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Background and objectives: Currently, the attrition rate for new candidate drugs during clinical development is high. To reduce this, we need to increase productivity in the development phases by stopping the "bad" compounds and by accelerating the development of "good" ones. The preclinical and early clinical phases are key stages for making these decisions. To help, Go/No-go decisions are quantitative methods that are good tools. They provide strength of evidence of observed results in three probability categories: success (GO), failure (NO GO) or neither (CONSIDER). The objectives of this internship are to understand the methods already available to calculate Go/No-go probabilities and then to create an R shiny application to implement them to help decision making in the preclinical and early clinical phases of drug development. Methods: Before calculating the Go/No-go probabilities, a decision framework must be created with a dual criterion: statistical and clinical. The calculation of Go/No-go probabilities for binary and normal data using frequentist and Bayesian methods is detailed for one or several (2 or 3) endpoints. Simulations are generated to understand the impact of each parameter on these probabilities. Results: An R Shiny application is created to generate all the results in this report. It can be used for all projects by statisticians or trained non-statisticians. The plots created are Go/No-go probabilities as a function of study size or true effect (unknown in reality). A simulation section can also be used. For projects in the preclinical or early clinical phases, it is preferable to use Bayesian methods (with a non-informative priority) for binary data rather than frequentist methods as less conservative. Conversely, for normal data, it is preferable to use frequentist methods rather than Bayesian methods (with a non-informative priority), which are more expensive to compute with the same results. Conclusion: Go/No-go probabilities are an important tool to help decision makers. The R Shiny application can be used to calculate these probabilities for one or more endpoints for normal or binary data. Simulations can also be generated to optimise the use of parameters.
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Equation 1. The lower and upper limits of Clopper-Pearson Formula [START_REF]Statistics How To[END_REF] In this report, the company where I spent my internship is introduced. Then the context of my mission is explained. After that, methods and results are presented and in the last part of this report a discussion concluded.

Host structure 2.1 Pierre Fabre Group

Pierre Fabre Laboratories is a French pharmaceutical and dermo-cosmetic group. It was founded in 1962 by Pierre Fabre, a pharmacist and botanist in Castres (Occitanie) [START_REF] Shiny Application | [END_REF]. The group has an international presence with almost 10,000 employees worldwide (2). The company is majority-owned by the Pierre Fabre Foundation, a public-interest foundation recognized by the French government [START_REF]Context of justification of the mission[END_REF].

Under the Pierre Fabre banner, there are many emblematic brands (Eau thermale Avène, A-Derma, Ducray, Klorane, etc.) that share the same objective: "To care for people according to their individual needs, to make their life better" (4). The Pierre Fabre group has different fields of action:

-Cancer care, -Care for chronic diseases, -Prevention and care for everyday aliments (family health, hygiene and oral care and natural health care), -Dermo-cosmetics with care for the skin and hair.

In the area of cancer care, the company offers therapeutic solutions for the treatment of melanoma, lung cancer, breast cancer, bladder cancer and colorectal cancer (5).

Pharmaceutical Research & Development

Pharmaceutical research is divided into four areas:

-Oncology, -Oncodermato, -Dermatology, -Over the Counter (OCT). This Research & development team of Pierre Fabre Medical Care is led by Francesco HOFMANN.

Data Science Team

The R&D Data Science team is led by Andreas WERNITZNIG, head of Data Science at Pierre Fabre Medical Care. This team is responsible for the beginning of drug development, especially of drug discovery and early clinical phases (Phase I/II), as shown in Figure 1. This team brings together several professions:

-Data scientists, -Data managers, -Biostatisticians. Data scientists work in the drug discovery phase during the creation of a drug (Figure 1). The data scientists are led by Roland BONNET. The goal of the team is to discover and optimise drug compounds that can act on a specific biological target involved in a disease, in the hope of treating it. To do this, they use large databases with artificial intelligence like machine learning, deep learning, image processing, etc. Data managers are involved in the first and second phases of clinical trials (Figure 1). Valérie CASSAN is the head of the data managers. This team is responsible for setting up database management systems for clinical trials, creating computer programmes to obtain of individual data and tables such as Study Data Tabulation Model (SDTM). They must comply with the standards of the Clinical Data Interchange Standards Consortium (CDISC). Data managers outsource this to Contracts Research Organisations (CROs) and monitor them to ensure that the process runs smoothly. 

Statistic team in early phase

The statistic team in early phase is part of the Data Science team and is led by David JEGOU, head of statistic in early phase. This team is the place where I am doing my internship. It consists of four people: three biostatisticians (David JEGOU, Mathilde SACCAREAU and Eléna DUPUY) and one data analyst (Elise BONOTTO) specialized in data visualisation. The aim of the team is to provide statistical support for various projects in early phase (Phase I and II) or preclinical studies (Figure 1).

As biostatisticians, they help to design protocols, write the Statistical Analysis Plan (SAP) and perform statistical analyses (internally or by supervising CROs). To do this, they work in collaboration with many different occupations, including doctors, project managers, data managers, quality assurance officers, etc. 

Efficacity/ Safety

Demonstrating efficacity

Evaluate the longterm safety and efficacy

Elise BONOTTO, data analyst, is responsible of visualisation of clinical data. She enables to better visualize the large amount of data by creating clinical dashboards. She also provides a representation of the analyses carried out by biostatisticians for presentation to non-statisticians.

Context of justification of the mission

Today, the development of a drug to a medication takes 12-15 years (7) and the median cost of development is estimated to be between $2 billions and $3 billions [START_REF] Dimasi | Innovation in the pharmaceutical industry: New estimates of R&D costs[END_REF]. The attrition rate is therefore high. Indeed, approximately 90% of investigational new drug candidates fail during clinical development [START_REF] Lalonde | Probability of Success: A Crucial Concept to Inform Decision Making in Pharmaceutical Research and Development[END_REF]. To decrease this attrition rate, we need to enhance productivity by improving the probability of success in consecutive phases of clinical development (Figure 1), by stopping the development of "bad" compounds as early as possible and by accelerating the development of "good" compounds [START_REF] Frewer | Decision Making in Early Clinical Development: The framework used within AstraZeneca[END_REF]. To do this, it is necessary to make the right decisions with evidence based.

The preclinical and early clinical phases are key steps to take these decisions. However, it is difficult to obtain evidence on these phases because the effect of the drug is observed in a small sample of animals (preclinical in Figure 1) or humans (early phase (phases 1 and 2) in Figure 1) [START_REF] Fogel | Factors associated with clinical trials that fail and opportunities for improving the likelihood of success: A review[END_REF]. It is therefore difficult to know whether the results obtained with these small samples of subjects can be extrapolated to the general human population [START_REF] Faber | How sample size influences research outcomes[END_REF] . To overcome this effect, statistical inference is used. The aim is to use results observed in a sample to predict what will happen in the general population. The use of quantitative methods enables more efficient decision making and gives a better idea of the effect of the drug in the general population.

Go/No-go decisions are quantitative methods which are good decision-making tools. These methods are based on a methodology of Lalonde [START_REF] Lalonde | Model-based Drug Development[END_REF], Model-based Drug Development (MBDD). The latter "provides a quantitative basis for making their risk decisions efficiently based on all the pertinent data available" [START_REF] Lalonde | Model-based Drug Development[END_REF]. This methodology provides a categorisation of the strength of evidence of observed results [START_REF] Frewer | Decision Making in Early Clinical Development: The framework used within AstraZeneca[END_REF]. With that, the Go/No-go decisions, based on the data collected, make it possible to have a map of possible outcomes of decision with probabilities of success (GO), failure (NO GO) or neither (CONSIDER). This means you can take a decision to continue or stop a drug more easily and quickly.

Objectives of internship

The objectives of this internship are to review the bibliography of existing methods for calculating Go/No-go probabilities and to create an interactive R shiny application implementing them to help decision making in preclinical studies and early clinical phases. The application would need to be able to calculate Go, No-go and Consider probabilities according to parameters entered by the user. It must be usable by statisticians but also by non-statisticians such as scientists or project managers. The R Shiny application must therefore be easy to use and understandable by everyone.

Methods

Principle of Go/No-go decisions

The principle of Go/No-go decisions is based on a central value: the measured effect (i.e. measured endpoint) in a sample in the preclinical or early phase of drug development. In this report, two types of endpoints are considered: binary and normal endpoints. For the first type of data, in our clinical context the effect measured is called the observed response rate (ORR). This is the observed number of responders divided by the total number of subjects, i.e. the sample size. For the second, we call the measured effect, the observed mean (OM). This is the mean that we observe on the subjects.

With the ORR/OM, the biologist or the doctor in collaboration with the statistician choose the Null Value and the Decision Value. It must be the same type as the endpoint (response rate for binary data and mean for normal data). These values correspond to a dual criterion, enabling to have a statisticalclinical compromise. Let's describe these two values:

-The "Null Value" (NV) is the minimum value (or maximum value 1 ) for the drug development. This value limits the risk that a compound will progress with a little efficacy. It is the statistical measure; this is what makes it possible not to reject the null hypothesis. It corresponds to the Go criterion. -The "Decision Value" (DV) is the estimated clinical effect for a successful trial. It is also a value that is commercially viable. It is for the clinical measure and corresponds to the No-go Criterion.

For the interpretation of these values, the Go decision is a signal to continue the development of this treatment or molecule and the No-go decision is a signal to stop this development. In a case where we want our endpoint in the experiment to be as large as possible in order to move on to the next phase, we have the NV under the DV (Figure 2):

-We want that the observed effect, on a sample, is at least 2 the NV to be in the Go decision.

-We want that the observed effect, on a sample, is not under 2 the DV otherwise we are in the No-go decision.

In a case where we want our endpoint in the experiment to be as small as possible in order to move on to the next phase, we have the NV greater than the DV (Figure 3):

-We want that the observed effect, on a sample, is under 2 the NV to be in the Go decision.

-We want that the observed effect, on a sample, is not above 2 the DV otherwise we are in the No-go decision.

In this report, the decision framework is constructed with Bayesian and frequentist methods. For the Bayesian methods, conditions of the decision framework can be based on credible intervals, on posterior probability or on prediction from posterior probability. For the frequentist methods, conditions of the decision framework are based on the confidence interval. To be able to compare 1 Depending on the comparison of NV and DV 2 to the nearest one confidence interval frequentist and Bayesian methods, we need to have an equivalent decision framework. That's why, for the Bayesian methods we use credible intervals and for the frequentist methods we use confidence intervals.

After setting the NV and the DV, we need to choose the confidence level of each one to represent the level of certainty. For example, we choose a confidence level of 80% for the NV. This means that we accept a risk error of 20% that the observed endpoint is not above the NV.

With these values, a decision framework is created, an example can be: Go criterion: One-sided 80% Lower Confidence Bound (observed response rate) ≥ Null value = 0.3 No-go criterion: One-sided 10% Upper Confidence Bound (observed response rate) < Decision value = 0.5 Consider criterion: Otherwise

The interpretation of this decision framework is as follows. We have a Go decision if the Lower confidence bound of ORR is above 0.3 with a confidence level of 80% (Case 1 and 2 in Figure 4). We have a No-go decision if the Upper confidence bound of ORR is less than 0.5 with a confidence level of 10% (Case 5 and 6 in Figure 4). If both decisions are met (Go and No-go decisions) (Case 4 in Figure 4), we must choose a priority between them. Finally, if we are not in any of these situations (Case 3 in Figure 4), we have a Consider decision. [START_REF] Quan | Applications of Bayesian analysis to proof-of-concept trial planning and decision making[END_REF] After the creation of this decision framework, to calculate the Go/No-go probabilities, the parameters of operating characteristics must be chosen. These parameters are essential to calculate the operating characteristics, the Go/No-go probabilities. These are:

-The sample size, we can calculate probabilities for a range to obtain different scenarios to see, for example, how the probabilities would evolve for higher sample size. -The true effect, that is the real effect in the population. It is unknown in reality. With ranges of this parameter, we can see how the probabilities evolve through different scenarios that represent a more or less optimistic reality.

Decision Value = 0.5 Null Value = 0.3

Choose priority

Steps to calculate Go/No-go probabilities: To obtain Go/No-go probabilities for one clinical endpoint, there are several steps to calculating them. First, we set parameters to create the decision framework (explained previously in this part 5.1). We need to also choose the parameters of operating characteristics: the sample size and the true effect. After choosing these parameters, we calculate the Go/ No-go thresholds (explained in part 5.2). Then, these thresholds are used to find Go/ No-go probabilities (see part 5.3).

Go/ No-go Thresholds

Go/No-go thresholds are the first calculation step in the calculation of Go/No-go probabilities. These thresholds represent the observed effect which has the most extreme Go/No-go decision for a decision framework. That is, for example, for the Go threshold (with NV < DV), it is the value of the observed effect for which we have the first Go decision before moving on to another decision (Consider or Nogo).

The way to identify the Go/No-go thresholds is different according to the type of the measured endpoint (normal/ binary) and the method used (frequentist/ Bayesian). There are four different methods for calculating these two thresholds (one for binary data in frequentist, one for normal data in frequentist, one for binary data in Bayesian and another one for normal data in Bayesian). These methods are explained in parts 5.2.1 to 5.2.4.

Thresholds for binary data in frequentist

For binary data, e.g. for an observed response rate, with frequentist method, we will create a table with in the first column all the possibilities of number of responders (i.e. outcome value) for a given sample size. For example, if we have a sample size of 10, then we will create a table with a column from 1 to 10 (representing all the possibilities of responders for this sample size).

Then, for each number of responders, we calculate two bounds of confidence interval according to the comparison of the NV and the DV:

-In the first case, if the DV is greater than the NV, we calculate the Lower confidence bound with confidence level of NV (LCBNV) and the Upper confidence bound with confidence level of DV (UCBDV). -In the second case, if the NV is greater than the DV, we calculate the Upper confidence bound with confidence level of NV (UCBNV) and the Lower confidence bound with confidence level of DV (LCBDV).

In frequentist method, the confidence bounds are calculated using the Clopper-Pearson exact method formula (Equation 1). This is an alternative to binomial confidence intervals using the normal approximation. It is based on the inversion of the equal-tailed binomial tests and it is the "most commonly cited exact method" for finding a confidence interval [START_REF] Quan | Applications of Bayesian analysis to proof-of-concept trial planning and decision making[END_REF][START_REF]Statistics How To[END_REF]. For Figure 4 andFigure A 1, both cases GO and NO GO can be fulfilled (Case 4), so we need to have a priority rule beforehand. In fact, we need to know according to the context whether we prefer the decision GO or decision NO GO in order to have only one decision with the same outcome value.

∑ ( 𝑛 𝑘 ) 𝑝 𝑘 (1 -𝑝) 𝑛-𝑘 = 𝛼 2 𝑛 𝑘=𝑋 ∑ ( 𝑛 𝑘 ) 𝑝 𝑘 (1 -𝑝) 𝑛-𝑘 =
By applying this decision framework, we have a column of Decisions that contains either Go, No-go or Consider. To find the Go and No-go thresholds, we have two possibilities according to the comparison of the NV and the DV:

- To illustrate this, let's take an example with the Table 1. We create a table for a sample size of 10 and the decision framework is as follows:

If
Go criterion: One-sided 80% Lower Confidence Bound (observed response rate) ≥ NV = 0.3 No-go criterion: One-sided 10% Upper Confidence Bound (observed response rate) < DV = 0.5 Consider criterion: Otherwise

The NV is 0.3 and the DV is 0.5, in other words to have a Go decision, the observed response rate with a confidence level of 80% must be at least 0.3 and for the observed response rate under 0.5 with a confidence level of 10%, this is a No-go decision. We note that the DV is greater than the NV.

For an outcome value of 1 (i.e. the number of responders is 1 on 10 samples), the LCBNV = 0.0221 and the UCBDV = 0.2057 by using Equation 1. The decision framework tells us that LCBNV < DV and UCBDV < NV. With these arguments, we can confirm that the decision is a NO GO for this outcome value (Case 6 of Figure 4). We reproduce this method for all the outcome values and we have completed the last column of Table 1. With the latter, we can have the No-go threshold by taking the highest number of responders with a No-go decision. The Go threshold is obtained by taking the lower number of responders which have a Go decision. In Table 1, we can see that the No-Go threshold is of 3 responders and the Go-threshold is 5 responders. No-go criterion: One-sided 10% Upper Confidence Bound (observed response rate) < 0.5 Consider criterion: Otherwise 1 All possibilities of number of responders for a given sample size ² Lower confidence bound of response rate with confidence level of 80% 3 Upper confidence bound of response rate with confidence level of 10%

: No-go threshold : Go threshold

Thresholds for binary data in Bayesian

In the case using binary data with Bayesian methods, we reproduce the same method as for binary data in frequentist (part 5. we need also to have a priority rule beforehand.

Then, with binary data and a beta posterior, the beta function is used to obtain bounds of the credibility interval using Equation 2. The prior distribution allows to add previous information in the data. This beta prior has two parameters: 𝛼 and 𝛽. 𝛼 corresponds to the number of responders and 𝛽 to the subtracting the number of responders from the sample size.

𝑋 ~ 𝐵𝑒𝑡𝑎(𝑥 + 𝛼, 𝑛 -𝑥 + 𝛽) 𝑓(𝑥) = 1 𝛽(𝑥 + 𝛼, 𝑛 -𝑥 + 𝛽) 𝑥 (𝑥+𝛼)-1 (1 -𝑥) (𝑛-𝑥+𝛽)-1
with 𝛽(𝑥 + 𝛼, 𝑛 -𝑥 + 𝛽) = 𝛤(𝑥+𝛼)𝛤(𝑛-𝑥+𝛽) 𝛤(𝑥+𝛼+ 𝑛-𝑥+𝛽) 𝑥: number of responders for a sample size 𝑛: sample size 𝛼 and 𝛽: parameters of beta prior distribution

Equation 2. Probability density of beta distribution with beta prior

The following steps to find Go/No-go thresholds which are the same for the previous part 5.2.1 with the example shown in Table 1. The variance is chosen by the doctor or the biologist in collaboration with the statistician. It represents the dispersion of the observed means.

Thresholds for normal data in frequentist

Then the following step to find Go/No-go thresholds is the same process than for binary data in frequentist (part 5.2.1).

With 

Thresholds for normal data in Bayesian

For normal data in Bayesian, the methods are roughly the same as the previous part 5.2.3 except that the formula of the confidence interval. Also, since we are using Bayesian method, we talk about credible intervals and we use a prior for the mean of this distribution. This prior is chosen according to previous data or knowledge. To calculate the credible intervals, the posterior probability for normal data is used (Equation 4). 

𝜇 | 𝑥

Calculation of Go/No-go probabilities

To calculate Go/No-go probabilities, we use the Go/No-go thresholds identified in part 5.2 as stated in the steps to calculate Go/No-go probabilities (part 5.1). For this part, we calculate in the same way for binary data, whatever using frequentist or Bayesian methods. The same process applies to normal data. We will describe methods for calculating probabilities for each type of data (binary and normal) in the following sections.

Go/ No-go probabilities for binary data (Bayesian and frequentist)

With the binary data, to obtain Go/No-go probabilities, two binomial cumulative distribution functions (CDFs) are used according to the probability we want to have (one for Go probability and the other for No-go probability). The CDF of a real-valued random variable 𝑋 is equal to the probability that the random variable takes a value less than or equal to x:

𝐹 𝑋 (𝑥) = 𝑃(𝑋 ≤ 𝑥)
Here 𝑋 random variable is binomial distributed, the CDF of 𝑋 is given by:

𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝑠𝑎𝑚𝑝𝑙𝑒 𝑠𝑖𝑧𝑒, 𝑡𝑟𝑢𝑒 𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒 𝑟𝑎𝑡𝑒)
The first CDF is to find the No-go probability and the second for Go probability. It depends on the comparison of the NV and the DV. If the DV is greater than the NV:

o For No-go probability, we want to have the probability below the No-go threshold. This corresponds to looking at the lower tail of confidence interval, i.e. we find 𝑃(𝑋 ≤ 𝑁𝑜 -𝐺𝑜 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑). o For Go probability, we want to have the probability above the Go threshold. This corresponds to looking at the upper tail of confidence interval, i.e. we find 𝑃(𝑋 > 𝐺𝑜 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑).

If the NV is greater than the DV, the direction of the comparisons is reversed with 𝑃(𝑋 > 𝑁𝑜 -𝐺𝑜 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑) and 𝑃(𝑋 ≤ 𝐺𝑜 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑) respectively.

After obtaining these distributions, we used the Go and No-go thresholds as quantiles to find the Go/No-go probabilities. The Go threshold gives the probability to be greater than the Go threshold and the No-go threshold gives the probability to be less than the No-go threshold. For the Consider probability, we need to subtract the Go and No-go probabilities from 1.

Let's take an example with the same decision framework as for binary data in part 5.2.1, which is:

Go criterion: One-sided 80% Lower Confidence Bound (observed response rate) ≥ 0.3 No-go criterion: One-sided 10% Upper Confidence Bound (observed response rate) < 0.5 Consider criterion: Otherwise

We have the NV under the DV, then we admit 𝑃(𝑋 ≤ 𝑁𝑜 -𝐺𝑜 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑) and 𝑃(𝑋 > 𝐺𝑜 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑). We can see these results in Figure 5, on each graph three binomial CDFs are drawn with different TRR respectively 0.1, 0.35 and 0.7 for a sample size of 10. The red dashed line represents the No-go quantile to find the No-go probability and the green dashed line represents the Go quantile to find the Go probability. To know the probability, we look at the correspondence between the dashed line and the curve.

With Figure 5, we can see that with a TRR above the DV (TRR of 0.7), the No-go probability is the lowest compared to other CDFs (probability almost null compared to around 0.5 and 0.98 for other CDFs obtained with TRR of 0.35 and 0.1 respectively) and the Go probability is the highest than other CDFs. Conversely, with a TRR under the NV (TRR of 0.1 in the Figure 5), the No-go probability is the highest compared to other CDFs and the Go probability is lowest the other CDFs. To calculate Go/No-go probabilities for normal data, we have the same method used in frequentist and Bayesian. It is also the same method as for binary data with the comparison of the NV and the DV in part 5.3.1, except that the CDF is for a continuous random variable 𝑋. Therefore, this expression is used:

𝐹 𝑋 (𝑥) = ∫ 𝑓 𝑋 (𝑡)𝑑𝑡 𝑥 -∞
Here 𝑋 random variable is normal distributed, the CDF of 𝑋 is given by:

𝑁𝑜𝑟𝑚𝑎𝑙 (𝑡𝑟𝑢𝑒 𝑚𝑒𝑎𝑛, 𝑠𝑑 √𝑠𝑎𝑚𝑝𝑙𝑒 𝑠𝑖𝑧𝑒
).

With the comparison of the NV and the DV, we choose to look at the tail of confidence interval (upper or lower) to find Go/No-go probabilities like explained in part 5.3.1. For Consider probabilities, we need also to subtract the Go and No-go probabilities from 1. Since we have the comparison of the NV under the DV, we search probabilities that satisfy 𝑃(𝑋 ≤ 𝑁𝑜 -𝐺𝑜 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑) and 𝑃(𝑋 > 𝐺𝑜 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑). In Figure 6, the CDFs correspond to this example. The red vertical line corresponds to the No-go threshold and the green one to the Go threshold. To know the probability, we look at the correspondence between the dashed line and the curve. In Figure 6, we can see that the No-go probability is the highest when we have a lower true mean.

Let's go back to the example with

Conversely the Go probability is the highest when we have a higher true mean.

Go/No-go probabilities for several endpoints (2 or 3)

In part 5.3, we see how to calculate Go/No-go probabilities for one endpoint with binary and normal data in frequentist and in Bayesian. However, it is possible in a trial to have several measured endpoints to decide if we should go or not to the next phase. In this part, we calculate the Go/No-go probabilities based on two or three endpoints.

Before calculating Go/No-go probabilities, we need to set the parameters as explained in part 5.1 (NV, DV and their confidence levels) to create the decision framework for each endpoint independently and to fix the parameter of operating characteristics (sample size which is the same for all endpoints and true effect (TRR or TM) for each endpoint). To calculate the Go/No-go probabilities (part 5.4.2), we need to choose a joint global decision matrix, which is explained in the following section (part 5.4.1).

Joint global decision matrix

To calculate Go/No-go probabilities, we need to choose a decision matrix between the different endpoints to know the decisions we want to take with all outcomes. Even if, the different endpoints have the same priority, we need to create this matrix to decide what we do if the decisions are not the same for the different endpoints. Here, in our context, the priority is given to the first endpoint (usually ORR), whether there are 2 or 3 endpoints (for example biomarkers). With this decision, we obtain for two endpoints the Table 3.

No-go threshold Go threshold CDF of 𝑁 (1.5, 1 √10 ) CDF of 𝑁 (2.2, 1 √10 ) CDF of 𝑁 (3, 1 √10 
) 21 

Calculation of Go/No-go probabilities

To calculate Go/No-go probabilities for two or three endpoints, we assume that the different endpoints are independent. With this assumption, Go/No-go probabilities are simply a multiplication with Go/No-go probabilities for each endpoint.

Simulations

Simulations are run to evaluate the impact of several values of parameters and parameters of operating characteristics on the Go/No-go probabilities. This work would help us in the choice of the method (frequentist or Bayesian) and to highlight the parameters to pay attention to in the setting because mainly impacting the Go/No Go probabilities (sensitivity analysis).

Two algorithms are created with the type of data used (binary or normal) described in parts 5.5.1 and 5.5.2. The aim of these two algorithms is, by knowing the truth, here the true effect of the measured endpoint, to simulate 1,000 effects from this truth. From the latter, the Go, No-go and Consider probabilities are calculated. Finally, means of these probabilities are generated.

Simulations for binary data

Simulations for binary data are explained in this section. This algorithm starts from a truth, a TRR known. After setting the parameters of a decision framework, we simulate 1,000 numbers of responders. Means of Go, No-go and Consider probabilities are calculated from these simulations in frequentist and in Bayesian enabling to know which of the means of probabilities obtained by these two methods are the closest of the known reality.

The algorithm of simulation is reproduced twice, one to have frequentist probabilities and the other one to have Bayesian probabilities. It is as follows:

- 

Simulations for normal data

In this part, simulations for normal data are explained. The algorithm starts by determining the TM, which is the known real effect. After setting parameters to create the decision framework, 1,000 means are simulated. In this algorithm, the variance of simulation (VarSIM) and the variance of observation (VarOBS) are used. VarSIM corresponds to the variance of the truth, the real effect that we fix at the beginning. VarOBS corresponds to the variability of the observed mean simulated to calculate Go/No-go probabilities. The algorithm is reproduced twice, one for frequentist and one for Bayesian method. The algorithm of simulation is as follows:

- This algorithm allows us to run simulations with different parameters such as prior, true mean, sample size, the NV (with confidence level) and the DV (with confidence level).

R Shiny application

To visualise the results of the Go/No-go probabilities a R shiny application was created. This application is created on R Version 4.2.2 and with the package Shiny Version 1.7.3.

Results

In this section, we will talk about the results of the Go/No-go probabilities. To generate the results of this topic, an R Shiny application was created, which is a large part of this internship. A short explanation of this application is given in the first part (6.1) with screenshot of the application. Then, interpretation of the outputs/results is done in the case of one endpoint (6.2) and several endpoints (6.3).Finally, simulations results (6.4) inform of the input parameters mostly impacting the final Go/No-Go probabilities. Most of the figures presented in this section come from the R Shiny application. These figures are validated by another R shiny application GoAhead (17) which computes Go/No-go probabilities.

R Shiny application

As explained in the previous section, a R shiny application was created. Indeed, it is a very good tool to easily generate results of Go/No-go probabilities. This interactive application allows anyone who has the link of the application to produce Go/No-go probabilities without coding the calculation. The user has only to choose between the different methods and enter the different parameters. It is more efficient and reproducible.

This application consists of four tabs (① in Figure 7). Two tabs to calculate the Go/No-go probabilities with one endpoint ("One endpoint") and the other one for several endpoints (2 or 3) ("Several endpoints"). Another tab is for running the simulations ("Simulations") and the last tab is an instruction sheet for using the various parameters of the application ("Information"). On the first tab of the application shown in Figure 7 we can see that the user has to enter or modify different parameters such as the type of data, the method used, the NV (with confidence level), the DV (with confidence level). These parameters in the first tab are used to calculate the Go/No-go probabilities according to one measured endpoint. ② ①

Go/No-go probabilities for one endpoint

In this section we will look at the results for Go/No-go probabilities for one endpoint. To do this, we use plots from the R Shiny application. In the latter, the user can choose one or two plots to represent these probabilities ② in Figure 7.

Let's take an example to illustrate this. A biologist is in preclinical phase (Figure 1) with a treatment A. He comes to see a biostatistician and wants to know whether, with the results of its experiment, the treatment A has a good probability to continue for human trials in phase 1 of a clinical trial (Figure 1). He says that a high response rate to treatment A would indicate that this treatment is having a positive effect to move on to the next stage. In its experiment, the treatment A was tested on 10 mice and 4 mice responded to the treatment. The measured effect is therefore a binary data and the NV is under the DV. To answer the biologist's question, the statistician will use the R shiny application to generate Go/No-go probabilities. Before using it, with the biologist, they think together about the parameters to be implemented in order to have a decision framework. The statistician uses the R shiny application and generates two graphs. The first, Figure 8, is the Go/Nogo probabilities by sample size. The probabilities are plotted with different areas green for the Go probability, orange for the Consider probability and red for the No-go probability. In this example, the true response rate is 0.4 corresponding to the observed response rate that the biologist finds with its experiment. Figure 8 shows that for a sample size of 10, the Go probability and No-go probability is about the same with 40%. The Consider probability is therefore about 20%. With the same truth (true response rate of 0.4) and by increasing the sample size, let's see what happens. The Consider probability decreases and becomes null when the sample size is 25. For higher sample sizes, the probability of Go increases and the No-go probability decreases as the sample size increases. For a sample size of 50, the Go probability is almost 70% and the No-go probability is 30%. So, if the biologist repeats its experiment with 50 mice, the Go probability is increased by 30% compared to the experience with 10 mice and the No-go probability is reduced by 10%. With the assumption of a conserved TRR, this result tends to pass the treatment A to the next step of the human trial and it would be necessary to include more patients in the following clinical trials.

It should be noted that, before the decision framework is created, the priority choice is Go. It is the case 4 in Figure 4, when we have the criterion of Go and the criterion of No-go. In our clinical context, we prefer to be laxer about continuing a drug with finally no effect in the next stage (false positive) than to stop a drug which have in reality an effect (false negative). This choice will drive the Go decision compared with a No-go priority (Figure A 2).

In Figure 8, the curves between the coloured areas are sawtooth shaped. The reason for this shape is explained by the cumulative distribution function (CDF) of binary data. Indeed, in the curves are not continuous due to the binomial distribution ( After reviewing these different plots (Figure 8 and Figure 9), the statistician recommends to the biologist, if possible, to add an additional experiment with more mice to gain more information on the number of responders considering the variability due to internal factors (biological: living conditions, immune response, etc. And the statistician can recommend to biologists performing a new experiment with 15 additional mice. If it is not possible to add more mice (e.g. due to budget constraint), the Go decision can be prioritized, because in our clinical context we prefer to take the risk of using a drug wrongly in the next step rather than stopping it wrongly.

Go/No-go probabilities for several endpoints (2 or 3)

In a trial, we can have several endpoints as explained in part 5.4. In this section, a presentation of two endpoints will be presented to calculate Go/No-go probabilities. To illustrate this, let's go back to the example of the last part. After the results given by the statistician, the biologist has another endpoint that he wants to include in the Go/No-go probabilities. Indeed, a biomarker C is added. The biologist explains that, in addition of the observed response rate to the treatment A, he wants the biomarker C to be is at least 1.2 cl in order to continue the treatment A into the next phase. However, he prefers that the biomarker C is not below 1.8 cl, otherwise the development of the treatment will have to be stopped. In his experience, he finds the mean value of biomarker C is 1.5 cl. He adds that the response of treatment A and the biomarker C are independent.

With such information, the biostatistician builds this decision framework using the frequentist method: Endpoint 1 (response to the Treatment A): Go criterion: One-sided 80% Lower Confidence Bound (observed response rate) ≥ 0. The TRR and the TM used with this decision framework is a truth in an uncertain area with 0.4 for TRR (between 0.3 and 0.5) and 1.5 for TM (between 1.2 and 1.8).

The endpoint 1 (response to the treatment A) takes priority over the endpoint 2 (mean of the biomarker C). The joint global decision matrix chosen in this case corresponds to the Table 3 in part 5.4.1. After creating this decision framework, the statistician uses the R shiny application with the second tab "Several Endpoints". He obtains two plots (Figure 10 and Figure 11). The first, Figure 10, corresponds to the decision tree showing the probabilities for each endpoint, the prioritisation rules and the global probabilities. In this tree, we can see that endpoint 2, the biomarker C, by itself has almost 54% of Go probability and 37% of No-go probability. By combining the two endpoints, to get the global Go/No-go probabilities for the set sample size of 10, we need to sum the final probabilities in red, those in orange and those in green. This gives us, for a TRR of 0.4 and a TM of 1.5, a Go probability of 23%, a No-go probability of 61% and a Consider probability of 16%.

simulate data around this true value adding variability. Let's describe the parameters used to generate simulations for each data type (in parts 6.4.1 and 6.4.2) before showing the output of these simulations (part 6.4.3).

Parameters for simulations in binary data

For binary data, the decision framework (with the NV, the DV and their confidence levels) is the same as in part 5.3.1, which is: Go criterion: One-sided 80% Lower Bound5 (observed response rate) ≥ 0.3 No-go criterion: One-sided 10% Upper Bound6 (observed response rate) < 0.5 Consider criterion: Otherwise

Let's describe the different parameters tested for these simulations (Table 4). The simulations are run with nine different priors for the Bayesian method. One it is 𝐵𝑒𝑡𝑎(0.5,0.5) the Jeffreys prior, which corresponds to a non-informative prior [START_REF] Jeffreys | An invariant form for the prior probability in estimation problems[END_REF]. Four priors are positive (𝐵𝑒𝑡𝑎(0.9,0.1), 𝐵𝑒𝑡𝑎(9,1), 𝐵𝑒𝑡𝑎(90,10), 𝐵𝑒𝑡𝑎(6,4)) which corresponds to a positive influence on the data, with a response rate higher than TRR. The first three positive priors have the same responses rate of 90% (= 𝛼/(𝛼+𝛽)) 7 But the sample size (=𝛼 + 𝛽) 7 is different for each prior, which corresponds to the weight of this prior in the posterior formula (Equation 2). The greater the sum of the parameters of the priors (𝛼 and 𝛽), the greater the weight relative to the data. For example, the prior 𝐵(10,90) has a much greater weight than the prior 𝐵(0.1,0.9) with sample sizes of 100 and 1 respectively. The priors 𝐵𝑒𝑡𝑎(9,1) and 𝐵𝑒𝑡𝑎(6,4) are the same weight but different response rate (respectively 90% and 60%).

Conversely, four priors are negative (𝐵𝑒𝑡𝑎(0.1,0.9), 𝐵𝑒𝑡𝑎(

). They correspond to a negative influence on the data, the number of responders will be decreased. Like the positive priors, the first three negative priors have the same response rate (10%) and different weights (sample size of 1,10,100) and the priors 𝐵𝑒𝑡𝑎(1,9) and 𝐵𝑒𝑡𝑎(4,6) have the same weight (sample size of 10) but different response rate (10% and 40%).

For the simulations, the first parameter to vary is the TRR (from 0.1 to 0.8) for a non-informative prior and a sample size of 12. After, the nine priors are tested by different TRR (also from 0.1 to 0.8) for a sample size of 50. Finally, the sample size varies (from 10 to 60) for three different TRR (0.2, 0.4, 0.6) and a non-informative prior. The different TRR correspond to different truth in the unequivocal Go (≥ 0.5), unequivocal No-go (< 0.3) and Consider (between 0.3 and 0.5) areas. 

From 0.1 to 0.8 50

Parameters for simulations in normal data

In the context of normal data (Table 5), the decision framework used for these simulations is:

Go criterion: One-sided 80% Lower Confidence Bound (observed mean) ≥ 2.2 No-go criterion: One-sided 10% Upper Confidence Bound (observed mean) < 2.4 Consider criterion: Otherwise

In other words, we need to have at least 2.2 of mean (with a confidence level of 80%) to be in the Go decision and if we have less than 2.4 of mean (with a confidence level of 10%), we are on the No-go decision.

The simulations are run with three different priors in Bayesian method. One prior is set at 𝜇 ~ 𝑁(2.3,1000) to be a non-informative prior because the mean is between the NV and DV and the large variance includes a lot of variabilities. The second is a positive prior 𝜇 ~ 𝑁(5,1) which corresponds to a positive influence on the data, in other words the observed mean will be increased. The variance is equal to 1 in order not to have much variability. The third is a negative prior 𝜇 ~ 𝑁(0,1) which corresponds to a negative influence on the data, the observed mean will be decreased. The first parameter that varies is the TM (from 1.5 to 4) for a non-informative prior and a sample size of 30. Then, the different priors are tested for a fixed sample size of 30 and different TM (from 2 to 2.7). Finally, the sample size is varying from 10 to 60 with a non-informative prior and three TM (1. 

Output simulations

The next part of this section contains output simulations. First, the difference between simulations using the frequentist and the Bayesian (with a non-informative prior) methods is shown. Then, we look at Bayesian simulations with different priors. After, we see the difference between simulations using the frequentist and Bayesian methods by varying the sample size. Finally, other parameters such as the confidence levels or the parameters of prior are mentioned.

The first simulation result (Figure 12), for binary data, shows the means of Go/No-go probabilities by varying the TRRs with a sample size of 12 and a non-informative prior (𝐵𝑒𝑡𝑎(0.5,0.5)). In this figure we can see two curves for each mean of Go, No-go and Consider probabilities: one curve for Bayesian method (round shape) and one for frequentist method (triangular shape). The horizontal dashed lines correspond to the mean of probabilities of 10% and 80%. This is the level of acceptability of the truth. For example, for a "good" TRR, i.e. a high TRR which corresponds to the Go area, we want that the mean of Go probability is greater than 80% and we want that the mean of No-go is less than 10%.

Conversely, for a "bad" TRR, i.e. a low TRR in the No-go area, we want that the mean of No-go probability is greater than 80% and the mean of Go probability is under 10%. This shows the consistency of the results between the truth and the decision framework.

In Figure 12, for a TRR strictly greater than the DV (here 0.5) or a TRR strictly lower than the NV (here 0.3), the means of Go/No-go probabilities are almost outside the dashed lines, the level of acceptability. For a TRR lower than the NV (i.e. less than 0.3), the case where we unequivocally want to conclude No-Go, the mean of No-go probabilities in frequentist is higher than the same mean of probabilities in Bayesian. For a TRR higher the DV (i.e. more than 0.5), the case where we unequivocally want to conclude Go, the mean of the Go probabilities in frequentist is lower than the mean of the Go probabilities in Bayesian for the first TRR. For the mean of the Consider probabilities, Bayesian probabilities are higher than frequentist probabilities. It means that the frequentist is more stringent than the Bayesian. This is seen better with a sample size of 10 (Figure A 7).

In our context, in early phase and in preclinical, we prefer to continue a drug that has no effect on patients in the next phase than to stop a drug earlier when that drug has a real positive effect on patients. With this figure, the Bayesian method is more recommended in this context.

Figure 13 shows roughly the same results than for negative priors. The 𝐵𝑒𝑡𝑎(90,10) prior is the most informative prior with more extreme means of probabilities than the other priors. On the contrary, the 𝐵(0.9,0.1) prior is the most non-informative compared to the other priors. It even has the same means of probabilities as Jeffreys prior, a non-informative prior. For two priors (𝐵𝑒𝑡𝑎(6,4) 𝑎𝑛𝑑 𝐵𝑒𝑡𝑎(9,1)) with the same sample size and different response rates (60% and 90% respectively), the positive prior with the higher response rate is more positive than the other with a mean of Go probabilities close to 1 and a mean of No-go close to 0.

Between the positive and negative prior with reverse parameters (for example 𝐵𝑒𝑡𝑎(10,90) and 𝐵𝑒𝑡𝑎(90,10)), the phenomenon is roughly symmetrical. Except for the negative prior 𝐵(0.1,0.9) and the positive prior 𝐵(0.9,0.1), the former is more informative than the latter. Indeed, the positive prior has the same values as the Jeffreys prior.

All this shows that we need to be cautious with the use of an informative prior and only use it when we are sure. We can change the results very much with an informative prior, depending on the weight given to this prior. The last simulation results look at the difference between simulations using the frequentist and Bayesian (non-informative prior) methods by varying the sample size. For binary data, shown in Figure 14, a step of 2 is chosen to find a compromise between well visualising the probabilities and taking into account the indented shape of the curves. This simulation is generated for a TRR of 0.2, 0.4 and 0.6 to look at different truths. In this figure, as explained for the first simulation according to the TRR in Figure 12, the mean of No-go is lower with Bayesian than with the frequentist method and the mean of Go is higher with Bayesian than with the frequentist method. This is true for most sample sizes when the TRR is between the NV and the DV. If the TRR is not between these two values, we observe the same phenomenon for small sample size only. The frequentist and the Bayesian curves are superimposed. Whatever the true mean or sample size, there is no difference between the frequentist and the Bayesian methods with this non-informative prior and for this decision framework. These results can be explained by the choice of the prior. If we take a different variance of the prior with 1 or 10 ( To conclude about the output simulations, for binary data, we need to be cautious with the use of the prior. In our context, it is better to use Bayesian methods (with a non-informative prior, 𝐵(0.5,0.5)) than the frequentist method because we want to give the drug more chance to continue in the development process. For normal data, if we want to use Bayesian methods, we need to be sure of the prior (low variance) to have an effect on the calculated probabilities. If we are not sure of the previous data for the prior (non-informative prior), it is preferable to use frequentist method since same probabilities are obtained in Bayesian and frequentist and frequentist is less time-consuming and easier to implement. For the confidence levels, we have to pay attention with the confidence level of NV with a priority of Go and with the confidence level of DV for a priority of No-go as not to add too much weight to a Go or No-go probabilities before calculating them.

Discussion and conclusion 7.1 Main Findings

The Go/No-go probabilities are an important tool to help decision makers. It can be very useful to take decisions to move on the next stage or not with a quantitative evaluation. Go/No-go probabilities are calculated for one, two or three endpoints for binary and normal endpoints. Simulations can be run to optimize the use of parameters. To support this, an interactive R Shiny application was developed to calculate Go/No Go probabilities and generate graphic representations, even for non-statistician user.

Strengths and limitations

One of the great strengths is the multidisciplinary of this work. Indeed, one part was to understand the process of Go/No-go probabilities by reading the literature. Then, a technical part was to appropriate the methods of this topic. Finally, the creation of the R shiny application was part of the programming side to implement the methods studied before.

The R shiny application is a strength of this internship. This allows the user to directly access the outcomes of this internship without having to recode all the methods for each need by changing the parameters they require.

Another strength is the visualisation of Go/No-go probabilities with graphs. This makes it easier to see and compare the different probabilities of Go, No-go and Consider on the same figure compared to a table.

The use of several endpoints is a strength for the users because it allows them to take decisions in more complex cases, encountered in reality (compared to only one endpoint). It is also interesting to visualise the probabilities using a decision tree which shows the individual probabilities and the decision path.

The simulations are a real benefit in the application, enabling to help choose the method (frequentist or Bayesian) and set up parameters based on these results. From this, we can see that in the preclinical and early phase fields, for binary data it is preferable to use the Bayesian method (with a Jeffreys priority that is not informative) rather than the frequentist method. This is because we don't want to wrongly reject a molecule that could have a beneficial effect on patients. For normal data, the frequentist and Bayesian methods (with a non-informative prior) give the same results in the simulations and it is preferable to use frequentist as less costly to calculate than Bayesian (calculations less complicated and require less parameters to be set).

One of the limitations of this internship is that we are only using binary and normal data, but there are other types of data such as non-normal continuous data and survival data that could be used to calculate Go/No-go probabilities.

To obtain the Go/No-go thresholds with normal data on the application, a range of 2 by 0.001 is used around the NV and the DV. This range provides accurate thresholds. However, in the case of a large range of the NV and DV, the computation time can be long. And we may not even find a threshold because we may need a range larger than 2 around the NV and DV. To tackle this, we can normalise the data to produce a smaller range of values.

Another limitation is the decision matrix chosen to obtain the probabilities for two endpoints, as there are other decision matrices that can be considered. It would be interesting for the user to be able to choose between several matrices or to create their own, depending on the situations encountered. In addition, this work assumes that the endpoints are independent, which is not always the case in practice. It would be interesting to have the case where the endpoints are correlated.

Care must be taken when using the application, as users must understand the right definition of parameters when using it. To overcome this, the "Information" tab has been created, so that the user has the meaning of all the parameters.

Personal conclusion

On a more personal level, this internship has taught me a lot. It gave me the opportunity to put into practice the knowledge I had acquired during my two years of Master studies, particularly in terms of bibliographic research, the use of R statistical software, the Bayesian methods and report writing.

With this new professional experience in the pharmaceutical field, I've been able to understand the job of a biostatistician with the people I work with.

I learned a lot of different things in different areas. I did a bibliography on calculation on the Go/Nogo probabilities, to understand these methods. After, a part was to appropriate these methods. And finally, I implemented them in a R Shiny application with a programming part.

I discovered a great team, thanks in particular to my supervisors Mathilde SACCAREAU and David JEGOU, as well as Elena DUPUY, who supported and helped me during these 6 months. 
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  Statisticians are involved in preclinical and early phase studies (phase I/II) as shown in Figure 1. Their composition and role are explained in the next section (part 2.4). IND: Investigational New Drug NDA: New Drug Application
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 4 Figure 4. Different cases of Go/No-go decisions according to the Null Value and the Decision Value[START_REF] Quan | Applications of Bayesian analysis to proof-of-concept trial planning and decision making[END_REF] 

  binomial outcome 𝑛: sample size 𝑝: sample proportion 𝑝̂= 𝑥/𝑛 where 𝑍 𝛼 = (𝑝̂-𝑝)/√𝑝(1 -𝑝)/𝑛 𝛼: confidence level 𝑍 𝛼 : quantile of the normal distribution for 𝛼 Equation 1. The lower and upper limits of Clopper-Pearson Formula[START_REF]Statistics How To[END_REF] With these confidence bounds, we look for a decision for each outcome value of a sample size. The decision framework for the case of the DV is greater than the NV corresponds to the Figure 4. For the case of the NV is greater than the DV, we invert the Go and No-go and the NV with the DV from Figure 4 to obtain Figure A 1 in appendix.

  the DV is greater than the NV: o The No-go threshold corresponds to the highest outcome value which has a No-go decision. o The Go threshold corresponds to the lowest outcome value which has a Go decision. -If the NV is greater than the DV: o The No-go threshold corresponds to the lowest outcome value which has a No-go decision. o The Go threshold corresponds to the highest outcome value which has a Go decision.
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 21 by changing the calculation of the confidence interval. Indeed, Bayesian methods use credible intervals rather than confidence intervals. The decision framework in Bayesian is the same as Figure 4 (when NV < DV) and as Figure A 1 (when DV < NV) with the Lower credible interval (LCI) instead of LCB and Upper credible interval (UCI) instead of UCB (in part 5.2.1). The criteria of GO and NO GO can be also fulfilled simultaneously (Case 4 in Figure 4 and in Figure A 1),

  1 Range of possibilities for observed mean from Null Value-2 to Decision Value+2 by 0.001 ² Lower confidence bound of outcome value with confidence level of 80% 3 Upper confidence bound of outcome value with confidence level of 10% : No-go threshold : Go threshold
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Step 1 :

 1 Set parameters o True response rate (TRR) o Null value (NV) with confidence level o Decision value (DV) with confidence level o Sample size (n) o Prior: 𝐵𝑒𝑡𝑎(𝛼, 𝛽) (only for Bayesian probabilities) -Step 2: Simulate 1,000 Number of Responders (NR) that follow 𝐵𝑖𝑛𝑜𝑚(𝑛, 𝑇𝑅𝑅) o Calculate Go/No-go thresholds explained in part 5.2 (not the same method with frequentist and Bayesian methods) o Find Go/No-go probabilities with Go and No-go thresholds as quantile with 𝑋 ~ 𝐵𝑖𝑛𝑜𝑚 (𝑛, 𝑁𝑅[𝑖] 3 𝑛 ) o Calculate consider probabilities: 1 -(Prob (Go)+Prob (No-go)) -Step 3: Summarize the simulation outputs o Mean of 1,000 Go probabilities with confidence/credible interval o Mean of 1,000 No-go probabilities with confidence/credible interval o Mean of 1,000 Consider probabilities with confidence/credible interval This algorithm allows us to run simulations by moving different parameters such as prior, TRR, sample size, the NV (with confidence level) and the DV (with confidence level).
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  Go criterion: One sided 80% Lower Confidence Bound (observed response rate) ≥ 0.3 No-go criterion: One sided 10% Upper Confidence Bound (observed response rate) < 0.5 Consider criterion: Otherwise
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  ) and external factors (technical: injection experimenter, response measurement, etc.). The statistician also wants to remove the Consider probability to be more confident about the Go and No-go probabilities. With different TRRs, we notice that a total of 25 mice enables to have a null Consider probability (Figure A 4, Figure 8 and Figure A 5).
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 13 Figure 13. Means of No-go, Consider and Go probabilities (1,000 simulations) for different priors and a sample size of 50

  Go criterion: One-sided 80% Lower Confidence Bound OR Lower Credible interval (observed response rate) ≥ 0.3 No-go criterion: One-sided 10% Upper Confidence Bound OR Upper Credible interval (observed response rate) < 0.5 Consider criterion: otherwise For normal data, the third simulation output (Figure A 10) representing the mean of Go/No-go probabilities according to different samples sizes (from 10 to 60) is done for a TM of 1.8, 2.3 and 2.8.
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 14 Figure 14. Mean of Go, No-go and Consider probabilities by sample size (1,000 simulations) for different true response rates

Figure A 11 )

 11 , or a different mean of the prior with a mean of 5 (FigureA 12). With a different variance (1 or 10) and a prior mean of 2.3 (FigureA 11), there is no significant difference than a variance of 1000 (FigureA 10). With a different means of the prior (FigureA 12), the means of Go/No-go probabilities are further away from the frequentist for a variance of 1. But for a large variance (of 10, 100 or 1000) there is no longer a difference. With these results, we can say that the combination of a large mean and a large variance of the prior gives the same result as the non-informative prior. To give a real influence of a different prior mean on the posterior probabilities with Bayesian methods in normal data, a small variance must be set with a mean far from the consider area (i.e. between the NV and the DV).The influence of the NV and DV confidence levels was also evaluated by simulation in both Go and No-Go priority cases. With the Go priority, only the confidence level of the NV influences the probabilities, as by definition NV corresponds to Go decision. If the confidence level of NV decreases the Go probability increases (FigureA 13). With No-go priority, only the confidence level of DV influences the probabilities, as by definition the DV corresponds to No-go. The probability of No-go increases as the confidence level of DV increases (FigureA 14). With our choice of setting the confidence level of NV to 80% and the confidence level of DV to 10%, we don't influence Go decision neither No Go decision.

Figure A 3 .

 3 Figure A 3. Different cumulative density functions (CDFs) for different sample size and a true response rate of 0.4

Figure A 4 .

 4 Figure A 4. Plot of Go/No-go probabilities varying by sample size for a true response rate of 0.2
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Table 1 .

 1 Example of table to find Go/No-go thresholds with binary data with sample size of 10

	Outcome value 1	LCBNV 2	UCBDV 3	Decision
	1	0.0221	0.2057	NO GO
	2	0.0833	0.3368	NO GO
	3	0.1576	0.4496	NO GO
	4	0.2394	0.5517	CONSIDER
	5	0.3268	0.6458	GO
	…	…	…	…
	10	0.8513	0.9895	GO

Decision framework:

Go criterion: One-sided 80% Lower Confidence Bound (observed response rate) ≥ 0.3

  If the measured endpoint follows a normal distribution, here with frequentist method, we cannot use the same methods as binary data (part 5.2.1 and 5.2.25.2.2). Indeed, we cannot include all the possibilities of the observed mean in the first column of the table because there are infinite values. Since the Go/No-go thresholds are close to the Null value and the Decision Value, I choose to take outcome values in the range of 2 around the NV and the DV, which gives: choose a step of 0.001 and a range of 2 to be quite precise and reasonable computation times with a lot of different possible means. After creating the first column of the table, the outcome value, we calculate the confidence bounds with the same decision framework, according to the comparison of the NV and the DV in part 5.2.1. using the formula for a mean value in frequentist (Equation3).

	-If NV < DV: from NV-2 to DV+2 by 0.001	
	-If NV > DV: from DV-2 to NV+2 by 0.001.	
	𝐶𝐼 = 𝑥̅ ±	𝑠 √𝑛
	𝑥̅ : observed mean	
	s: variance of the population	
	𝑛: sample size	
	Equation 3. Confidence intervals (CI) for a mean

I

Table 2

 2 

, we have an example of a table to find Go/No-go threshold for normal data. The decision framework in this case is: Go criterion: One-sided 80% Lower Confidence Bound (observed mean) ≥ 2.2 No-go criterion: One-sided 10% Upper Confidence Bound (observed mean) < 2.4 Consider criterion: Otherwise In this table, we can see that the No-go threshold is 2.166 and the Go threshold is 2.354.

Table 2 .

 2 Example of table to found Go/No-go thresholds with normal data

	Outcome value 1	LCBNV 2	UCBDV 3	Decision
	0.000	-0.154	0.234	NO GO
	…	…	…	…
	2.166	2.012	2.400	NO GO
	2.167	2.013	2.401	CONSIDER
	…	…	…	…
	2.353	2.199	2.587	CONSIDER
	2.354	2.200	2.588	GO
	…	…	…	…
	4.000	3.846	4.234	GO

Decision framework:

Go criterion: One-sided 80% Lower Confidence Bound (observed mean) ≥ 2.2

No-go criterion: One-sided 10% Upper Confidence Bound (observed mean) < 2.4 Consider criterion: Otherwise The variance is 1.

Table 2

 2 in part 5.2.2. The decision framework is always:

	Go criterion: One-sided 80% Lower Confidence Bound (observed mean) ≥ 2.2
	No-go criterion: One-sided 10% Upper Confidence Bound (observed mean) < 2.4
	Consider criterion: Otherwise

Table 3 .

 3 Joint global decision matrix for two endpoints

				Endpoint 2	
			Go	Consider	No-go
	1	Go	Go	Go	No-go
	Endpoint	Consider No-go	Consider No-go	Consider No-go	No-go No-go

Table 3

 3 shows which final decisions are made based on the individual decisions on each of two endpoints. We can see that if there is at least one No-go in either endpoint 1 or 2, then the final decision will be No-go. Otherwise, as endpoint 1 is prioritised, if endpoint 1 has a Go decision, then the final decision will be Go if endpoint 2 is not No-go.

  The statistician asks what the minimum response rate should be for him to consider it a success. He replies that he accepts a response rate of 30% but there is a competing treatment B already on the market that has a response rate of 50%. So, the response of treatment A should not be under than that of treatment B. Here, we are in frequentist methods because the biologist doesn't want to include other additional knowledge (from existing data or bibliography).

With this information, the statistician creates the following decision framework:

Go criterion: One-sided 80% Lower Confidence Bound (observed response rate) ≥ 0.3 No-go criterion: One-sided 10% Upper Confidence Bound (observed response rate) < 0.5 Consider criterion: Otherwise

Table 4 .

 4 Parameters of simulations for binary data

	Go/No-go criteria	Priors	True Response Rate	Sample size
			From 0.1 to 0.8	12
		𝐵𝑒𝑡𝑎 (0.5,0.5) Jeffreys Prior	From 0.1 to 0.8 0.2 0.4	50 From 10 to 60 From 10 to 60
			0.6	From 10 to 60
		𝐵𝑒𝑡𝑎 (0.9,0.1)	From 0.1 to 0.8	50
		Positive prior		
	Null Value = 0.3	𝐵𝑒𝑡𝑎 (9,1)	From 0.1 to 0.8	50
	with confidence level of	Positive prior		
	80%	𝐵𝑒𝑡𝑎 (90,10)	From 0.1 to 0.8	50
	Decision Value = 0.5	Positive prior		
	with confidence level of 10%	Positive prior 𝐵𝑒𝑡𝑎 (6,4)	From 0.1 to 0.8	50
		𝐵𝑒𝑡𝑎 (0.1,0.9) Negative prior	From 0.1 to 0.8	50
		𝐵𝑒𝑡𝑎 (1,9) Negative prior	From 0.1 to 0.8	50
		𝐵𝑒𝑡𝑎 (10,90) Negative prior	From 0.1 to 0.8	50
		𝐵𝑒𝑡𝑎 (		

Table 5 .

 5 Parameters of simulations for normal data

	Go/No-go criteria	Priors	True Mean	Sample size
			From 1.5 to 4	30
		𝜇 ~ 𝑁(2.3,1000)	From 2 to 2.7	30
	Null Value = 2.2	Non informative	1.8	From 10 to 60
	With confidence level of 80% Decision Value = 2.4 With confidence level of 10%	Prior 𝜇 ~ 𝑁(5,1) Positive prior	2.3 2.8 From 2 to 2.7	From 10 to 60 From 10 to 60 30
		𝜇 ~ 𝑁(0,1) Negative prior	From 2 to 2.7	30

  Figure A 1. Different cases of Go/No-go decisions according to the Null Value (NV) and the Decision Value (DV) for NV > DV ............................................................................................................................................................Figure A 2. Plot of Go/No-go probabilities varying by sample size for a true response rate of 0.4 for a No-go priority ..................................................................................................................................................................Figure A 3. Different cumulative density functions (CDFs) for different sample size and a true response rate of 0.4 .........................................................................................................................................................................Figure A 4. Plot of Go/No-go probabilities varying by sample size for a true response rate of 0.2.......................Figure A 5. Plot of Go/No-go probabilities varying by sample size for a true response rate of 0.6.......................Figure A 6. Go/No-go probabilities for two endpoints (one binary and normal) ..................................................Figure A 7. Means of Go, No-go and Consider probabilities (1,000 simulations) by true response rates for a sample size of 10 ................................................................................................................................................... No-go priority .............................................................................................................

Figure A 8. Means of Go, No-go and Consider probabilities (1,000 simulations) by true means for a sample size of 30. .....................................................................................................................................................................

Figure A 9. Means of No-go, Consider and Go probabilities (1,000 simulations) for three priors for a sample size of 30 ......................................................................................................................................................................

Figure A 10. Means of Go, No-go and Consider probabilities by sample size (1,000 simulations) for different True Means....................................................................................................................................................................

Figure A 11. Means of Go, No-go and Consider probabilities (1,000 simulations) by sample size for different variance of the prior (1 and 10) .............................................................................................................................

Figure A 12. Means of Go, No-go and Consider probabilities (1,000 simulations) by sample size for different variance of the prior (1,10,100 and 1000) ............................................................................................................

Figure A 13. Mean of Go, No-go and Consider probabilities (1,000 simulations) by confidence level of Null Value and Decision Value with a Go priority ..................................................................................................................

Figure A 14. Mean of Go, No-go and Consider probabilities (1,000 simulations) by confidence level of Null Value and Decision Value with a

represents each Number of Responders simulated

represents each Means simulated

Lower confidence bound for frequentist method and Lower credible interval for Bayesian method

Upper confidence bound for frequentist method and Upper credible interval for Bayesian method

For the beta prior 𝐵(𝛼, 𝛽)

Acknowledgement

First of all, I would like to express my special thanks of gratitude to my supervisors, David JEGOU and Mathilde SACCAREAU without them this internship would not have been possible. Thank you for offering this opportunity to do my internship in Pierre Fabre Group, in the statistic team in early phase. I would like to thank all the people in this team.

Decision framework:

Go criterion: One-sided 80% Lower Confidence Bound (observed response rate) ≥ 0.3 No-go criterion: One-sided 10% Upper Confidence Bound (observed response rate) < 0.5 Consider criterion: Otherwise R shiny application allows also to generate the Go, No-go and Consider probabilities varying by the true effect, e.g. the TRR, for a fixed sample size (sample size of 10 in Figure 9).

In Figure 9, we can see different curves for each probability. The red one represents the No-go probability. The green one is the Go probability and Orange is the Consider probability. We can see from the graph that when the TRR is below the NV, the probability of No-go is higher and those of Consider and Go are lower. This phenomenon is reversed when the TRR is higher than the DV. In our example, this graph enables to show with 10 mice and in this decision framework, the variation of Go/No-go probabilities for several scenarios of TRR. According to Frewer et al. [START_REF] Frewer | Decision Making in Early Clinical Development: The framework used within AstraZeneca[END_REF], the probability of Consider must be below 30% to have a reasonably good prediction. Indeed, the higher the probability of Consider, the more difficult it is that we will not reach a Go or No-go decision. In Figure 9, the Consider probability is below 25% for each response rate, for this sample size the prediction of Go/Nogo probabilities are reasonable. But with our ORR of 0.4 in the experiment, the Go and No-Go probabilities are the same rendering the final decision difficult with only 10 mice. Figure 11 shows these different global Go/No-go probabilities (i.e. Go/No-go probabilities for endpoint 1 (response rate to treatment A) and for endpoint 2 (mean of biomarker C) according to the joint global decision matrix) for different sample sizes (from 10 to 50). We can see that the Consider probability becomes null as the sample size increases. The No-go probability remains constant up to a sample size of 25 and then decreases. For the Go probability, it rises by increasing the sample size. This increase may be due to the Go priority (Case 4 in Figure 4). The statistician generates another plot with the Shiny application with a wider range of sample sizes (Figure A 6). From this figure, given the same truth and decision framework, there is a clear increase in the Go probability as the sample size increases. Concurrently the No-go probability decreases. This last result is influenced by the prioritisation of Go when the decision framework is created. To answer a biologist's question, the statistician recommends to continue the research on the treatment A and to pass to the next phase. Although the No-go probabilities is high, it is mainly due to the joint decision matrix used.

Simulations

Simulations help the decision maker to assess the impact of the input parameters. Indeed, by establishing a truth we can create simulations of means of Go/No-go probabilities which give advice on the use of these different parameters. In the R shiny application, we can generate a plot by setting different parameters (the true effect, the NV, the DV, the prior (for Bayesian simulations)). We can then choose to plot the means of the Go/No-go probabilities in Bayesian and in frequentist by varying the sample size, the true effect, the confidence level of the NV or the confidence level of the DV.

This section shows the results of the simulations for both data types, binary or normal data. Each graph is run with 1,000 simulations and comes from the application.

In order to simulate the means of Go/No-go probabilities for binary data in frequentist and Bayesian, we need to have a truth, corresponding to the TRR for binary data and to the TM for normal data and The second simulation is to show the influence of the prior in the Bayesian method. We use different priors (non-informative, positive and negative priors). For binary data, this is shown in Figure 13, varying by different TRRs for a sample size of 50. In this figure, one non-informative prior (𝐵(0.5,0.5), the Jeffreys prior), four negative priors (𝐵(0.1,0.9), 𝐵(1,9), 𝐵(10,90) and 𝐵(4,6)) and four positive priors (𝐵(0.9,0.1), 𝐵(9,1), 𝐵(90,10) and 𝐵(6,4)) are plotted for each mean of Go/No-go probabilities.

For the negative priors (filled shape), let's compare three priors (𝐵(0.1,0.9), 𝐵(1,9) and 𝐵(10,90)) with the same response rate of 10% and different weights (1, 10 and 100). In Figure 13, we can see that the negative prior, 𝐵(10,90) has high means of No-go probabilities and low means of Go probabilities compared to other priors (𝐵(0.1,0.9) and 𝐵(1,9)). The 𝐵(0.1,0.9) prior has a marginal impact compared to other priors because it is closest to the non-informative prior. If we compare two negative priors (𝐵(1,9) and 𝐵(4,6)) with the same weight (a sample size of 10) and a different responds rate (10% and 40% respectively), the prior with a lower response rate, 𝐵(1,9) has a more negative impact on Go/No-go probabilities (by increasing the means of No-go probabilities by a maximum of 25% and by decreasing the means of Go probabilities for a TRR of 0.4). We can say this because the means of No-go probabilities are higher and the means of Go probabilities are lower than the means of prior 𝐵(4,6). Now let's compare the three positive priors (𝐵(0.9,0.1), 𝐵(9,1) and 𝐵(90,10)), which corresponds to the same responses rate of 90% and a different sample size (1, 10 and 100 respectively). 

A. Methods of Go/No-go probabilities