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Context

Breast cancer epidemiology

Breast cancer was the most prevalent cancer worldwide in 2020, accounting for 11.7% of total cancer cases [START_REF]Global Breast Cancer Initiative Implementation Framework: assessing, strengthening and scaling-up of services for the early detection and management of breast cancer[END_REF]. Developed countries, such as North America, Western Europe, and Australasia, experience higher incidence rates of breast cancer. This could be partly attributed to their longer life expectancy and the fact that breast cancer is more common in the elderly population, and also to their active detection programs [START_REF]Global Breast Cancer Initiative Implementation Framework: assessing, strengthening and scaling-up of services for the early detection and management of breast cancer[END_REF]. In France, breast cancer is the most prevalent cancer and the main cause of death related to cancer disease among women, resulting in nearly 12,000 deaths per year since 2008 [START_REF] Defossez | Estimations nationales de l'incidence et de la mortalité par cancer en France métropolitaine entre 1990 et 2018 fr[END_REF]. In 2018, breast cancer accounted for one-third of all new cancer cases detected in women in France, with 58,450 cases reported [START_REF] Defossez | Estimations nationales de l'incidence et de la mortalité par cancer en France métropolitaine entre 1990 et 2018 fr[END_REF]. Despite its high incidence, breast cancer does not have high lethality, with standardized net survival rates estimated for cases diagnosed between 2010 and 2015 in France at 97% and 88% at 1 and 5 years, respectively [START_REF] Coureau | Survie des personnes atteintes de cancer en France métropolitaine 1989-2018 -Synthèse des résultats : tumeurs solides et hémopathies malignes fr[END_REF]. More generally in the last twenty years, breast cancer mortality has significantly decreased in countries with established cancer-care systems [START_REF]Global Breast Cancer Initiative Implementation Framework: assessing, strengthening and scaling-up of services for the early detection and management of breast cancer[END_REF]. The median ages at diagnosis and death for breast cancer in the french population are 63 and 74 years, respectively [START_REF] Defossez | Estimations nationales de l'incidence et de la mortalité par cancer en France métropolitaine entre 1990 et 2018 fr[END_REF].

Breast cancer screening

Screening is a medical practice that involves searching for disease in an asymptomatic individual.

The main objective of screening is to detect the disease at an early stage, before the onset of symptoms, which can significantly improve treatment outcomes and therefore patients' survival. In

France, an organized screening program for breast cancer was initiated in 1994 and extended to the entire country in 2004 [START_REF] Maisonnneuve | Le dépistage du cancer du sein par mammographie[END_REF]. This program focuses on women aged 50 to 74 years, which is the most at risk population for developing breast cancer. The program offers a mammography, which is a clinical examination that involves breast images taken by a radiologist, every two years. The social security system covers the entire cost of these examinations, ensuring accessibility to the entire targeted population. To enhance tumor detection rates and minimize misdiagnosis, mammograms without abnormality are systematically read by two experts. In the case of a positive mammogram, a biopsy is performed to confirm the diagnosis of breast cancer. A biopsy involves taking a small sample of the tumor tissue, which is then analyzed for cancerous cells. The participation rate in organized breast cancer screening was estimated at 51.5% in 2021 [START_REF]Participation au dépistage organisé du cancer du sein en France en 2019 et évolution depuis 2004[END_REF]. Women also have the option to undergo individual screening (outside the national program), which can be recommended by a general practitioner or gynecologist, or initiated by the woman herself. Individual breast cancer screening is currently more used by women with high risk factors of developing the disease, for example, a family history of breast cancer.

In screening programs, cancer detection can be achieved through two distinct methods: positive screening or symptomatic identification in cases where cancer remains undetected despite prior screenings. The latter scenario is commonly known as interval cancer cases. The sensitivity of a screening program is the usually used detection performance indicator. It is calculated with the proportion of patients identified through screening among the total number of diagnosed cancer cases within the screened population (detected through screening and interval cancer cases). It is important to differentiate this from the sensitivity of a screening test, which is specifically defined as the probability of a positive test result when the patient is affected by the disease (proportion of positive results among all sick patients screened).

It is assumed that the implementation of a nationwide organized screening program, as well as individual screening, has played a significant role in improving patient survival rates for the last fifteen years. The main measure used to assess the effectiveness of breast cancer screening is the disease-specific survival rate after diagnosis, calculated using the Kaplan-Meier method. In order to estimate the survival improvement of patients detected following a screening, it is necessary to compare their survival time from diagnosis with those of patients detected following symptoms.

However, screening introduces biases leading to survival overestimation for patients detected through screening.

Lead time bias

The lead-time bias is a well-known issue in breast cancer screening. Survival times from the diagnosis of patients diagnosed following screening versus those following symptoms are not comparable. The reason is that the screening advanced the diagnosis in time [START_REF] Duffy | Correcting for Lead Time and Length Bias in Estimating the Effect of Screen Detection on Cancer Survival[END_REF]. The lead time is the duration between the date of diagnosis by screening and the hypothetical date of diagnosis by symptoms for screen-detected patients. The screening introduces an artificial extension of the survival of patients diagnosed by screening, which is not observed in patients diagnosed by symptoms (see figure 1).

This bias on the survival of patients diagnosed by screening has consequences. The longer survival observed in patients diagnosed by screening is not entirely due to the early detection, but also to the lead-time added by the screening process [START_REF] Woods | Are international differences in breast cancer survival between Australia and the UK present amongst both screen-detected women and non-screen-detected women? en[END_REF]. Therefore, the actual benefit of screening in terms of improving patient survival is overestimated.

Figure 1: Illustration of the survival time comparison since diagnosis for a patient with or without screening.

Length time bias

Length time bias (also called length bias) in cancer screening is a selection bias [START_REF] Abrahamsson | Continuous tumour growth models, lead time estimation and length bias in breast cancer screening studies[END_REF]. The term "length" refers to the fact that screening tests conducted at regular intervals have a higher probability of detecting slow-growing tumors (longer progression) compared to aggressive tumors (shorter progression), which are more deadly [START_REF] Duffy | Correcting for Lead Time and Length Bias in Estimating the Effect of Screen Detection on Cancer Survival[END_REF]. A screening program does not allow for the detection of all breast cancers in the screened population, some tumors are still symptomatically detected (interval cancer cases). Therefore, the longer survival observed in the screen-detected population may be due to the higher proportion of less deadly tumors.

Overdetection

Overdetection is another important phenomenon that can affect the interpretation of survival studies in breast cancer screening. It is the extreme form of length bias [START_REF] Duffy | Correcting for Lead Time and Length Bias in Estimating the Effect of Screen Detection on Cancer Survival[END_REF], and takes place when screening detects tumors that would never have caused symptoms and led to death [START_REF] Woods | Are international differences in breast cancer survival between Australia and the UK present amongst both screen-detected women and non-screen-detected women? en[END_REF]. These tumors are often slow-growing and may not be clinically significant, but their detection through screening can lead to unnecessary heavy treatment, such as surgery, or radiation therapy. Also, this can lead to an overestimation of the benefit of screening, through the reduction in breast cancer mortality. This bias is particularly important with all cancer screening in comparison to other diseases because of in situ tumors. This type of tumor may remain indefinitely not symptomatic and non-lethal but may also become invasive cancer and spread to another part of the body [START_REF] Yaffe | Overdetection of Breast Cancer[END_REF]. In 2012, the overdiagnosis rate (overdiagnosis is the consequence of the overdetection) for breast cancer due to screening programs was estimated between 10% and 30% [START_REF] Duffy | Bénéfices et risques du dépistage du cancer du sein par mammographie[END_REF].

Objectives

The combination of these biases substantially amplifies the overestimation of various measures.

Specifically, it impacts the survival outcomes of screen-detected patients, the estimated advantages of screening, the survival estimations related to breast cancer, and mortality rates in the general population. Correcting for biases related to screening has become a crucial aspect of survival analysis in order to draw accurate conclusions about the effectiveness of the screening process and the resulting decision making. Currently, it is admitted that there is a survival improvement for women aged between 50 and 74 years old but, the screening of younger women is a controversial topic.

The objective of this internship was first, to apply models to estimate lead time bias corrections to breast cancer data from the general cancer Registry of Gironde. We mainly focus on lead-time bias, which is not a selection bias and may be estimated without using simulations, while other biases related to screening will need simulations studies to be assessed. Two correction methods have been identified, the first is based on the estimation of a multi-state Markov model, and the second is based on the estimation of a continuous tumor growth model. After applying the methods, perform a comparative analysis of post-diagnosis breast cancer survival and identify their strengths and limitations. A secondary objective was to enhance models and identify covariates associated with cancer progression that can be incorporated into them.

Material

The At the time of diagnosis, the available variables include the date, patient ID, patient's age, the detection method (with the screening or through symptoms), and variables describing the tumor.

Information from each screening and the diagnosis are linked through patients' IDs. The date and age at diagnosis have allowed for the determination of the patient's age at each screening. The variables concerning the diagnosed tumor and its progression for each patient are the following:

• The tumor diameter (in millimeters).

• The tumor behavior with 2 categories (malignant or in situ). In situ tumors are non-invasive, which means that the abnormal cells are confined to their original location and have not spread to nearby tissues or organs. Malignant tumors are invasive and have the potential to spread to other parts of the body through the bloodstream or lymphatic system.

• The SBR grade (Scarff-Bloom-Richardson) is a scale of tumor aggressiveness from I to III based on three characteristics. The architecture of cancer cells, the degree of differentiation on the appearance of cancer cells in comparison with normal breast cells. The mitotic rate, the number of cells division, and therefore the propagation speed in the organism. The shape of cells nucleus, as it becomes cancerous, the cell nucleus can change in size and shape. The more aggressive a tumor is, the faster the progression of cancer.

• The stage at diagnosis is classified according to the TNM nomenclature of the AJCC (American Joint Committee on Cancer) [START_REF] Schmoll | AJCC Cancer Staging Manual[END_REF]. This variable is divided into four categories from stage I to stage IV, and allows to report on the progression of the disease in the organism. The The survival after diagnosis is appreciated using for each woman, the date of the latest news and vital status at that time. The time point for the end of follow-up is the June 30, 2018, corresponding to the last vital status update in registry data. Unfortunately, death causes are unknown in the registry and prevent the estimation of disease-specific survival rates.

Patients are organized into three groups according to their screening participation and their detection method. The group of non-screened patients, where tumor detection is symptomatic.

Patients are considered non-screened without screening performed in the 25 months preceding their diagnosis. The screen-detected group, where the screen-detection is performed in the french organized breast cancer screening program with a positive screening. The interval cancer group, where patients are diagnosed with breast cancer under 25 months after a negative screening in the organized program, the tumor is therefore symptomatically detected (see figure 3). An interval cancer case is usually due to aggressive cancer which growth fast since the last screening or because the tumor was lately detectable due to a high breast density. A certain number of patients participated in individual screenings and were excluded from the analyses due to missing values in the detection method (interval cancer or screen-detected). Correction for lead time bias will only concern screen-detected patients but models are estimated on full samples including symptomatically detected patients (non-screened and interval cancer). 

Methods

Two frequently used methods for correcting lead time have been identified: the first one is based on estimates from a multi-state Markov model, and the second one is based on a continuous tumor growth model. Their common feature is that they are applied in the same steps. First, a model is estimated in the overall study population over the screening period, from their first mammography to their diagnosis. Then, the parameters of these models are used to determine a distribution of the additional time added due to the lead time bias. A time is then subtracted from the survival since diagnosis of each screen-detected patient.

Method based on a multi-state Markov model

The method proposed aims to estimate a correction by considering breast cancer's natural history.

This process involves dividing the disease into three distinct phases: the undetectable phase, the preclinical phase where the cancer can be detected through screening but remains asymptomatic, and the clinical phase where the cancer becomes symptomatic (see figure 4). Once cancer is detected, the natural history of the disease is altered due to necessary treatments for patients. It is important to note that the detection of breast cancer through screening occurs during the preclini-cal phase, whereas diagnosis after screening falls outside of the disease's natural history definition.

Clinical diagnosis marks the onset of the clinical phase, assuming that diagnosis occurs when the symptoms first appear. For individuals who are screen-detected, clinical diagnosis cannot be observed. Additionally, it is impossible to locate the screening in the preclinical phase because the exact moment when cancer becomes detectable is unknown. The lead time is defined as the duration between the screen-detection and the hypothetical clinical diagnosis without screening (see figure 4). Unfortunately, estimating it with the only event of the screening detection is not feasible. The lead time remains a part of the sojourn time which is estimable, and the maximum lead time is the full sojourn time. The global idea of this method is to define by using Markov models parameters estimation, a sojourn time distribution in the study population to approximate the lead time. mogeneous Markov model to estimate the sojourn time in preclinical screen-detectable cancer phase [START_REF] Duffy | Estimation of mean sojourn time in breast cancer screening using a Markov chain model of both entry to and exit from the preclinical detectable phase[END_REF] and remain the most commonly used method in colorectal and breast cancer [START_REF] Duffy | Estimation of mean sojourn time in breast cancer screening using a Markov chain model of both entry to and exit from the preclinical detectable phase[END_REF][START_REF] Uhry | Multi-state Markov models in cancer screening evaluation: a brief review and case study[END_REF][START_REF] Wu | Estimation of overdiagnosis in breast cancer screening using a non-homogeneous multi-state model: A simulation study[END_REF][START_REF] Duffy | Markov models of breast tumor progression: some age-specific results[END_REF][START_REF] Tabár | The Swedish Two-County Trial twenty years later. Updated mortality results and new insights from long-term follow-up[END_REF][START_REF] Hsieh | Assessing chronic disease progression using non-homogeneous exponential regression Markov models: An illustration using a selective breast cancer screening in Taiwan[END_REF][START_REF] Choi | Estimating Age-Specific Mean Sojourn Time of Breast Cancer and Sensitivity of Mammographic Screening by Breast Density among Korean Women[END_REF][START_REF] Taghipour | Parameter estimates for invasive breast cancer progression in the Canadian National Breast Screening Study[END_REF][START_REF] Chen | Stochastic model for non-standard case-cohort design[END_REF][START_REF] Wu | A stochastic model for survival of early prostate cancer with adjustments for leadtime, length bias, and over-detection[END_REF][START_REF] Bhatt | A multistate survival model of the natural history of cancer using data from screened and unscreened population[END_REF]. The tumor's progression is modeled in three states (white boxes in figure 5), each state corresponding to a phase in the natural history of the disease: no detectable tumor (state 1) when there is no cancer or it is undetectable, the preclinical phase (state 2) when a tumor is detectable by screening but not symptomatic, the clinical phase (state 3) when the disease becomes symptomatic. The model does not include a death state by cancer. The aim of this model is not to estimate patients' survival but rather to estimate sojourn time in the preclinical phase. However, treatments after detection and diagnosis alter the natural history progression of the disease. In order to link real-life observations to the phases of the natural history of the disease, we define the following observed states (grey boxes in figure 5): • Progression through the phase where cancer is detectable but not symptomatic is mandatory before reaching the clinical cancer phase. There is no direct transition from state 1 to state 3.

• The size of tumors may grow or remain stable, but they do not shrink. There is no regression in the states of the model. The Markov model is defined with the following instantaneous transition matrix:

Q =     -λ 1 λ 1 0 0 -λ 1 λ 1 0 0 0     (1) 
where transition intensities (incidence rate in the arrival state) λ 1 and λ 2 to estimate are constant over time, the model is therefore homogeneous. More intuitively, λ 1 can be interpreted as the constant incidence of breast cancer over the modeled period in the patient sample used for the model. λ 2 is used to estimate the mean sojourn time in the preclinical phase, obtained from The breast density is not time-constant, but because we are using large intervals of breast density percentage with the BI-RADS classification (class' size of 25%). We made the assumption that the observed class of this variable is stable to consider it time constant over ten years. The underlying assumption with adjustment is that incidence rates are different depending on the four categories and remain homogeneous in time. Transitions rates and hazard ratio are estimated by using the following formula with three parameters added per transition on the indicators variables for breast density percentage:

M ST = 1/λ 2 .
λ j = exp(β 0 + β 1 br2 + β 2 br3 + β 3 br4)
Misclassification probability: Another way to improve the initial model is to define a misclassification probability to take into account the screening sensitivity [START_REF] Choi | Estimating Age-Specific Mean Sojourn Time of Breast Cancer and Sensitivity of Mammographic Screening by Breast Density among Korean Women[END_REF][START_REF] Bhatt | A multistate survival model of the natural history of cancer using data from screened and unscreened population[END_REF]. We define the following Markov model with a probability of observing a negative screening when a tumor is detectable (see model illustration in appendix 1). The probability to observe state 1 while the true underlying state in the model is 2 is placed in a misclassification probability matrix E. This probability corresponds to the probability of having a false negative patient equal to 1 -sensitivity. Misclassification probability with this Markov model is currently defined with a logistic function. This function adds a parameter to estimate in the model and potentially more with adjustments for misclassification probability on covariates. With a breast density variable adjustment with four categories, misclassification probability is on the following form:

E =     1 0 0 e 21 1 -e 21 0 0 0 1     e 21 = exp(η 0 + η 1 br2 + η 2 br3 + η 3 br4) 1 + exp(η 0 + η 1 br2 + η 2 br3 + η 3 br4)
Non-homogeneous Markov model: Non-homogeneous Markov models are useful for accurate sojourn time estimation without conducting sub-groups analysis given the age class. The idea of using these models is to estimate age-varying transition rates between states. The probability of transitioning from one state to another is therefore depending on two different times, the time past in the state as in homogeneous transition, and the age. This analysis is possible in our case because we have the information on the patient's age at each screening and diagnosis. We tried two different distributions of age on transition rates.

• Gompertz: λ j (age) = exp(β 0j + α j age)

• Weibull: λ j (age) = exp(γ 0j exp(γ 1j ) + (exp(γ 1j ) -1)log(age))
The main issue now is to have global estimations in a sample, because transition probability distributions are depending on two different times and are therefore two-dimensional. Breast density adjustments and misclassification probability parameters remain estimable with non-homogeneous transitions.

Likelihood

In Markov models, the transition probability is influenced by the duration spent in the exit state. In non-homogeneous Markov models, this probability also depends on another time-varying variable.

The transition probability matrix from one state to another within an interval (t 0 , t] in Markov models, however, the homogeneity or not, satisfy the initial value problem:

dP (t 0 , t) dt = P (t 0 , t)Q(t), P (t 0 , t 0 ) = I
Therefore, in a homogeneous model, we obtain the following result, where Q the instantaneous transition matrix (1) is not time dependant.

P (t 0 , t) = exp(Q(t -t 0 ))
In our case, for instance, it means that the sojourn time in the preclinical phase (state 2) is exponentially distributed:

P (Time to transition to clinical state ≤ t) = t 0 λ 2 e -λ 2 x dx = 1 -e -λ 2 t (2)
The likelihood for an individual with N observations from age t 1 to age t N is expressed as follows:

L(θ|t 1 .....t N ) = ω T 1 ( N n=1 L N (θ|t n-1 , t n ))1
with θ being the vector of parameters to be estimated, ω 1 = [1, 0, 0] T the vector indicating that all individuals are in state 1 at t = 0. The contribution to the likelihood of an observation at time t n which is interval censored is expressed as:

L n = P (t n-1 , t n )
The contribution to the likelihood of an observation at the exact time of a transition (in state 3 in our model) is given by:

L N = P (t N -1 , t N )Q(t N -1 )δ 3
This observation is always the last one for an individual, at time t N . We denote by δ 3 a matrix indicating that the observation takes place in the absorbing state 3.

δ 3 =     0 0 0 0 0 0 0 0 1    
The contribution to the likelihood of an observation at time t n with misclassification probability (with an interval-censored transition by definition) is in the following form:

L n = P (t n-1 , t n )E(t n ) (3)
The likelihood function is the product of the contribution of all individuals:

L(θ|t 1 .....t N ) = ( k L (k) (θ|t n-1 , t n ))
The parameters were obtained using the maximum likelihood estimation (MLE) method. The msm package was used with the BFGS (Bregden-Fletcher-Goldfarb-Shannon) algorithm and preferred for homogeneous Markov models. The nhm package is also available for homogeneous models and useful for non-homogeneous models with discrete time observations. nhm uses a BHHH (Berndt-Hall-Hall-Hausman) algorithm for parameter estimation. The selection of models and their structure (homogeneous or non-homogeneous with Gompertz or Weibull distribution) was performed using the Akaike information criterion (AIC). Likelihood ratio tests were also used to verify the significance of parameters.

Lead time bias correction

The correction for lead time based on the estimates of this model was published in 2008 by Duffy et al. [START_REF] Duffy | Correcting for Lead Time and Length Bias in Estimating the Effect of Screen Detection on Cancer Survival[END_REF]. The principle of this correction is to subtract from patients' survival an average amount of additional time resulting from the lead time bias. The subtracted time is calculated from the estimate of the sojourn time in the preclinical screen-detectable phase. The sojourn time must follow an exponential distribution (2) so the transition from preclinical state to clinical state has to be homogeneous. We define t, the time elapsed since the screening diagnosis, then there are two possibilities:

• The patient died at the time of the last follow-up t, the amount of extra time s cannot exceed t.

E(s) = E(s|s ≤ t)
• The patient is still alive at the time of the last follow-up t, in this case, the average amount of extra time can be greater than t: The result obtained for a patient who passed away at the time of the latest news after diagnosis t is:

E(s) = P (s ≤ t)E(s|s ≤ t) + P (s > t)t
E(s) = t 0 xλe -λx dx 1 -e -λt = 1 -e -λt -λte -λt λ(1 -e -λt ) (4) 
And, for a living patient at the time of the latest news after diagnosis t:

E(s) = (1 -e -λt ) t 0 xλe -λx dx 1 -e -λt + te -λt = 1 -e -λt λ (5) 
Find more details on the sojourn time expectancy calculation in appendix 2. Finally, the correction is applied to the survival of each screen-detected patient by subtracting the average amount of additional time E(s).

T corrected,i = T observed,i -E(s) i (6) 
Adjustments for breast density in Markov models implies on the correction that a different parameter λ 2 will be used for each class of the variable. Patients with the same breast density will then have an identical distribution of sojourn time, and the correction will only vary according to the time elapsed since diagnosis and vital status.

Method based on a continuous tumor growth model

The second correction method, which is more recent and complex, involves estimating a continuous tumor growth model. This model is a joint model and does not rely on states' definitions. The general idea of this approach is to express the lead time as a tumor size difference between the diagnosis through screening and the hypothetical diagnosis through symptoms, given tumor growth rates. The continuous tumor growth model allows us to estimate the volumetric growth of tumors over time until a detection date through symptoms with the assumption of exponential growth.

It will then be possible to estimate the necessary time of growing from the size at diagnosis after the screening to the hypothetical detection with symptoms (see figure 7). The continuous tumor growth model proposed by Weedon-Fekjaer et al. [START_REF] Weedon-Fekjaer | Breast cancer tumor growth estimated through mammography screening data[END_REF], inspired by the work of Bartoszyński et al.

and Plevritis et al. [START_REF] Bartoszyński | Modeling cancer detection: tumor size as a source of information on unobservable stages of carcinogenesis[END_REF][START_REF] Plevritis | A natural history model of stage progression applied to breast cancer[END_REF], includes screening sensitivity in the modeling. Later, this type of modeling was adapted and applied to estimate and correct the lead time bias in survival analysis [START_REF] Abrahamsson | Continuous tumour growth models, lead time estimation and length bias in breast cancer screening studies[END_REF][START_REF] Andersson | Assessment of lead-time bias in estimates of relative survival for breast cancer[END_REF][START_REF] Syriopoulou | Assessing lead time bias due to mammography screening on estimates of loss in life expectancy[END_REF]. 

Continuous tumor growth model

The continuous tumor growth model used in the Abrahamsson et al. correction [START_REF] Abrahamsson | Continuous tumour growth models, lead time estimation and length bias in breast cancer screening studies[END_REF], is defined by

Isheden & Humphreys [START_REF] Isheden | Modelling breast cancer tumour growth for a stable disease population[END_REF] and is three components:

• The first component is the volumetric growth of the tumor (in mm 3 ) over time t since the emergence of the tumor, as a function of an inverse growth rate r:

V (t, r) = V 0 e t r , t ≥ 0, r ≥ 0 ( 7 
)
where a spherical tumor grows exponentially from V 0 , the smallest detectable volume of a tumor by screening is assumed to be the volume of a tumor with 0.5 mm of diameter. r is the realization of a random variable R following a Gamma distribution with shape and rate parameters τ 1 and τ 2 , allowing to regulate the exponential growth given growth speed variations in the population of the study. Note that these assumptions are only compatible with invasive cancer and not with in situ tumors which are not necessarily growing.

f R (r) = τ τ 1 2 Γ(τ 1 ) r τ 1 -1 e τ 2 r , r ≥ 0 (8) 
• The second component of the model describes the process of detecting tumors by symptoms:

P [T det ∈ [t, t + dt)|T det > t, R = r] = ηV (t, r)dt + o(dt), V (t, r) ≥ V 0 (9) 
where T det the detection date by symptoms depends on the volume of the tumor, and on η, a multiplicative constant to estimate.

• The third component models the sensitivity of mammography screening:

S(d, m) = exp(β 0 + β 1 d + β 2 m) 1 + exp(β 0 + β 1 d + β 2 m) , d ≥ 0, 0 ≤ m ≤ 1 (10)
where Let us emphasize that the size of tumors is observed and measured using the diameter, but tumor growth is estimated in terms of volume. Let us recall the formula for converting the diameter d (in mm) of a sphere to its volume v (in mm 3 ) and vice versa:

v = π 6 × d 3 ⇐⇒ d = ( 6 π × v) 1 3 (11) 
The complexity of this model is due to the fact that tumor growth cannot be directly observed. Our which contributes to estimating a probability for r and its two parameters.

Likelihood

The six parameters τ 1 , τ 2 , η, β 0 , β 1 , β 2 can be obtained using the maximum likelihood estimation (MLE) method on a sample of incident breast cancer cases according to the detection method and screening history. The complete likelihood calculation of this model was formulated by Isheden &

Humphreys [START_REF] Isheden | Modelling breast cancer tumour growth for a stable disease population[END_REF]. To avoid dealing with complex integrals for the tumors' size distribution in likelihood calculations, the employed approach is to discretize tumor sizes into small intervals. Tumor sizes (diameter) in millimeters are assigned in 24 intervals plete likelihood is the product of the likelihood for screen-detected women and the likelihood for women with symptomatic detection [START_REF] Abrahamsson | A statistical model of breast cancer tumour growth with estimation of screening sensitivity as a function of mammographic density[END_REF]. In both likelihoods, tumor size is following a multinomial distribution:

I i , i = 1, ...,
L(θ|(o 1 , o 2 )) = n 1 ! n 1 i=1 o 1,i ! . n 1 i=1 p o 1,i i • n 2 ! n 2 i=1 o 2,i ! . n 2 i=1 p o 2,i i ( 12 
)
where i is an indicator of interval size group, n 1 and n 2 are numbers of symptomatically detected and screen-detected women, o 1,i and o 2,i are numbers of symptomatically detected or screen-detected women in the size interval group i, p i is the probability that a tumor is detected in the size interval i, given the model parameters.

1.

The probability p i of detecting a tumor with a size within an interval I i depends on the detection method. For a symptomatically detected woman without mammography in her medical history, p i is the probability that a tumor of volume V det at symptomatic detection time T det has a size within the interval I i .

p i ∝ P (V det ∈ I i )
The first step is to determine the size interval I i , and convert into volume the central value of this size interval. Finally, to calculate this probability we use the density function of the tumor volume at symptomatic detection [START_REF] Plevritis | A natural history model of stage progression applied to breast cancer[END_REF]:

f V det (v) = ητ 1 τ τ 1 2 (τ 2 + η(v -V 0 )) τ 1 +1 , v > V 0 (13) 
2. For screened women, we have to take into account the screening sensitivity at detection time s

given its volume V s at this time point. The probability p i without mammography history is of the following form:

p i ∝ P (V s ∈ I i ) • P (D(s) = 1|V s ∈ I i )
-We observe the tumor size at screening detection so we can't directly use the density function of the tumor volume at symptomatic detection [START_REF] Schmoll | AJCC Cancer Staging Manual[END_REF]. We use the probability that a tumor is detected with a size c a in a size interval I = [c l , c u ] and is still not symptomatic. The following formula is a simplification avoiding integration according to theorem 1 of Isheden & Humphreys [START_REF] Isheden | Modelling breast cancer tumour growth for a stable disease population[END_REF]:

P (V s ∈ I i ) ∝ log( v u v l ) f V det (v a ) η , v l ≤ v a ≤ v u (14) 
-We denote P (D(s) = 1) the probability of detection through screening at time point s. P (D(s) = 1|V s ∈ I i ) is therefore the screening sensitivity (10).

3.

Women may have one or more negative screenings before detection. To take into account the probability that these previous mammography in their medical history were negative. We denote H = (D(s -1 ), ..., D(s -K )) = (0, ..., 0), the screening results in mammography history and s -1 , ..., s -K the K previous negatives screenings times points before detection time. For a symptomatically detected woman with a mammography history:

p i ∝ P (V det ∈ I i ) j≤i P (V s -1 ∈ I j |V det ∈ I i ) • P (H|V det ∈ I i , V s -1 ∈ I j )
And, for a screen-detected woman:

p i ∝ P (V s ∈ I i ) • P (D(s) = 1|V s ∈ I i ) j≤i P (V s -1 ∈ I j |V s ∈ I i ) • P (H|V s ∈ I i , V s -1 ∈ I j )
-The sum is defined on size intervals I i and I j , which correspond to the tumor size at detection and the tumor size at the most recent negative screening at s -1 , respectively. Although the exact size interval I j is unknown, we do know that its size is less than or equal to I i . For any interval size I j smaller or equal to I i , there is a probability that the tumor size falls within this interval, given that the size interval at detection is I i . This probability is dependent on an inverse growth rate r, which explains the tumor growth from the size interval at the previous screening I j to the interval size at detection I i .

P (V s -1 ∈ I j |V det ∈ I i ) = ∞ r=0 P (V s -1 ) ∈ I j |V det ∈ I i , R = r)f R/V d et∈I i (r)dr
The probability of

P (V s -1 ∈ I j | V det ∈ I i , R = r
) is equal to 1 if a tumor within size interval I i at time point s, growing with an inverse growth rate r, passes through size interval I j at time point s -1 , and 0 otherwise. To approximate f R/Vs∈I i (r), we use the conditional density function of tumor growth r given the tumor volume at symptomatic detection which is a Gamma distribution of shape parameter τ 1 + 1 and rate parameter τ 2 + η(v -V 0 ) [START_REF] Isheden | Modelling breast cancer tumour growth for a stable disease population[END_REF]. We assume similar distributions with tumor volumes V s at detection, and with tumor volumes V det at symptomatic detection, despite the difference in detection methods (see theorem 3 of Isheden & Humphreys [START_REF] Isheden | Modelling breast cancer tumour growth for a stable disease population[END_REF]).

f R|V det =v (r) = (τ 2 + η(v -V 0 )) Γ(τ 1 + 1) (r(τ 2 + η(v -V 0 ))) (τ 1 +1)-1 exp(-r(τ 2 + η(v -V 0 ))), r ≥ 0 (15) -P (H | V s ∈ I i , V s -1 ∈ I j )
represents the probability of having negative results for each mammography screening in the patient's medical history, given that the tumor size at detection falls within the interval size I i and that the tumor size at the previous screening, which took place at time point s -1 , falls within interval I j . This probability is depending on the screening sensitivity with

P (D(s -k ) = 0) = 1 -P (D(s -k ) = 1): P (H|V s ∈ I i , V s -1 ∈ I j ) = K k=1 P (D(s -k ) = 0) (16) 
The challenge now arises from the unknown tumor size at the previous screening, at time point s -k . First, to determine the tumor growth rate r from interval I j to I i , we assume that the tumor growth curve, obtained by converting the tumor diameter in volume, intersects the midpoints of the two intervals of sizes I j and I i . Using this growth rate r, we calculate the tumor volume for each screening from s -2 to s -k by working backwards through the calculations:

V s -k = Vs exp( s-s -k r ) or V s -k = V det exp( T det -s -k r )
given the detection method. In the screening sensitivity equation [START_REF] Duffy | Bénéfices et risques du dépistage du cancer du sein par mammographie[END_REF], we use the conversion of V s -k to diameter d (13).

Tumor size distribution is continuous, multinomials in likelihood ( 12) are used to avoid integration and are approximations. The evaluated and optimized likelihood for parameter estimation is the following [START_REF] Abrahamsson | Breast cancer tumour growth modelling for studying the association of body size with tumour growth rate and symptomatic detection using case-control data[END_REF]:

L(o|θ) = j i p o i,j i,j
where p i,j is the probability of detecting a tumor in a size interval i for a patient j, and o i,j is equal to 1 if a woman j has a tumor detected in the size interval j, 0 otherwise.

The optimization was performed using the L-BFGS-B method of the optim function of R.

Lead time bias correction

The model and its parameters will then be used to estimate a density function of the lead time conditionally on the tumor volume, the growth rate, and the screening sensitivity [START_REF] Abrahamsson | Continuous tumour growth models, lead time estimation and length bias in breast cancer screening studies[END_REF]. The general idea is to create a customized density function for each patient tracking her follow-up from diagnosis to the date of the latest news. This time is divided into a large number of discrete time points and a density function based on the model parameters is used to calculate a probability of lead time at each point. We denote L, a random variable representing a quantity of lead time, and l a realization of this variable [START_REF] Abrahamsson | Continuous tumour growth models, lead time estimation and length bias in breast cancer screening studies[END_REF]. It is assumed that L = 0 for patients detected symptomatically, and L > 0 for screen-detected. The lead time is the time between the hypothetical symptomatic detection time point T det and the detection time point s (l = T det -s), expressed in the model using the tumor growth function [START_REF] Woods | Are international differences in breast cancer survival between Australia and the UK present amongst both screen-detected women and non-screen-detected women? en[END_REF]. Mathematically, we express the lead time as follows:

V det = V s e (T det -s)/r ⇐⇒ L = Rlog( V det V s )
The density function of lead time is in the following form:

f L|D(s)=1,Vs,H (l) ∝ ∞ 0 f R|Vs (r) • f L|Vs,R=r (l) • P (H|V s , R = r)dr (17) 
-The first part of this integral is for the probability of having an inverse growth rate r given the tumor volume at detection V s , calculate by using the conditional density function of the inverse growth rate ( 15).

-The second part is the expression of lead time in the model, given the tumor volume at detection V s and the inverse growth rate r. It is calculated by using the following relation where the cumulative lead time is the cumulative time of tumor growing from V s to V det :

F L|Vs,R=r (l) = F V det |Vs,R=r (V s e l/r )
The conditional distribution of the tumor volume at symptomatic detection on the inverse growth rate is of the following form [START_REF] Isheden | Modelling breast cancer tumour growth for a stable disease population[END_REF]:

f V det |Vs,R=r (v) = ηre -ηr(v-Vs)
By taking the derivative of the cumulative distribution function, we obtain the following conditional density function:

f L|Vs,R=r (l) = V s r e l/r f V det |Vs,R=r (V s e l/r ) = ηV s e -ηrVs exp(l/r)+ηrVs+l/r -The third part, depending on the screening sensitivity, is the probability of negative screening results in the patient's medical history [START_REF] Uhry | Multi-state Markov models in cancer screening evaluation: a brief review and case study[END_REF]. For each mammography, the tumor diameter is backward calculated as before by using the inverse growth rate r.

Similarly to the correction made by Duffy et al., the time subtracted from survival should not exceed the observed survival time for a dead patient. The lead time distribution is then in a conditional truncated form [START_REF] Abrahamsson | Continuous tumour growth models, lead time estimation and length bias in breast cancer screening studies[END_REF].

f L|D(s)=1,Vs,H,L≤dt-s (l) = f L|D(s)=1,Vs,H (l) F L|D(s)=1,Vs,H(dt-s) , 0 ≤ l ≤ d t -s = 0, otherwise
The final value l * i is estimated by taking an average of random draws (1000 for our results section 6.2.2), with replacement, from the different time points of the function, weighted by the probabilities from the density function. The correction on survival is performed for each screen-detected patient by subtracting the lead time estimate from the observed survival [START_REF] Abrahamsson | Continuous tumour growth models, lead time estimation and length bias in breast cancer screening studies[END_REF].

T corrected,i = T observed,i -l * i (18)
6 Results The majority of cancers diagnosed in women residing in Gironde are detected through screening.

Descriptive analysis

The disease is diagnosed, on average, at a less advanced stage in screen-detected women, with 70% at stages 0 or 1 and less aggressive (table 1). The size of diagnosed tumors is significantly larger in non-screened women, with a diameter 10 mm greater than in screen-detected women. A majority of missing values for breast density are found in the non-screened population, which is expected as this variable is measured at the last screening (table 1). Symptomatically detected women have a higher proportion of deaths compared to screen-detected women, with 26.3% non-screened and 10.27% interval cancer deaths, compared to 6.17% screen-detected (table 1). In terms of stage, tumor sizes, and survival rates, the cancers appear to be proportionally more severe in the non-screened population compared to interval cancers. Breast density plays an important role in the patterns of various methods. The most notable finding is the variation in the proportion of interval cancers across different age groups, which correlates with breast density. Our results table 2, demonstrate that within the sample, the "predominantly fatty" breast density category has an interval cancer rate of one in ten cases (9.19%, whereas the "extremely dense" category shows a higher rate of one in four cases (25.00%). This observed pattern can be attributed to the inverse relationship between breast density and screening sensitivity.

We also observe a discernible trend in breast density concerning age (table 2). Specifically, women with high breast density are predominantly aged 50 to 60 years old, while they constitute a minority within the "predominantly fatty" category. This observation indicates a shifting distribution of breast density as women age.

We might have expected a higher incidence of in situ tumors (often smaller in size) detected in individuals with low breast density due to improved visibility on mammograms. Similarly, it could be envisaged that cancers could reach more advanced stages in cases where women have high breast density. However, our findings do not support these hypotheses, and the maximum tumor size difference between means in breast density categories is 1.22 millimeters.

6.2 Estimations of model and survival correction

Multistate model approach

Markov models are employed to capture the time intervals between various events, leading to individuals observed exclusively in the same state not contributing to the model's likelihood. This situation can arise, for instance, when considering state 1 in a clinical trial or cohort study, where a subgroup of the population may never develop cancer. In registry data, patients may receive their diagnosis through their first screening and consequently be observed solely in state 2 of the model, or they may be diagnosed without prior screening and directly observed in state 3. Even without contribution to the likelihood, the corrected survival can be estimated for these patients. We choose to keep in situ tumors as Duffy et al. for comparable results [START_REF] Duffy | Correcting for Lead Time and Length Bias in Estimating the Effect of Screen Detection on Cancer Survival[END_REF]. Moreover, these slow-growing issues are more correlated to length time bias and overdiagnosis which are not corrected in this analysis. detected patients, who could not be included in model estimates, were retained for survival analy-sis. Our main argument is that if we exclude them, we would lost almost the entire non-screened population due to the large number of missing values on non-essential variables without correction on survival. In section 6.2.2, we replicated the same procedure with the continuous tumor growth model and its correction. In terms of overall proportions, our sample indicates that 75% of detection is attributed to screening. We observe a lower proportion of screen-detected cases in the 50 to 59 age group. This discrepancy can be attributed to a subset of women being identified during their initial screening which are not contributing to the likelihood. The estimated parameters are the same with or without these patients. Note that there is no screen-detected patient diagnosed between the ages of 50 and 52, as the program allows only one screening during this period. The meaning is that all women diagnosed before 52 years old are classified as interval cancers because they are not yet considered non-screened and the screen-detected do not contribute to the model. A noticeable disparity is observed in the parameters of the [50, 59) age group compared to the others, with a lower estimated average sojourn time, likely due to a higher occurrence of interval cancer (table 4). 4) and ( 5) in [START_REF] Duffy | Correcting for Lead Time and Length Bias in Estimating the Effect of Screen Detection on Cancer Survival[END_REF].

In non-homogeneous model breast density adjustments parameters are significant for transition 1 -→ 2 these results show a significant effect on cancer incidence of BI-RADS categories 3 and 4 in comparison to category 1 which is not surprising regarding breast density is a well-known risks factor of breast cancer [START_REF] Boyd | Mammographic Density and the Risk and Detection of Breast Cancer[END_REF]. Significant results for breast density adjustment on transition 2 -→ 3 confirmed those previously found in the homogeneous model. This observation may potentially arise from the approximation of breast density using the BI-RADS categories rather than a continuous scale. The bias magnitude associated with this method (figure 11) is found to be lower compared to Duffy et al., while the estimated survival benefit from screening is higher. When utilizing the model's parameters, the corrected survival curve for screen-detected patients is slightly lower in comparison to the curve obtained using Abrahamsson et al.'s parameters. The most important parameter in correction is η, linking screening time and the probability of symptom detection for screen-detected patients [START_REF] Yaffe | Overdetection of Breast Cancer[END_REF]. With a smaller η the lead time is estimated longer and therefore the correction is higher. In the two methods, the estimated parameters lead to correct more than the literature parameters. It could be the result of earlier detection of breast cancer on average in the Gironde population with the organized screening program. The lead time bias affects screendetected patients and, consequently, has an impact on the overall survival in populations including these patients, starting with women diagnosed with breast cancer in the Gironde registry. Please find more results on bias magnitude in the global registry population in appendix 9.

Discussion

The The definition of states is advantageous when it comes to estimating sojourn times and incidence rates. However, the main issue with the three-state model is that it only allows for estimating sojourn time and not lead time. Additionally, the model assumptions make impossible adjustments for tumor growth speed variables and progression at diagnosis time. Due to this, the model does not take into account the increasing sensitivity of screening due to the tumor growth and differences for the duration of the preclinical phase. Denote also that the assumption of an exact transition time to the clinical phase may not necessarily hold true, as there is probably a delay of several days for women between the onset of symptoms and the biopsy used for diagnosis. [START_REF] Bhatt | A multistate survival model of the natural history of cancer using data from screened and unscreened population[END_REF]. These individuals contribute to the likelihood of their model only because a probability of misclassification is included (3). In theory, a detectable and undetected tumor should become symptomatic and be finally observed in state 3 to contribute to their model likelihood.

The continuous tumor growth model and its associated correction directly address the limitations of the multi-state approach due to their assumptions. The distribution of lead time is personalized for each woman and adjusted on tumor size at diagnosis and screening sensitivity. However, some hypotheses constitute limitations. Firstly, the assumption of tumors having a spherical shape is not universally valid. Other shapes, such as ellipses, are possible, and tumor protrusions are common. Additionally, the assumption of exponential growth without a threshold is not realistic.

This hypothesis is based on the notion that all cells multiply, resulting in accelerated growth as the number of cells increases. These factors are expected to impact individual differences in the number of dividing cells, which depend on tumor histology, the tissues in which it spreads, the number of necrotic cells, and a great number of other variables that are supposed to be expressed in the population through the only r argument in tumor growth function.

Secondly, the likelihood of the model is very complicated to understand and implement, and no software including it is available making the method challenging to use. A solution is to use the parameters estimated by Abrahamsson et al., but these parameters are estimated for a population of women aged 50 to 74 from Sweden with a different screening program based on a case-control study resulting in a few similarities and a lot of differences regarding our study population. We reprogrammed the model estimation process with the exact writing of the likelihood. We obtained different parameters estimations than those obtained by Abrahamsson et al..

Regarding the biases that could have been introduced by the successive choices made throughout methodology and analysis. Firstly, the exclusion of patients with individual programs including screen-detected cases and interval cancer may have contributed to extending the estimated duration of the preclinical phase. Indeed, patients in this population have more frequent, even annual, screenings. In the multi-state approach, the shorter time intervals between observations would likely have led to higher parameter estimates for transition 1 -→ 2 due to transition in a shorter censored time interval.

We assumed no modification in women's breast density over time. We were able to verify this through follow-ups of up to 10 years between the initial screenings in 2005 and the later diagnosis in 2015. However, the screening program is designed for 25 years, which is more than double the follow-up period. Therefore, breast density tends to decrease in the lower categories with age and our assumption should be invalid.

Perspectives

This work mainly focused on correcting lead time bias, but a direct perspective would be to extend the corrections to length bias and overdiagnosis in order to estimate the benefit of screening detection on survival. The lead time bias made the observed survival times in the screen-detected and symptomatically detected populations incomparable whereas two other biases ensure that the populations are not comparable. Therefore, the magnitude of these biases is often assessed through simulations because they cannot be directly attributed to the individual survival of each patient.

However, their definitions are also correlated to the preclinical phase duration and they are not independent of the lead time bias. Slow-growing tumors imply a longer sojourn time in the preclinical phase and potentially longer lead time. Overdiagnosis occurs when patients who would have died during the preclinical phase from other cause than breast cancer are diagnosed through screening. Furthermore, an in situ tumor that does not become invasive can remain indefinitely in the preclinical phase. The establishment of a methodology for correcting the three biases together would have great significance.

The Gironde registry is rich and contains interesting variables such as grade and stage at diagnosis, which currently cannot be used to correct this bias. The main challenge in incorporating new adjustments is that both approaches are limited by their assumptions. However, extensions of multi-state models and continuous tumor growth models exist to account for lymph node involvement in cancer progression without methodologies for lead time bias correction [START_REF] Duffy | Markov models of breast tumor progression: some age-specific results[END_REF][START_REF] Isheden | Joint models of tumour size and lymph node spread for incident breast cancer cases in the presence of screening[END_REF]. Since the registry does not contain causes of death, survival analyses are not specific to the disease. Another perspective of this work is to use mortality tables to obtain the net survival.

9.2 Appendix 2: demonstration of the calculation of the average sojourn time in preclinical phase

The average sojourn time over the interval [0; t] is calculated using: Based on the Markov model, the magnitude of lead time bias in the global registry population is an overestimation of survival with a difference of 2% at 2 years of follow-up after diagnosis and 5% after 5 years (approximately 1% more of difference each year, figure 17). Based on the continuous tumor growth model the overestimation for invasive cancer diagnosed in the registry is between 1% and 2% of survival rate 5 years after diagnosis (see figure 18).
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Abstract n Mammography screening plays a crucial role in the detection and diagnosis of breast cancer, enabling early treatments and enhancing survival rates. Assessing the effectiveness of screening involves comparing the survival of patients diagnosed through screening with those diagnosed after the onset of symptoms. However, this comparison is subject to biases leading to overestimate the survival benefit of screening. The lead time bias occurs because screening advances breast cancer diagnosis in time. This results in longer survival observed, even in the absence of improvement in time of death. In order to address this bias, two commonly employed methods have been identified and applied to breast cancer data from the General Cancer Registry of Gironde for comparative analysis.
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  Mammograms (A), (B), and (C) on figure 2 are in the first category of the BI-RADS classification, and mammography (F) is in the last category. As we can see, because tumors appear in white, the more a breast is dense the more a tumor is hidden.

Figure 2 :

 2 Figure 2: Examples of variation in breast density: (A) 0%, (B) < 10%, (C) < 25%, (D) < 50%, (E) < 75%, (F) > 75%. Source: Boyd et al., 2010 [12].

  classification depends on three parameters, the tumor size (T), the number of infected lymph nodes (N), and the presence of metastases (M). At stage 1, the cancerous tumor is still small and has not invaded surrounding tissues. Stage II, the cancerous tumor is larger and has started to spread into surrounding tissues. Stage III, the cancer is more advanced and has started to spread to lymph nodes. Stage IV, the cancer has spread to other parts of the body outside of the region where it started. It is often referred to as metastatic cancer. Currently, in situ tumors are classified as stage 0.
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 3 Figure 3: Illustration of the occurrence of breast cancer diagnosis given the different detection methods.

Figure 4 :

 4 Figure 4: Cancer natural history and lead time definition. Inspired from: Weedon-Fekjaer et al., 2010 [14].

Figure 5 :

 5 Figure 5: Three-state Markov model of the breast cancer natural history: the gray boxes represent the observed states, and the white boxes their underlying state in the model.

Figure 6 :

 6 Figure 6: Illustration of the constraint on subtractable time due to lead time bias E(s) according to vital status (with t, the time of latest news). Inspired from Weedon-Fekjaer et al., 2010 [14].

Figure 7 :

 7 Figure 7: Illustration of the lead time definition through the tumor growth function over time. Inspired from Weedon-Fekjaer et al., 2010 [14].

  the sensitivity is a logistic function of the tumor diameter d (in mm) and the percentage of breast density m. With the BI-RADS classification, where breast density percentage is defined into 4 categories with a width of 25%, we matched the value of d to the center of each category (lvl 1: 0.125, lvl 2: 0.375, lvl 3: 0.625, lvl 4: 0.875). As for multistate models, we made the assumption that breast density doesn't change between screenings and keeps the same value for each woman.

  observations are the tumor size at diagnosis and the successive time of screening. The idea is to use the growth function with various values of r and incorporate tumor growth into other components of the model to estimate probabilities of the detection date by symptoms T det and the tumor sizes at previous screenings in the patient's mammography history d. The screening sensitivity is then used to obtain a probability of not detecting the tumor based on its size at each previous screening,

A

  total of 5479 women aged 50 to 74, residing in Gironde, were diagnosed with breast cancer between 2009 and 2015. The sample for analysis comprised exclusively screened women in the organized screening program and unscreened women. Patients who participated in individual screening were excluded, resulting in unknown dates of their previous mammograms and also unknown detection methods (screen-detected or interval cancer cases). Furthermore, women with unclear or unknown detection methods, which could be attributed to various factors such as a diagnosis date preceding the mammogram or incomplete screening reports, were also excluded. The final sample used included 4683 women. The survival estimates, corrected using the two methods proposed by Duffy et al. and Abrahamsson et al., are based on different samples of screen-detected patients due to the distinct assumptions inherent in each model. This section describes global data after the exclusion of missing data on detection method and dates (N=4683), flowcharts of the data used in each model will be specified later.

Figure 8 :

 8 Figure 8: Flowchart for Markov model estimations with Gironde general cancer Registry data.

  For lead time bias correction, the parameters based on this model are λ 2 = [0.121; 0.213; 0.265; 0.455] respectively from the lowest breast density level to the highest (see appendix 4). For the lowest breast density, the sojourn time is long, then the lead time correction is strong in comparison to higher breast density with a shorter sojourn time.

Figure 9 :

 9 Figure 9: Survival comparison after breast cancer diagnosis for women detected by symptoms and screening according to different estimated lead time bias corrections using the Duffy et al. methodology (symptomatically detected: N1 + N3 = 882 + 662 = 1544, screen-detected: N2 = 3048).

Figure 11 :

 11 Figure 11: Survival comparison after invasive breast cancer diagnosis for women detected by symptoms and screening according to estimated lead time bias corrections using the Abrahamsson et al. methodology (symptomatically detected: N1 + N3 = 829 + 641 = 1470, screen-detected: N2 = 2212).
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 00118 Figure 18: Survival rate after invasive breast cancer diagnosis corrected for lead time bias (continuous tumor growth method), women aged between 50 and 74 years residing in Gironde diagnosed between 2009 and 2015, N1 + N2 + N3 = 829 + 2212 + 641 = 3682.

Figure 17 &

 17 Figure 17 & 18 shows the impact of lead time bias on survival in the registry population (all screening profiles). The two methods are not correcting the same sample.
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Examples of variation in breast density: (A) 0%, (B) < 10%, (C) < 25%, (D) < 50%, (E) < 75%, (F) > 75%.

to vital status (with t, the time of latest news). Inspired from Weedon-Fekjaer et al., 2010 [14]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7 Illustration of the lead time definition through the tumor growth function over time. Inspired from Weedon-Fekjaer et al., 2010 [14]. . . . . . . . . . . . . . . . . . . . . . 8 Flowchart for Markov model estimations with Gironde general cancer Registry data.

  The French National Institute of Health and Medical Research (Inserm) established in 1964, is a public scientific and technological institution under the supervision of the Ministry for Solidarity and Health, as well as the Ministry of Higher Education, Research, and Innovation. Its activities are dedicated to biological, medical, and human health research, with the aim of improving the health of all through advancements in knowledge of living organisms and diseases, innovative treatments, and public health research. The organization is composed of 269 research units, bringing together over 15,000 researchers, engineers, technicians, and administrative staff, representing 45% of the publications in the biological and medical field in France. The research unit U1219 -Bordeaux Population Health (BPH), directed by Stéphanie Debette, gathers 491 members divided into 10 teams. The EPICENE team, directed by Isabelle Baldy, studies cancer survival and evaluate environmental and professional exposure. The BIOSTAT team,

directed by Hélène Jacqumin-Gadda, develops statistical methods for epidemiological data analysis and clinical trials. This 5-month internship, planned in the research option of the second year master's degree in Biostatistics of the ISPED school, is co-supervised by Virginie Rondeau, research director in biostatistics (BIOSTAT team), and Brice Amadeo, assistant professor in epidemiology (EPICENE team), and member of the general cancer Registry in Gironde team.

  tissues appear as opaque white on a mammogram, while the fatty tissues appear more transparent. As the proportion of glandular tissue in the breast increases, breast density also increases and tumors are less visible, leading to decrease the sensitivity for tumor detection.

	screening performed in the program, the available information in addition to the patient's ID in-
	cludes the date and the percentage of breast density. Mammograms performed outside this program
	such as individual screening are not recorded in the database. Women who received mammogram
	screening outside of the program are identified, but the screening dates and the percentage of breast
	density are not available.
	The percentage of breast density at each screening is grouped into four categories with the BI-
	RADS classification: predominantly fatty, less than 25% (level 1); scattered fibroglandular, between
	25% and 50% (level 2); heterogeneously dense, between 50% and 75% (level 3); and extremely
	dense, over 75% (level 4). The density percentage is calculated by dividing the dense area by the
	total breast area and multiplying by 100 in a lateral view of a mammogram [12]. This variable is
	important for screening sensitivity. A breast is mainly composed of two types of tissues. Such as
	tumors, glandular
	general cancer Registry of Gironde was established in 2004 to enhance cancer surveillance in
	France. It is maintained by the EPICENE team of the Inserm U1219 research unit. The registry
	data covers all cancers diagnosed since January 1, 2005, except for hematological malignancies,
	brain tumors, and mesotheliomas registered by pre-existing registries. The data used for the up-
	coming analysis are a subset of the registry including only breast cancer cases. The database is a
	combination of registry data and data from the Gironde organized screening center and has already
	been used for a previous study [11]. Registry data concern the date and cancer description at
	diagnosis, data from the organized screening program are related to screening dates and women's
	breast density.
	The inclusion criteria are breast cancer cases diagnosed in residents of Gironde between January
	1st, 2009, and December 31, 2015, and only includes women aged between 50 and 74 years old
	at diagnosis, which is the target population of the organized screening program. After diagnosis,
	the vital status of women was collected up to the cut-off date of June 6th, 2018. The different
	variables are related to three different periods in the follow-up of patients. The screening period
	before diagnosis, the diagnosis, and the follow-up after diagnosis.
	The screening period is before the diagnosis. The data on this period were obtained retro-
	spectively after the patient's diagnosis and inclusion in the registry. All the variables utilized for
	future analyses related to this period are derived exclusively from the organized screening. For each

  The instantaneous transition matrix is used afterward in likelihood calculation to determine transition probability from one state to another. Markov models assume that transitions are dependent on the time spent in the exit state; in opposition to semi-markov models, the other category of multi-state models, where the transition probability is determined based on the time spent since the first observation in the model.The effect of age on transition rates must still be taken into account in the analyses. Therefore homogeneous Markov models are currently age class stratified (different model given the age class) [6, 19, 21]. Moreover, Duffy et al. applied different corrections for lead time bias depending on three age groups (50-59, 60-69, 70-74). The basic homogeneous Markov model can be improved in various ways detailed in the next paragraphs.

Breast density adjustment: One of the main criticism of the initial model is that it doesn't take into account patients' differences in cancer progression speed and therefore adjustments on sojourn time estimation. The reason is that the related variables like the stage, the SBR grade, or the tumor size are only measured with a biopsy at diagnosis. For screen-detected patients and symptomatically detected patients, diagnoses are not in the same state. Adjustments in this case with time-varying variables cannot be done because their values may change between states.

Table 1 :

 1 Description of women residing in Gironde diagnosed between 2009 and 2015 aged 50-74 given the cancer detection method, Gironde general cancer Registry, France, N = 4683.

		Non-screened Screen-detected Interval cancer p-value
	N	882	3129	672	
	Age 1	62.39 (7.05)	62.13 (6.92)	62.00 (6.69)	0.6
	Tumor diameter (mm) 1	29.34 (23.52)	15.85 (12.71)	20.65 (15.70)	<0.001
	Missing	265	578	144	
	Stage 2				<0.001
	In situ (stage 0)	53 (6.40)	413 (13.67)	31 (4.92)	
	Stage 1	216 (26.09)	1734 (57.40)	273 (43.33)	
	Stage 2	275 (33.21)	688 (22.77)	224 (35.56)	
	Stage 3	127 (15.34)	156 (5.16)	69 (10.95)	
	Stage 4	157 (18.96)	30 (0.99)	33 (5.24)	
	Missing	54	108	42	
	SBR grade 2				<0.001
	Grade I	88 (12.48)	536 (21.78)	87 (15.13)	
	Grade II	364 (51.63)	1373 (55.79)	307 (53.39)	
	Grade III	253 (35.89)	552 (22.43)	181 (31.48)	
	Missing	177	668	97	
	Breast density 2				
	Predominantly fatty	18 (13.33)	328 (10.76)	35 (5.29)	
	Scattered fibroglandular	84 (62.22)	1910 (62.66)	419 (63.29)	
	Heterogeneously dense	29 (21.48)	769 (25.23)	193 (29.15)	
	Extremely dense	4 (2.96)	41 (1.35)	15 (2.27)	
	Missing	747	81	10	
	Vital status at time point 2				
	Dead	232 (26.30)	193 (6.17)	69 (10.27)	<0.001
	Alive	650 (73.70)	2936 (93.83)	603 (89.73)	
	1 mean (sd), Kruskal-Wallis rank sum test			
	2 N (%), Pearson's Chi-squared test			

Table 2 :

 2 Description of women residing in Gironde diagnosed between 2009 and 2015 aged 50-74 given the breast density at the last screening, Gironde general cancer Registry, France, N = 3845.

		Predominantly fatty Scattered fibroglandular Heterogeneously dense Extremely dense p-value
	N	381	2413	991	60	
	Tumor diameter 1	16.32 (12.71)	16.62 (12.63)	17.54 (15.64)	17.41 (16.11)	0.8
	Missing	66	445	227	12	
	Stage 2					0.049 *
	In situ (stage 0)	30 (8.15)	279 (12.04)	131 (13.94)	6 (10.00)	
	Stage 1	219 (59.51)	1231 (53.11)	511 (54.36)	35 (58.33)	
	Stage 2	90 (24.46)	600 (25.88)	236 (25.11)	16 (26.67)	
	Stage 3	22 (5.98)	156 (6.73)	46 (4.89)	3 (5.00)	
	Stage 4	7 (1.90)	52 (2.24)	16 (1.70)	-	
	Missing	13	95	51	0	
	SBR grade 2					>0.9
	grade I	62 (19.44)	390 (20.19)	154 (20.26)	13 (27.08)	
	grade II	181 (56.74)	1069 (55.33)	417 (54.87)	24 (50.00)	
	grade III	76 (23.82)	473 (24.48)	189 (24.87)	11 (22.92)	
	Missing	62	481	231	12	
	Screening profile 3					<0.001
	Non screened	18 (4.72)	84 (3.48)	29 (2.93)	4 (6.67)	
	Screen-detected	328 (86.09)	1910 (79.15)	769 (77.60)	41 (68.33)	
	Interval cancer	35 (9.19)	419 (17.36)	193 (19.48)	15 (25.00)	
	Age 3					<0.001
	[50, 59)	109 (28.61)	885 (36.68)	494 (49.85)	47 (78.33)	
	[60, 69)	182 (47.77)	1133 (46.95)	383 (38.65)	12 (20.00)	
	[70, 74)	90 (23.62)	395 (16.37)	114 (11.50)	1 (1.67)	
	1 mean (sd), Kruskal-Wallis rank sum test				
	2 N (%), Pearson's Chi-squared test				
	3 N (%), Fisher exact test				
						

* in situ vs. invasive

Table 3 :

 3 Description of individuals contributing to the likelihood of Markov models, N = 3105.

		[50, 59)	[60, 69)	[70, 74)	Global
	Sample size	1033	1522	550	3105
	Non screened	46 (4.45)	66 (4.34)	21 (3.82)	133 (4.28)
	Screen-detected 705 (68.25) 1179 (77.46) 426 (77.45) 2310 (74.40)
	Interval cancer 282 (27.30) 277 (18.20) 103 (18.73) 662 (21.32)

Table 4 :

 4 Results of the homogeneous Markov model (model 0), inspired by Duffy et al. (1995), N = 3105.

	Age	Preclinical incidence rate (λ 1 ) Clinical incidence rate (λ 2 ) Mean sojourn time (1/λ 2 )
	[50, 59)	0.35 (0.33; 0.38)	0.27 (0.24; 0.30)	3.73 (3.32; 4.19)
	[60, 69)	0.21 (0.20; 0.22)	0.18 (0.16; 0.20)	5.50 (4.92; 6.15)
	[70, 74)	0.20 (0.18; 0.22)	0.19 (0.15; 0.23)	5.25 (4.37; 6.32)
	Total	0.24 (0.23; 0.25)	0.21 (0.20; 0.23)	4.70 (4.36; 5.06)
	The correction proposed by Duffy et al. is based on a homogeneous three-state Markov model,
	stratified by age groups: [50, 59), [60, 69), and [70, 74) [6]. The respective parameters used for this
	correction, estimated by Tabar et al., are 0.27, 0.24, and 0.25 [19]. Table 3 presents the results of
	a similar model estimated using registry data. The average mean sojourn time in the preclinical
	phase in our sample is 4.7 years. The parameters λ 2 to be used for the correction in the age groups
	[50, 59), [60, 69), and [70, 74) are 0.27, 0.18, and 0.19, respectively. Differences in the results may

be attributed to various factors, such as differences in the proportions of symptomatically detected patients in our sample.

Table 5 :

 5 Results of the homogeneous Markov model adjusted for breast density (model 0.2), inspired by[START_REF] Choi | Estimating Age-Specific Mean Sojourn Time of Breast Cancer and Sensitivity of Mammographic Screening by Breast Density among Korean Women[END_REF], N = 3105.The models presented table 5 and table 6 are improved versions of the homogeneous model.The added parameters enable capturing the effect of breast density and age. The obtained results from a homogeneous Markov model with breast density adjustment on both transitions reveal that hazard ratios related to the transition rate λ 1 generally do not demonstrate a significant association with breast density. Conversely, there is an evident impact of breast density on the incidence rate during the clinical phase. This observation can be attributed to the calculation of the transition rate λ 2 , which takes into account the time spent in the preceding state. Once in state 2, higher breast density results in a shorter sojourn time, leading to a rapid transition to state 3. Consequently, this variable engenders notable disparities among its categories. For example, women classified under the "predominantly fatty" breast category have an estimated mean sojourn time of 8.48 years, while those in the "extremely dense" category demonstrate a significantly shorter mean sojourn time of 2.25 years. Additionally, among women with equal breast density, those over the age of 60 have longer sojourn times compared to their counterparts aged 50 to 59 years. = exp(β 01 + β 11 br2 + β 21 br3 + β 31 br4 + α 1 age) λ 2 = exp(β 02 + β 12 br2 + β 22 br3 + β 32 br4 + α 2 age)Non-homogeneous Gompertz models demonstrate superior performance based on the AIC in comparison to non-homogeneous Weibull models (see appendix 3). The model table 6 is age-varying employing a Gompertz distribution on the two transitions. Given its nature, with all parameters in an exponential function, confidence intervals for non-significant parameters include 0. The trend parameter shows significance solely on the transition 1 → 2. This signifies a substantial disparity in cancer incidence based on age within the study population, while no disparity is observed in the duration of the preclinical phase. The likelihood ratio test between model 1.2a (see appendix 4) and model 2.2a show a non-significant p-value of p = 0.182. Consequently, and also because a homogeneous transition is mandatory for correcting lead time, the estimates from model 1.2a (see appendix 4) were selected for implementing survival correction by using equation (

		[50; 59)	[60; 69)	[70; 74)	Total
	Preclinical incidence rate	0.36 (0.33;0.38)	0.21 (0.20;0.22)	0.20 (0.18; 0.22)	0.24 (0.23;0.25)
	(λ 1 )				
	Mean sojourn time (1/λ 2 )	3.80 (3.38;4.28)	5.54 (4.95;6.20)	5.31 (4.41;6.41)	4.78 (4.44;5.16)
	Hazard ratio by BI-RADS				
	levels to transition rate				
	Transition from no detectable				
	to preclinical (λ 1 )				
	Level 2 vs. Level 1	0.93 (0.72;1.20)	1.06 (0.89;1.25)	0.94 (0.73;1.20)	1.04 (0.92;1.18)
	Level 3 vs. Level 1	1.08 (0.82;1.41)	1.10 (0.91;1.33)	0.97 (0.72;1.31) 1.17 (1.02;1.34)
	Level 4 vs. Level 1	1.09 (0.69;1.73)	0.90 (0.49; 1.67)	-	1.28 (0.91;1.78)
	Transition from preclinical to				
	clinical (λ 2 )				
	Level 2 vs. Level 1	1.62 (0.95;2.77)	1.76 (1.16;2.68) 1.92 (1.00;3.65) 1.78 (1.33;2.38)
	Level 3 vs. Level 1	2.32 (1.34;4.01) 1.82 (1.15;2.89) 1.98 (0.94;4.13) 2.20 (1.61;3.01)
	Level 4 vs. Level 1	3.08 (1.41;6.75) 2.81 (0.79;10.00)	-	3.77 (2.09;6.78)
	Mean sojourn time by BI-				
	RADS levels				
	Level 1	6.72 (4.03;11.18)	9.28 (6.23;13.81) 9.40 (5.12;17.26) 8.48 (6.41;11.20)
	Level 2	4.14 (3.54;4.83)	5.26 (4.60;6.02)	4.91 (3.94;6.12)	4.77 (4.35;5.23)
	Level 3	2.90 (2.37;3.53)	5.09 (4.04;6.41)	4.77 (3.13;7.25)	3.85 (3.35;4.43)
	Level 4	2.18 (1.20;3.95)	3.30 (0.99;11.02)	-	2.25 (1.34;3.78)

Table 7 :

 7 Parameters of continuous tumor growth model used for lead time correction, N = 3289. The parameters are quite similar to those used by Abrahamsson et al. and are realistic [8]. The probability distribution of "r" (see appendix 6) follows a similar shape to that reported in Isheden & Humphreys and Abrahamsson et al. [8, 31]. A notable disparity emerges in the parameter β 2 related to breast density within the logistic function of the screening sensitivity (see appendix 8).

	Parameters Estimated Abrahamsson et al.
	τ 1	1.959	2.36
	τ 2	2.890	3
	η	exp(-9.553)	exp(-8.75)
	β 0	-3.914	-4.75
	β 1	0.481	0.56
	β 2	-0.559	-1.95

  two different correction methods identified in the literature, byDuffy et al. and Abrahamsson et al., were successfully applied to the data from the general cancer Registry of Gironde. Both methods are applicable to cancer databases and allow for the correction of lead time bias. These methods were estimated on a subset of the registry, depending on the assumptions inherent to each model. The estimated parameters are realistic with the two approaches, with some minor differences compared to the literature, probably due to different populations and screening programs.Markov models can be used with or without in situ tumors, and missing values for tumor size at diagnosis are not an issue. A homogeneous model can be fit without changes in time delay from the first observation or age estimates, requiring only screening and diagnosis dates. The available softwares such as the msm R package which is the most commonly used, are quite user-friendly and allows the addition of parameters without manual modifications of likelihoods.

The correction by Duffy et al. is stronger, possibly even too strong, compared to the one of Abrahamsson et al., which is more comprehensive in estimating lead time. Applying either of these corrections during survival analysis is of crucial importance for estimating the effectiveness of screening. It is necessary to keep in mind that both methods have their assumptions, strengths, and limitations.

The multi-state approach is much simpler to understand, interpret, and use than the continuous tumor growth approach. Furthermore, Duffy's method is more flexible regarding the data used:

  Another main drawback of this model is that estimations depend on the weight of the number of observations in states 2 and 3. Let us emphasize that in the Markov model, patients cannot be sequentially observed in states 2 and 3. As a result, observations in state 3 carry greater significance in estimating the transition rate λ 2 and the duration of stay in state 2. The proportion of patients diagnosed based on symptoms plays a main role in parameter estimation. Choi et al.'s analysis reveals a proportion of nearly one-third of patients detected through symptoms used in Markov model estimations[START_REF] Choi | Estimating Age-Specific Mean Sojourn Time of Breast Cancer and Sensitivity of Mammographic Screening by Breast Density among Korean Women[END_REF]. Comparatively, the proportion of symptomatically detected patients contributing to models' likelihood is nearly 25% in our sample. Note that this proportion is inversely correlated with participation in the screening program and its sensitivity. Markov models estimations on sojourn time are therefore dependent between countries, the difference is not drastic but should impact estimations on the sojourn time in the preclinical phase with months or maybe years apart.The correction distribution is estimated based on the general population of a sample and is not individualized for each patient. This means that the time subtracted from women of the same age or breast density depends only on the time since diagnosis because the estimation is based on the preclinical phase sojourn time, regardless of whether the screening occurred early or late in the phase.

The misclassification probability used by authors to estimate screening sensitivity did not work for us

[START_REF] Choi | Estimating Age-Specific Mean Sojourn Time of Breast Cancer and Sensitivity of Mammographic Screening by Breast Density among Korean Women[END_REF][START_REF] Bhatt | A multistate survival model of the natural history of cancer using data from screened and unscreened population[END_REF]

. It did not lead to convergence in homogeneous models and exhibited in sojourn times in approximately fifteen years in non-homogeneous models, with screening sensitivities of 30%. From our perspective, its definition conflicts with the definition of the preclinical phase. If a tumor is detectable, why was it not detected? Furthermore, Bhatt et al. use a model on clinical trial data where a majority of patients do not have cancer and are continuously observed in state 1

  first correction method, proposed by Duffy et al., employs a multi-state Markov model to estimate the duration of the preclinical phase, which refers to the time during which cancer is detectable with screening before symptoms appear. An enhanced version of the original model has been utilized, incorporating adjustments on breast density. The results indicate that the duration of the preclinical phase is reduced for higher breast density. The lead time bias correction resulting from this model is simple to apply but probably overcorrect. The second approach, developed by Abrahamsson et al., is based on a continuous tumor growth model. This model allows the estimation of symptomatic detection time given an estimated growth rate from tumor size at diagnosis and screening sensitivity at previous screenings. The correction provided by this method is more personalized, leading to enhanced accuracy but is overcomplicated. These two approaches are completely divergent in their estimations, but share a similar application process preceding survival analysis. However, they cannot be employed without questionable assumptions.Le dépistage par mammographie joue un rôle crucial dans la détection et le diagnostic du cancer du sein, permettant des traitements précoces et améliorant les taux de survie. L'évaluation de l'efficacité du dépistage implique de comparer la survie des patients diagnostiqués par dépistage avec ceux diagnostiqués après l'apparition des symptômes. Cependant, cette comparaison est sujette à des biais conduisant à surestimer les bénéfices du dépistage sur la survie. Le biais d'avance au diagnostic se produit car le dépistage permet un diagnostic précoce du cancer du sein. Il implique une plus longue survie observée, même en l'absence d'amélioration de la date de décès. Afin de remédier à ce biais, deux méthodes couramment utilisées ont été identifiées et appliquées aux données de cancer du sein du Registre général des cancers de Gironde pour une analyse comparative. La première méthode de correction, proposée par Duffy et al., utilise un modèle de Markov multi-états pour estimer la durée de la phase préclinique, qui correspond à la période pendant laquelle le cancer est détectable par dépistage avant l'apparition des symptômes. Une version améliorée du modèle d'origine a été utilisée, incorporant des ajustements sur la densité mammaire. Les résultats indiquent que la durée de la phase préclinique est réduite pour une densité mammaire plus élevée. La correction du biais d'avance au diagnostic résultant de ce modèle est simple à appliquer, mais est probablement excessive. La deuxième approche, développée par Abrahamsson et al., est basée sur un modèle de croissance tumorale continue. Ce modèle permet d'estimer la date de détection symptomatique en fonction d'un taux de croissance estimé à partir de la taille de la tumeur au moment du diagnostic et de la sensibilité au dépistage. La correction fournie par cette méthode est plus personnalisée, conduisant à une précision accrue, mais est plus compliquée. Ces deux approches sont totalement divergentes dans leurs estimations, mais partagent un processus d'application similaire précédant l'analyse de survie. Quand bien même, elles ne peuvent être utilisées sans hypothèses fortes.

Keywords: breast cancer; screening; lead time; survival; bias correction.

Résumé

n Mots-clés: cancer du sein; dépistage; biais d'avance; survie; correction de biais.

Continuous tumor growth model approach

A total of 3289 women contributed to the optimization of likelihood and parameter estimation.

A problem was encountered with the proportionality relationship (14) derived from theorem 1 of

Isheden & Humphreys [START_REF] Isheden | Modelling breast cancer tumour growth for a stable disease population[END_REF], resulting in probabilities greater than 1. Our temporary solution was to prevent the probabilities from exceeding 1 in order to avoid extreme minimization of η in the denominator and the resulting infinite positive probabilities. After convergence, the estimated parameters are the following: 9.7 Appendix 7: example of some interpretations of the tumor growth function