus glycoprotein DNA vaccines assessed separately and concomitantly in healthy Ugandan adults: a phase 1b, randomised, double-blind, placebo-controlled clinical trial[END_REF][START_REF] Guardo | Safety and vaccine-induced HIV-1 immune responses in healthy volunteers following a late MVA-B boost 4 years after the last immunization[END_REF][START_REF] Lévy | Dendritic cellbased therapeutic vaccine elicits polyfunctional HIV-specific T-cell immunity associated with control of viral load[END_REF][START_REF] Luabeya | Firstin-human trial of the post-exposure tuberculosis vaccine H56:IC31 in Mycobacterium tuberculosis infected and non-infected healthy adults[END_REF]. T-cell responses to vaccine candidates are commonly assessed by intracellular cytokine staining (ICS), a flow cytometry assay involving cryopreserved peripheral blood mononuclear cells (PBMCs). ICS assay allows characterization of subsets of specific cytokine-producing T cells after ex vivo antigenic stimulation [START_REF] Horton | Optimization and Validation of an 8-Color Intracellular Cytokine Staining (ICS) Assay to Quantify Antigen-Specific T Cells Induced by Vaccination[END_REF][START_REF] Lin | COMPASS identifies T-cell subsets correlated with clinical outcomes[END_REF]. For example, in the case of evaluation of an HIV vaccine candidate, the cellular responses can be measured by enumerating IFNg-, IL2-, and TNFa-producing CD4+ and CD8+ T cells by flow cytometry, after stimulation of PBMCs with pools of the HIV peptides contained in the vaccine sequence, e.g., Gag, Nef, Pol, and/or Env [START_REF] Churchyard | A phase IIA randomized clinical trial of a multiclade HIV-1 DNA prime followed by a multiclade rAd5 HIV-1 vaccine boost in healthy adults (HVTN204)[END_REF][START_REF] Tung | A therapeutic HIV-1 vaccine enhances anti-HIV-1 immune responses in patients under highly active antiretroviral therapy[END_REF][START_REF] Janes | Higher T-Cell Responses Induced by DNA/rAd5 HIV-1 Preventive Vaccine Are Associated With Lower HIV-1 Infection Risk in an Efficacy Trial[END_REF][START_REF] Kalams | Safety and Comparative Immunogenicity of an HIV-1 DNA Vaccine in Combination with Plasmid Interleukin 12 and Impact of Intramuscular Electroporation for Delivery[END_REF].

Different approaches exist for the statistical analysis of ICS data. Methods based on qualitative binary criteria can be used to report the proportion of vaccine recipients with a detectable or "positive" response (percentage of "responders"). The binary response variable can be defined using either empirical thresholds on a relative or absolute scale (e.g., positive response if higher than threefold the non-stimulated cells or at least 0.05% of T cells), relying on a statistical approach, or a combination of both. For instance a Fisher exact test on count data (number of flow cytometer events) is often used to compare the proportion of cytokine-producing stimulated and non-stimulated cells within a given sample, yielding a multiple testing-adjusted p-value per sample that is used as a statistical positivity criterion [START_REF] Horton | Optimization and Validation of an 8-Color Intracellular Cytokine Staining (ICS) Assay to Quantify Antigen-Specific T Cells Induced by Vaccination[END_REF]. However, in the absence of formally identified thresholds of positivity, the biological meaning of such binary criteria remains unknown. In addition, a binary variable induces a loss of precision and information and therefore decreases the statistical power compared to using the full distribution of the marker [START_REF] Richert | BiostatisticsBioinformatics Division of the ANRS Vaccine Research Institute. Is the current use of « positivity » thresholds meaningful for evaluating HIV-vaccine immunogenicity endpoints?[END_REF]. Qualitative criteria have the advantage of being easy to implement and interpret, without any positivity criteria to define. Thus, use of quantitative endpoints for the analysis of ICS responses is relevant. The gold standard (i.e., conventional statistical approaches (1-4)) for the analysis of quantitative ICS data is: i) to subtract the response observed in non-stimulated cells from each stimulated condition of a given sample and ii) to perform a standard inter-or intraarm comparison of the distribution of percentages of cells producing the cytokine(s) of interest. This can be achieved, for instance, using Student's t-test to compare two means of cytokineproducing cells at a given time point between trial arms (or for non-parametric data a rank test), or the corresponding tests for paired data for intra-group ("before-after immunization") comparisons. The background subtraction in step i) is aimed at capturing the antigen-specific response, but it can result in biased estimates and induce type-I errors (a type-I error occurs when a researcher rejects a null hypothesis when it is true), and reduce the statistical power by increasing the measurement error or biasing the observed distribution.

Moreover, although measurement errors and random biological variations are likely to contribute to the observed response in non-stimulated cells (often called "background"), it cannot be excluded that this non-specific response has some biological relevance [START_REF] Liu | High background in ELISpot assays is associated with elevated levels of immune activation in HIV-1-seronegative individuals in Nairobi[END_REF][START_REF] Su | Virus-specific CD4+ memory phenotype T cells are abundant in unexposed adults[END_REF], via bystander activation for instance, and should not be ignored in the data analysis. In addition, from a statistical point of view, the existence (or absence) of a correlation between non-specific and specific responses is significant [START_REF] Gilbert | Efficient and robust method for comparing the immunogenicity of candidate vaccines in randomized clinical trials[END_REF]. The conventional approaches do not take this into account, which may lead to erroneous results.

We propose a new statistical method for the analysis of cellular immune responses in vaccine trials using a bivariate regression model that guarantees accurate estimation of the vaccine effect.

Materials and Methods

Statistical model

We propose a bivariate linear model, which is an extension of the univariate regression models frequently used in biomedicine. While a univariate model allows estimation of the effects of one or several explanatory (independent) variables on a single response (dependent) variable, a bivariate model simultaneously includes two response markers as dependent variables [START_REF] Thiébaut | Bivariate linear mixed models using SAS proc MIXED[END_REF]. As for univariate linear regression models, a maximum-likelihood approach can be used to estimate the effects of the explanatory variables on the outcome in a bivariate model. Regression coefficients (so-called "betas") are thus estimated, along with their confidence intervals and corresponding p-values, while simultaneously modeling the vaccine effect on the non-specific and specific responses assayed by ICS.

The model considers the non-stimulated cell response and the raw stimulated cell response(s) as the dependent variables. These responses are modeled according to the vaccine effect as the main explanatory variable, and the stimulated cell response is additionally adjusted for the nonstimulated cell response. This adjustment allows consideration of the potential correlation between these responses, which is not possible with current conventional approaches. The model provides an estimation of the vaccine effect on the non-stimulated cell response and of the effect of the non-stimulated cell response on the stimulated cell response (Figure 1). The mathematical equations specifying each of the two models are described below.

Let , be the response vector for subject i, with the non-stimulated cell response, and the vector of the stimulated cell response. We define the two bivariate linear models presented above as:

Model (1) for inter-arm comparison at one time point

where is the variable indicating the vaccine arm, and and , respectively, are the parameters and the errors of the model. This formulation implies the following probability distribution for the responses and errors:

Model (2) for intra-arm comparison (post-vaccination vs. baseline)

where

) and ,! ! and are, respectively, the parameters and the errors of the model. This formulation implies the following probability distribution for the responses and errors:

# " #
We provide an implementation of the model in both SAS (using Proc Mixed) and R (using the nlme package). The SAS and R codes are provided in Appendix A. In addition, we built a user-friendly graphical interface that allows analysis of ICS data with the bivariate model and visualization of the results. The tool is implemented as an R-Shiny application and is available on the Internet (19).

Simulation study

Simulated datasets enable assessment of the performance of the proposed model in various scenarios where the truth is known (contrary to real-world data). Synthetic datasets were generated under various scenarios chosen to compare the behavior of the proposed model with the conventional approaches in different situations: a similar vaccine effect on stimulated cell response between arms to evaluate the risk of type-I error (i.e., the risk of concluding that a vaccine effect exists when it does not); the vaccine effect on the stimulated cell response to evaluate the statistical power (1-beta, or type II error); the presence and absence of correlations between the stimulated and non-stimulated responses; and with or without a vaccine effect on the non-stimulated response.

The various scenarios and parameters used to generate the data are described in Appendix B -Table 1. For each scenario, 1,000 simulations were run with three different 

Results

Simulation study

The statistical performance was similar for models (1) and ( 2) in terms of control of bias, type-I error, and statistical power. A summary of the statistical performance of models ( 1) and ( 2) is shown in Figure 2 and Appendix B -Figure 1, respectively, and detailed results for model [START_REF] Kibuuka | Safety and immunogenicity of Ebola virus and Marburg virus glycoprotein DNA vaccines assessed separately and concomitantly in healthy Ugandan adults: a phase 1b, randomised, double-blind, placebo-controlled clinical trial[END_REF] and model ( 2 The type-I error rate was controlled at ≈ 5% in all scenarios by the model as well as the conventional approach using the raw stimulated cell response. For the conventional method with subtraction of the non-stimulated cell response, the type-I error rate was not controlled (> 20%) when there was a vaccine effect on the non-stimulated cell response (Figure 2C, upper panel). Regarding the control of bias and statistical power (lower panel), the performance of the two conventional approaches varied across the scenarios: the raw stimulated cell response performed better than the background-subtracted response in the absence of a correlation (Figure 2A) and, more importantly, in cases of a vaccine effect on the non-stimulated cell response (Figure 2C). In contrast, a conventional approach with background subtraction was better in cases of correlations between the non-stimulated and stimulated cell responses (Figure 2 B). The proposed modeling approach had excellent performance in all scenarios, at least as good as the respective conventional approach. The exception were cases of a vaccine effect on the non-stimulated response, in which the conventional approach without backgroundsubtraction had slightly higher statistical power (Figure 2C). To have good statistical performance, a model must control the type-I error at the nominal testing level (conventionally 5%) and the power must be as high as possible.

A: Scenarios with no correlation between stimulated and non-stimulated cell response and no vaccine effect on the non-stimulated cell response B: Scenarios with correlation (p=0.70) between stimulated and non-stimulated cell response C: Scenarios with a vaccine effect on the non-stimulated cell response 3.2. Application to real-world data

VRI02 ANRS 149 LIGHT

We applied the proposed model to evaluation of cellular immunogenicity at W28 for inter-arm comparison in the vaccine and placebo arms-model ( 1)-and intra-arm comparison in the vaccine and placebo arms-model [START_REF] Guardo | Safety and vaccine-induced HIV-1 immune responses in healthy volunteers following a late MVA-B boost 4 years after the last immunization[END_REF]. The estimated vaccine effect on cells stimulated by Gag, Nef, and Pol/Env using models 1 and 2 and the respective conventional approaches are presented in Figure 3.

Regarding the inter-arm comparison (Figure 3A), differences were observed between the two conventional approaches: a significant change in the frequency of CD4+ T cells producing TNFα, IL2, and IFNγ in response to the Pol/Env peptide pool was found in the vaccine arm vs. the placebo arm at W28 using the approach with subtraction of the nonstimulated cell response. In contrast, the approach without subtraction found only a significant change in the frequency of CD4+ T cells producing IFNγ in response to the same peptides. The bivariate modelling approach found specific CD4+ T cells producing IL2 in response to the approach with subtraction of the non-specific response but not with the non-subtracted conventional approach. In the placebo arm (Figure 3B, lower panel), the three methods yielded discordant results. Whereas no significant CD4+ and CD8+ T-cell responses were observed with the modeling approach, several significant cellular responses were found using the conventional approaches, particularly with subtraction of the unstimulated cell response. This result may be linked to an increased frequency of type-I errors with conventional approaches.

Estimates of the vaccine effect on the non-stimulated cell response and the association of the non-stimulated response with the stimulated cell responses are shown in Appendix D. No significant vaccine effect on the non-stimulated cell response was observed with model 1 (Appendix D, Figure 1) or model 2 (Appendix D, Figure 2). However, a significant association between the non-stimulated cell response and the stimulated cell responses was found for several CD4+ and CD8+ T-cell responses in both models. For example, estimates (standard deviation) from model 1 (inter-arm comparison at W28) for the analysis of the CD4+ IL2+ response after Pol/Env stimulation were 0.010 (0.033) for the vaccine effect on the stimulated cell responses (p = 0.002), and 1.097 (0.154) for the effect of the non-stimulated response on the stimulated response (p < 0.001).

Regarding conventional approaches without subtraction, the average difference (standard deviation) in raw stimulated responses between the two arms was 0.006 (0.018) (p = 0.14; standardized effect: 0.328). With the conventional approach with subtraction of the nonstimulated response, the average difference (standard deviation) in raw stimulated responses between the two arms was 0.010 (0.014) (p = 0.003; standardized effect: 0.684). For this example, the correlation coefficient between non-stimulated response and stimulated response was 0.57, which is a moderate correlation explaining why the conventional approach with subtraction of the non-stimulated cell response was closer of the modelling result. 

ANRS/INSERM VRI01

We applied the proposed model to evaluate cellular immunogenicity at W30 in the MVA-LIPO, LIPO-MVA, and GTU-MVA arms. Estimates of the vaccine effects on the Gag, Nef, and Pol/Env responses in each arm (model 2) and the respective conventional approaches are shown in Figure 4.

As expected, some discrepancies were observed between the two conventional approaches for measuring the vaccine effect. The modelling approach resolved this uncertainty, and yielded more robust results that were sometimes closer to one conventional approach, sometimes closer to the other.

Estimates of the vaccine effect on the non-stimulated response and the effect of the nonstimulated response on the stimulated responses are presented in Appendix E -Figure 1. In the analysis of VRI02 ANRS 149 LIGHT, no significant vaccine effect on non-stimulated cell responses was observed. A significant association of the non-stimulated response with the stimulated responses was found for several CD4+ and CD8+ T-cell responses. 

Discussion

We present a multivariate modelling approach to analyze the cellular immune response of vaccine candidates during vaccine clinical trials. Simulations showed that the bivariate model effectively controlled the type-I error in all assessed scenarios with different population sizes, while its statistical power was at least as good as the conventional approaches in all scenarios.

Controlling type-I errors is fundamental for the consistency of research. A high frequency of type-I errors leads to an apparently statistically significant result that is not reproducible in further studies. This is one of the determinants of the very high prevalence of false-positive results [START_REF] Ioannidis | Why most discovered true associations are inflated[END_REF]. The lack of statistical power is also a drawback, especially in the context of early phase vaccine clinical trials in which the number of subjects is restricted. Conventional approaches based on comparison of the background-subtracted response by t-test are the most frequently used (1-4) but did not control type-I error and had low statistical power for the vaccine effect on the non-stimulated cell response. Comparison of the data without subtraction of the non-stimulated response exhibited little statistical power in cases of correlations between the non-stimulated and stimulated cell responses.

The use of real data from prophylactic and therapeutic HIV vaccine trials showed the feasibility of the modelling approach. Not surprisingly, divergent results among the three analysis approaches (modelling and two conventional approaches) were obtained for some ICS responses. This demonstrated that the proposed model yields robust results and provides information on the correlation between the non-stimulated and stimulated cell responses. The validity of the proposed modelling approach could not be tested with real data but an in silico study demonstrated the drawbacks of conventional methods (Gilbert et al.). The systematic use of one of the conventional approaches leads to erroneous results. The originality of our approach lies in the simultaneous modeling of the non-stimulated and stimulated responses, unlike conventional approaches. This enables assessment of the vaccine effect on stimulated cell response adjusted for the non-stimulated cell response as well as of the vaccine effect on the non-stimulated cell response without loss of statistical power. The strength of the model compared to conventional approaches is its good statistical performance irrespective of the relationship between the vaccine and the non-stimulated response and between the nonstimulated response and the stimulated response. The conventional approaches do not take these relationships into account. In addition, the bivariate model is easily extendable to multivariate models with more than two dependent variables, allowing consideration of more than one antigen, while a large number of tests must be performed using conventional approaches, leading to a risk of type-I error. Furthermore, while controlling for statistical errors, the model provides more biological information on the effect of variables on the background or on the specific response independently of the intervention. Notably, the same modelling approach can be used to explore any variable that modifies the effect of interest (e.g., the vaccine) on the ICS response. As an example, it could be used to evaluate whether the vaccine induced a similar ICS response in women and men through an interaction term.

One potential drawback of our approach is the fact that it is a fully parametric method making assumptions. It is assuming that residuals are normally (i.e., Gaussian) distributed with constant variance, which could not be the case. However, there are several arguments for thinking that the consequences on the usefulness of the method are limited. First, the conditional distribution could be more likely Gaussian than the marginal one tested with the t-test. Second, the mixed models are quite robust to misspecification of residual distribution [START_REF] Jacqmin-Gadda | Robustness of the linear mixed model to misspecified error distribution[END_REF]. Therefore, we think that parametric assumptions should not limit the use of the approach if the sample size is adequate (< 20 individuals).

Although our modeling approach is more complex than conventional approaches based on basic statistical tests (Student's t-test), this should not prevent its practical use. To facilitate its implementation, the code for SAS and R software is provided in the Appendix. In addition,

we developed an R-shiny application with an interactive and user-friendly web interface that enables immunologists to analyze their data with no statistical software or experience required.

The application provides simple and clear interpretation of the results and the output can be directly integrated into publications.

In conclusion, our novel method of analyzing T-cell immunogenicity data, based on bivariate modelling, enables consideration of all available information with more flexibility Non-stimulated response effect on stimulated response: H0 (% ' ( ≠ 0) approaches (comparing respectively the raw stimulated response or the stimulated response after subtraction of the non-stimulated response) respectively the raw stimulated response or the stimulated response after subtraction of the nonstimulated response)

-

  proposed model estimated the T-cell responses to the antigens without any effect of the nonspecific response on the specific response, irrespective of the correlation between the nonspecific and specific responses. This novel method of analyzing T-cell immunogenicity data based on bivariate modelling allows consideration of all T-cell data and is more flexible than conventional Highlight Evaluation of vaccine immunogenicity is a key step in the clinical development of vaccines; the T-cell responses to vaccine candidates are typically assessed by intracellular cytokine staining using flow cytometry. -Conventional approaches for analyzing T-cell responses can bias estimates and compromise statistical performance, particularly in terms of the type-I error rate and statistical power.

Figure 1 .

 1 Figure 1. Bivariate linear model for estimating the non-specific and antigen-specific
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 8 sample sizes, respectively, 15, 30, and 60 participants per arm. Bias, type-I error control, and the statistical power of the bivariate model in each scenario were compared with those of two quantitative conventional approaches based on Student's t-test or paired t-test (for inter-and intra-arm comparisons, respectively) using (i) the raw stimulated cell response or (ii) the stimulated cell response after subtraction of the non-stimulated cell response. Relative bias was calculated as follows:where DIFFobs is the observed mean of the difference between stimulated responses (between time points in model[START_REF] Kibuuka | Safety and immunogenicity of Ebola virus and Marburg virus glycoprotein DNA vaccines assessed separately and concomitantly in healthy Ugandan adults: a phase 1b, randomised, double-blind, placebo-controlled clinical trial[END_REF]; between arms in f model (2)) and DIFFtheo, the corresponding theoretical difference (known in simulations). Type-I error was calculated as the percentage of simulations with significant vaccine efficacy (p < 0.05) among scenarios with no true vaccine efficacy. Statistical power was calculated as the percentage of simulations with significant vaccine efficacy (p < 0.05) among scenarios with true vaccine efficacy. The values and parameters used to generate the unstimulated cell response and the vaccine effect were based on the magnitude of the cellular responses measured in the ANRS/INSERM VRI01 trial. All simulations were performed using SAS v. 9.4 (SAS Institute, Cary, NC).2.3.Application to real dataWe applied our modeling approach to analyze data from two HIV vaccine trials-VRI02 ANRS 149 LIGHT (NCT01492985) and ANRS/INSERM VRI01 (NCT02038842). VRI02 ANRS 149 LIGHT evaluated a prime-boost combination of DNA-GTU and Lipopeptide vaccine followed by supervised treatment interruption (STI) in a therapeutic HIV phase II randomized trial. A total of 103 HIV-1-infected participants on c-ART were randomized (2:1 ratio) to receive three doses of DNA GTU-MultiHIV B (encoding Rev, Nef, Tat, Gag, and gp160) at week (W) 0, W4 and W12 followed by two doses of LIPO-5 vaccine containing long peptides from Gag, Pol, and Nef at W20 and W24, or a placebo. The HIVspecific CD4+ and CD8+ T-cell responses (IFNγ, IL2, TNFα) to HIV peptide pools (Gag, Nef, and Pol/Env) were assessed by ICS at W0 and W28 in 57 vaccinated and 32 placebo participants. ANRS/INSERM VRI01 was a prophylactic open-label phase I/II randomized multicenter trial of the immunogenicity and safety of three candidate vaccines used as prime or boost: MVA HIV-B (encoding Gag, Pol, and Nef); LIPO-5 (five lipopeptides from Gag, Pol, and Nef); and DNA GTU-MultiHIV B (encoding Rev, Nef, Tat, Gag, and gp160 clade B). Healthy adult volunteers were randomized to four parallel groups: G1 received MVA at W0/LIPO-5 at W20/28; G2, LIPO-5 at W0/8 + MVA at W20/28; G3, DNA at W0/4/12 + LIPO-5 at W20/28; and G4, DNA at W0/4/12 + MVA at W20/28. HIV-specific CD4+ and CD8+ Tcell responses (IFNγ, IL2, TNFα) were analyzed after stimulation of PBMC by HIV antigens (Gag, Nef, and Pol/Env peptide pools) using ICS at W0, W30 and W52. Only participants from G1, G2 and G4 were included (n = 62) by ICS because frequency of W30 IFNγ-ELISpot responders was 0% in G3. Details on the ICS are provided in Appendix C. Model (1) for inter-group comparison (vaccine vs. placebo) at W28 (primary endpoint postvaccination) and model (2) for intra-group comparison (W0-W28 in the vaccine group) were applied to VRI02 ANRS 149 LIGHT ICS data. For the ANRS/INSERM VRI01 trial, only model (2) was used for intra-group comparisons (W0-W30 [primary endpoint postvaccination] in each vaccine group) as no formal comparison between vaccine regimens was planned in this trial. Each model was run for each HIV-specific CD4+ and CD8+ T-cell response (IFNγ, IL2, and TNFα) and included the non-stimulated and the three stimulation conditions (Gag, Nef, and Pol/Env) as dependent variables (i.e., a total of four response variables in the multivariate model).

  ) are provided in Appendix B (Figures 2-7 for model (1) and Figures 8-13 for model (2)).

Figure 2 :

 2 Figure 2: Evaluation of the performance of model 1 in terms of control of type 1 error and statistical power of the bivariate model for evaluating the effect of the vaccine (armvaccine versus placebo) compared to conventional approaches (with or without subtraction of the non-stimulated cell response) via simulations (1000 simulations per scenario).

  Gag peptide pool. No significant change in CD8+ T-cell responses was found with the model or the conventional approaches with and without subtraction of the non-stimulated cell response. Regarding the intra-arm comparison in the vaccine arm (Figure 3B, upper panel), the results were similar for the three methods between W0 and W28-CD8+ T-cell responses to Nef and Pol/Env and CD4+ T-cell responses to the three peptides. A significant vaccine effect on CD8+ T cells producing IL2 was detected by bivariate modelling and the conventional

Figure 3 .

 3 Figure 3. Heatmap of the p-values of the vaccine effect on the CD4+ and CD8+ T-cell responses measured by ICS in the VRI02 ANRS 149 LIGHT trial arms. The three approaches were (1) comparison of the raw stimulated cell response, (2) comparison of the specific response with subtraction of the non-stimulated cell response, and (3) a bivariate model with the non-stimulated cell responses and stimulated cell responses as dependent variables. A. Inter-arm (vaccine vs. placebo) comparisons. B. Intra-arm (week 28 vs. baseline) comparisons in the vaccine and placebo arms.

Figure 4 .

 4 Figure 4. Heatmap of the p-values of the intra-arm analysis of the vaccine effect on the CD4+ and CD8+ T-cell responses measured by ICS in the ANRS/INSERM VRI01 trial arms. The three approaches were (1) comparison of the raw stimulated response between

Model ( 2 )

 2 than conventional methods, leading to more accurate and more detailed results, enhancing interpretation of the vaccine effect on T-cell function. The use of conventional approaches, in particular comparison of the T-cell response after background subtraction, should no longer be recommended for ICS in vaccine trials. Our multivariate model is therefore an alternative to conventional approaches. The bivariate model could be used to analyze any type of functional response in which a non-stimulated cell response is measured. The English in this document has been checked by at least two professional editors, both native speakers of English. For a certificate, please see: http://www.textcheck.com/certificate/Sq7OxQ proc mixed data = DATATABLE; class ID_PATIENT STIMULATION ; model Y_d = STIMULATION STIMULATION*Y_d_NS/ cl noint; repeated /type=VC grp= STIMULATION sub= ID_PATIENT ; run ; R code Below an example of R code for a bivariate model for an inter-arm comparison at one time point post vaccination where STIMULATION is a binary variable indicating the response variable concerned (STIMULATION = 0 for Y $ %& and STIMULATION = 1 for Y $ & ); ID_PATIENT a single identification number for each patient, VACCINE a qualitative variable for the treatment group; Y_NS with Y_NS = 0 when STIMULATION = 0 and the value of the non-stimulated response when STIMULATION = 1. Model (1) nlme::gls(Y ~ -1 + STIMULATION*ARM + Y_NS, data = DATATABLE, weights = nlme::varIdent(value = c("1" = 1), form = ~ 1 | STIMULATION), method="REML" ) nlme::gls(Y_d ~ -1 + STIMULATION + Y_d_NS, data = DATATABLE, weights = nlme::varIdent(value = c("1" = 1), form = ~ 1 | STIMULATION),

  

  

  

  

  

  

  

  

modelling approach (model 2) and two conventional approaches (comparing respectively the raw stimulated response or the stimulated response after subtraction of the non-stimulated response)

modelling approach (model 1) and two conventional approaches (comparing respectively the raw stimulated response or the stimulated response after subtraction of the non-stimulated response)
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Appendix B -Simulations

Scenarios

Appendix B -Table 1. Description of the different scenarios of simulation for Model 1 and Model 2 and parameters used for each scenario Vaccine effect on non-stimulated response:

Scenarios of simulation Hypothesis

Non-stimulated response effect on stimulated response: H0 (% * ( = 0) 0.02 0.01 ~ +(0 , 0.01) 0.04 0.01 0.01 ~ +(0 , 0.02)

Model (2), one arm comparison (post-vaccination versus baseline)

No vaccine effect Vaccine effect on stimulated response: H0

Vaccine effect on non-stimulated response: H0

Non-stimulated response effect on stimulated response: H0 (% ' ( = 0)

Vaccine effect on stimulated response, no correlation between stimulated and non-stimulated response Vaccine effect on stimulated response:

Vaccine effect on non-stimulated response: H0

Non-stimulated response effect on stimulated response: H0 (% ' ( = 0)

No vaccine effect between arms on stimulated response, correlation between stimulated and non-stimulated response Vaccine effect on stimulated response: H0

Vaccine effect on non-stimulated response: H0

Non-stimulated response effect on stimulated To have good statistical performance, a model must control the type 1 error at 5% and the power must be as high as possible (generally 80%).