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S1 Literature search string
The literature search for Medline and Embase databases was conducted using the following syntax:
1. “Costs and Cost Analysis”/
2. cost.ab,ti.
3. "Cost-Benefit Analysis"/
4. economic evaluation.ab,ti.
5. (benefit* and harm*).ab,ti.
6. 1 or 2 or 3 or 4 or 5
7. Mass Screening/
8. “Early Detection of Cancer”/
9. “screen*”.ab,ti.
10. 7 or 8 or 9
11. Breast Neoplasm/
12. breast cancer.ti.
13. mamma* carc*.ti.
14. Mammography/
15. Mammography.ti.
16. “ultraso*”.ti.
17. Ultrasonography,Mammary/
18. Magnetic Resonance Imaging/
19. MRI.ti.
20. “magnetic resonance imag*”.ti.
21. 11 or 12 or 13 or 14 or 15 or 16 or 17 or 18 or 19 or 20
22. Individualized Medicine/
23. “individual*ed”.ab.ti.
24. risk.ab,ti.
25. “personali*ed”.ab,ti.
26. “stratif*.ab,ti.
27. “target*”.ab,ti.
28. 22 or 23 or 24 or 25 or 26 or 27
29. 6 and 10 and 21 and 28
The literature search for Econlit used the following search syntax:
1. AB cost OR TI cost
2. AB economic evaluation OR TI economic evaluation
3. AB benefit* and harm* OR TI benefit* and harm*scr
4. 1 OR 2 or 3
5. AB screen* OR TI screen*
6. TI mamma cancer or breast cancer
7. TI mammography
8. TI ultrasonography or ultrasound
9. TI magnetic resonance imaging or mri
10. 6 or 7 or 8 or 9
11. AB risk OR TI risk
12. AB individuali*ed or TI individuali*ed
13. AB personali*ed or TI personali*ed
14. AB stratif* or TI stratif*
15. AB target* or TI target*
16. 11 or 12 or 13 or 14 or 15
17. 4 AND 5 AND 10 AND 16
The search syntax for the CRD database, which utilised DARE, NHS EED and HTA databases, was the following:
1. (cost)
2. (economic evaluation)
3. (benefit* and harm*)
4. 1 or 2 or 3
5. (screen*)
6. (breast cancer)
7. (mammography)
8. (ultraso*)
9. (magnetic resonance imag*)
10. (mri)
11. 6 or 7 or 8 or 9 or 10
12. (personali*ed)
13. (stratif*)
14. (risk)
15. (target*)
16. 12 or 13 or 14 or 15
17. 4 AND 5 AND 11 AND 16
Study selection was conducted by two independent reviewers. Both reviewers followed the selection process as described and applied inclusion and exclusion criteria. Differences in results were solved in consensus. 
S2 Literature appraisal
For the analysis of the parameter selection, data and uncertainty handling, a combination of criteria lists was used [1-5] as suggested by Bennett and Manuel [6]. Compared to the complete list in Bennett and Manuel [6], the criteria were reduced in some items in order to avoid repetition and to focus the analysis on the cost rather than the outcome dimension. In addition to the general quality criteria for health economic evaluation and modelling in Bennett and Manuel [6], the criteria list here was supplemented by methodological challenges specific to the context of personalized medicine. Annemans et al. [7] formulated ten methodological issues in the assessment of personalized medicine. From these ten issues, those relevant to this specific context were used and translated into the criteria relevant for the economic context of personalized screening. The following section describes the methodological issues and the translation into criteria for the assessment of personalized screening:
Importance of defining the scope / research question of the economic evaluation
Annemans et al. [7] describe the problem of defining a technology in focus in a situation where the technology consists of a combination of diagnostic and treatment. In personalized medicine, targeted treatment requires the use of specific diagnostics. Evaluating only the treatment without incorporating the diagnostic produces incomplete research results. For personalized screening, the situation is similar only that the focus is not primarily on the treatment decision but on the screening technology. The choice of the right detection technology requires specific risk assessments and vice versa. Thus it is important for economic evaluation of personalized screening technology to include the costs and positive and negative predictive values of the risk assessment which allows personalization. On the other hand, it is equally important for economic evaluations of risk assessment techniques to include cost and predictive value of the screening technology, which utilizes the new risk assessment. The question used in the review was: Is the strategy in focus described as a combination of risk assessment and screening technology?
Sensitivity, specificity, false negatives and false positives, and predictive value need to be considered explicitly
Annemans et al. [7] recommend incorporating important input parameters, such as test sensitivity and specificity into decision analytical models. Additionally, the predictive value of a test is influenced by the prevalence of the test’s predicted risk. If the prevalence of a specific risk factor is very low, the predictive value of a test is low as well. For genetic testing such as testing for BRCA1/2 mutation carriers, the models for predicting mutation carriers as well as the mutation detection techniques carry the probability of error [8, 9]. These clinical and epidemiological input parameters are major determinants of the actual cost saving potential of a screening strategy and should be incorporated into the simulation model. The question used in the review was: Are all key input parameters incorporated into risk assessment and screening technology?
Test characteristics should be translated into clinical utility
Annemans et al. [7] write that economic evaluation of new tests, such as genetic tests in breast cancer, are only relevant for patients if the genetic mutation in focus is related to targeted therapies promising better health outcomes. Testing only for the sake of collecting information does not provide clinical utility. Thus the development of new tests is often initiated or accompanied by the development new treatment options. This co-development needs to be addressed in the economic assessment and used in the evaluation of the test. In the case of personalized screening this relates to the question if risk factors are directly connected to different screening regimes. Better risk assessment has to be followed by a different choice in the screening regime which has to provide the possibility of earlier detection and better treatment options. In personalized screening, the translation into clinical utility needs changes in behaviour and decision in all four phases as described by Onega et al. [10]. This needs to be addressed in the economic model and accounted for. The question used in the review was: Is the clinical utility mentioned and reasonably explained?
A combination of tests creates a more complex model and analysis
Annemans et al. [7] state that in cases where several tests are combined, the decision analytical model has to accommodate the individual key input parameters and the sequence of testing. When such combinations were used, the decision analytical model has to grow in complexity. For the analysis of personalized screening this was especially important when several risk factors are combined. One solution to this issue is to use combined input parameters. If combined parameters are not available, the combination of individual input parameters has to be verified from other sources, such as expert interviews. The question used in the review was: Are combined tests or risk assessment based on valid input parameters?
A more complex analysis usually results in greater uncertainty
Annemans et al. [7] describe that in such cases where complex models are used, uncertainty needs to be addressed in a more detailed manner than in less complex models. Probabilistic sensitivity analysis might not be sufficient to represent the uncertainty. That is why probabilistic sensitivity analysis should be supported by analysis of structural uncertainty and scenario analysis. The question in the review was: Is the model complexity addressed in the analysis of uncertainty and accounted for?
The criteria checklist in Table S2 uses yes/no questions to assess the quality of the article in focus. While many questions are self-explanatory in what is a “yes” and what is a “no”, there are some more subjective questions that require further explanation how the decision between “yes” and “no” is made. 
[bookmark: _Toc430348191]Table S2: Study appraisal checklist
	Item
	Question
	Source

	Decision problem
	Is the objective of the evaluation specified and consistent with the stated decision problem?
	[1, 5]

	Scope / Perspective
	Is the perspective of the model clearly stated?
	[1, 3, 5]

	
	Are the model inputs consistent with the stated perspective?
	[1, 2]

	
	Has the scope of the model been stated and justified?
	[1, 4]

	
	Is the strategy in focus described as a combination of risk assessment and screening technology?
	[7]

	Structural assumptions
	Are the structural assumptions reasonable given the overall objective, perspective and scope of the model?
	[1]

	
	Is the clinical utility mentioned and reasonably explained?
	[7]

	Strategies / Comparators
	Is there a clear definition of the options under evaluation?
	[1, 3, 5]

	
	Have all feasible and practical options been evaluated?
	[1]

	Model type
	Is the chosen model type appropriate given the decision problem and specified causal relationship within the model?
	[1, 4, 5]

	Time horizon
	Is the time horizon of the model sufficient to reflect all important differences between options?
	[1, 3, 5]

	Disease states / pathways
	Do the disease states or the pathways reflect the underlying biological process of the disease in question and the impact of the intervention?
	[1, 3, 5]

	Parsimony
	Is there indication that the structure of the model is as simple as possible and that any simplifications are justified?
	[3]

	Data identification
	Are the data identification methods transparent and appropriate given the objectives of the model?
	[1, 3, 5]

	
	Are results reported in a way that allows the assessment of the appropriateness of each parameter input and assumption in the target settings?
	[2]

	
	Where choices have been made between data sources, are these justified appropriately?
	[1, 2, 4]

	
	Where data from different sources are pooled, is this done in a way that the uncertainty relating to their precision and possible heterogeneity is adequately reflected?
	[2]

	
	Are the data used to populate the model relevant to the target audiences and settings?
	[2]

	
	Has particular attention been paid to identifying data for the important parameters in the model?
	[1]

	
	Are all key input parameters incorporated into risk assessment and screening technology?
	[7]

	
	Are combined tests or risk assessment based on valid input parameters?
	[7]

	
	Has the quality of the data been assessed appropriately?
	[1, 4]

	Data modelling
	Is the data modelling methodology based on justifiable statistical and epidemiological techniques?
	[1, 3]

	Baseline data
	Is the choice of baseline data described and justified?
	[1]

	
	Are transition probabilities calculated appropriately?
	[1, 3, 5]

	Treatment effects
	If relative treatment effects have been derived from trial data, have they been synthesized using appropriate techniques?
	[1, 3]

	
	Have the methods and assumptions used to extrapolate short-term results to final outcomes been documented and justified? Have alternative assumptions been explored through sensitivity analysis?
	[1, 3, 5]

	Risk factors
	Has evidence supporting the modelling of risk factors as having an additive or multiplicative effect on baseline probabilities or rates of disease incidence or mortality been presented?
	[3]

	Data incorporation
	Have all data incorporated into been described and referenced in sufficient detail?
	[1, 3, 5]

	
	If data have been incorporated as distributions, has the choice of distribution for each parameter been described and justified?
	[1, 3]

	
	If data have been incorporated as distributions, is it clear that second order uncertainty is reflected?
	[1, 3]

	Methodological uncertainty
	Have methodological uncertainties been addressed by running alternative version of the model with different methodological assumptions?
	[1]

	Structural uncertainty
	Is there evidence that structural uncertainties have been addressed via sensitivity analysis?
	[1, 3]

	
	Is the model complexity addressed in the analysis of uncertainty and accounted for?
	[7]

	Heterogeneity
	Has heterogeneity been dealt with by running the model separately for different subgroups
	[1, 3]

	Parameter uncertainty
	Are the methods of assessment of parameter uncertainty appropriate?
	[1-5]

	Internal consistency
	Is there evidence that the mathematical logic of the model been tested thoroughly before use?
	[1, 3]

	External consistency
	Are any counterintuitive results from the model explained and justified?
	[1, 3, 5]

	
	If the model has been calibrated against independent data, have any differences been explained and justified?
	[1]

	
	Have the results of the model been compared with those of previous models and any differences in results explained?
	[1, 3-5]

	Predictive Validity
	Was the validity of the model tested?
	[2, 4, 5]


The criteria checklist in Table S2 uses yes/no questions to assess the quality of the article in focus. While many questions are self-explanatory in what is a “yes” and what would be a “no”, there are some more subjective questions that require further explanation how the decision between “yes” and “no” is made. As a rule of thumb, questions using adjectives as “sufficient”, “appropriate, “reasonable” or “adequate” are explained in the following section:
Have all feasible and practical options been evaluated?
Studies suggesting new screening strategy require to accommodate variations of the initial strategy suggestion in order to illustrate if results are robust if the screening strategy is still a valid alternative if for example screening intervals are changed slightly, start or cessation ages are changed. While it is not required to include all possible alterations, at least some changes to the core strategy should be allowed to allow the assessment if there are core elements of the strategy which are absolutely essential for it to work. If there are not alternatives and also not explanation why the suggested strategies are without alternative this criteria is not fulfilled. 
Are the structural assumptions reasonable given the overall objective, perspective and scope of the model?
For studies evaluating personalized approaches of breast cancer screening, this question can easily be assessed when looking at the framework provided by Onega et al. [10]. One possible shortfall would be to exclude costs of genetic testing or other forms of risk assessment, while evaluating personalized strategies using this information in comparison with strategies not utilizing the information. Another shortfall deriving from the study design would be to use a societal perspective without considering the costs for patients undergoing cancer screening. This question basically checks for inconsistency in the study design and the research question and is answered with “yes” if none are found.
Is the chosen model type appropriate given the decision problem and specified causal relationship within the model?
In economic evaluations, the choice of model type is basically between decision trees, Markov chain models and discrete event simulations (DES). While decision trees are the simplest model type of those three, they are usually only used for rather uncomplicated evaluations. When the situation is more complicated, because the risk of disease or infection is continuously increasing over a long time or there is a risk of repeated illness, decision trees are inappropriate [11]. The choice between Markov models and DES is not as straightforward since both modelling techniques have a very different approach of simulating. While Markov models use specific time periods to allow transitioning from one health state to the other, DES simulate a continuous flow of time and only allow transitioning to an event, when a specific threshold of risk has been accumulated. In general, DES is more flexible but also requires more specific input parameters that might be difficult to obtain [11, 12]. For the case of personalized breast cancer screening, both model types can be appropriate tools. 
Is the time horizon of the model sufficient to reflect all important differences between options?
Breast cancer screening programs usually recommend a screening cessation age between 70 years, for example in Germany [13] or UK [14], and 75 years, in USA [15] or the Netherlands [16]. The cessation age is usually connected to the peak in breast cancer incidence, which is between 65 and 75 years [17, 18]. The fact that screening cessation and the peak of breast cancer incidence are very close together suggests however, that there is a substantial number of women developing breast cancer even after 75 years. Decision analytical models thus should include all age until death of the patient. Accordingly, models with lifetime horizons reflect all important differences, while models with a horizon of only 80 years do not necessarily reflect late breast cancer incidence. 
Where data from different sources are pooled, is this done in a way that the uncertainty relating to their precision and possible heterogeneity is adequately reflected?
In many cases where more than one data source is used to identify cost parameters, it remains unclear if all sources stated exactly the same value. Heterogeneity between data sources could simply be assessed by data triangulation or at least be reflected in a sensitivity analysis. If parameters were pooled and heterogeneity has not been assessed and has also not been addressed in the sensitivity analysis, the question here is answered with “no”. 
Has the quality of the data been assessed appropriately?
Following Kopec at al. [4], the assessment of quality of data is dependent on the type of source. If parameters are based on literature, the quality of the literature needs to be assessed and the transferability of the result to context at hand needs to be assessed. Ideally meta-analyses are used, but high quality individual papers can also provide high quality data. Discrepancies with other sources should be identified and explained.  When data is used from analysis of secondary sources, such as the SEER [19] database, quality assessment should follow the same standards as if it was from literature. If data is derived from expert elicitation interviews, quality can be assessed by data triangulation where data is compared with alternative sources or by independent experts. There are various methods to control assess the quality, in many cases the focus is on assessing the plausibility by comparing with other sources. If there is evidence that such a check for plausibility has been done, the question is answered with “yes”.
Is the data modelling methodology based on justifiable statistical and epidemiological techniques?
As Weinstein et al. [3] point out, data generation in decision analytical models should follow standards in other fields. In the best case, every parameter would be based on qualitative and quantitative assessment as is the case in meta-analyses. In many cases, meta-analyses are not available, but heterogeneity should still be assessed and accounted for. This is especially important for the calculation of transition probabilities. When transition probabilities are based on simple mean calculations without considering heterogeneity in subgroups or when uncertainty of the mean calculation is not accounted for, this criterion is not fulfilled.
Are the methods of assessment of parameter uncertainty appropriate?
Parameter uncertainty can be assessed deterministically by changing the point estimate to a specific value or probabilistically by drawing random numbers from previously defined distributions. Ideally deterministic sensitivity analyses do not focus on only one variable, but recognize that the variation of one variable is not independent of other variables. If such scenarios of interdependent variables are recognized, scenario analysis can be used to assess the robustness of result when the context of the study changes. In cases were uncertainty cannot be limited to such changes in the scenario, probabilistic sensitivity analysis (PSA) should be used to draw random scenarios and reflect uncertainty in many variables at once. If such a deterministic scenario analysis or PSA was used, the question is answered with “yes, if only deterministic univariate variation was allowed, so called one-way sensitivity, the answer is “no”.
[bookmark: _Toc430348181]S3 Model Structure
Decision analytical modelling can be very diverse and can take many shapes and forms. Brennan et al. [20] describe a detailed taxonomy for the types of models used in health economic evaluations. They basically differentiate between cohort and patient-level simulation, between discrete and continuous time models and between models having Markovian features and models remembering the transition path for the projection of future events. In the case of personalized breast cancer screening, the decision analytical models are very diverse as Table 3 suggests, but they can be categorized into one of four groups. 
Model types
1) They can be of decision tree type, meaning they simulate cohorts of patients with a set of shared characteristics by using age-independent (untimed) transition probabilities. Brennan et al. [20] identify patient-level decision trees, where each patient is simulated with a specific probability of events occurring. 
2) They can be cohort-level Markov models with a deterministic or stochastic approach to transition probabilities. The latter is often integrated with Monte Carlo simulations to introduce randomness into the transition calculation.. A Brennan, SE Chick and R Davies [20] additionally differentiate between cohort models allowing interactions and cohort models not allowing interactions. Interactions are often used when infectious diseases at focus and transition probabilities are non-independent. In the case of breast cancer screening, interactions are not commonly included and also do not appear among the studies here. 
3) They can be patient-level Markov models. These kinds of models do not simulate complete cohorts, but use the individual patient as the modelling agent. They usually use Micro-Monte-Carlo simulations to generate variance in patient characteristics. Brennan et al. [20] differentiate between discrete and continuous time Markov models, whereas the latter do not use cycles of specific length but calculate the time to the next event. All these Markov models have in common that they do not allow interactions between events or individuals. There are however alternatives allowing interactions, while maintaining the Markov assumptions. One example is a discrete-time individual event history model [20]. 
4) Patient-level models do not necessarily need to be of Markovian type. There are models without Markovian features, most of them can be described as DES. DES-type models benefit from allowing the modelling of interaction without being restricted by the Markovian assumptions. Other than the assumption of predicting future events independently of past events, Brennan et al. [20] also highlight that DES allow using of non-Markovian distributions in stochastic models and thus are more flexible. Similar to Markov-type patient-level models, DES can use discrete and continuous time. The only difference is that DES are by nature continuous and reduce complexity to allow discrete time steps, while Markov models are by nature discrete and approximate continuous time by reducing the cycle length. 
[bookmark: _Toc430348193]Table 1: Model types after Brennan et al. [20]
	Cluster
	Study
	Cohort-level models
	Patient-level models

	
	
	Decision tree
	Markovian
	Markovian
	DES

	Cluster 1: Screening in general population
	[21]
	
	
	Simulated patient-level, discrete time
	

	
	[22]
	Variety of models

	
	[23]
	Variety of models

	
	[24]
	Variety of models

	
	[25]
	
	
	
	Non-Markovian discrete event, discrete time

	
	[26]
	
	
	Discrete-time individual event history
	

	Cluster 2: Screening
in high risk population

	[27]
	
	
	Simulated patient-level, discrete time
	

	
	[28]
	
	Simulated cohort-level, deterministic
	
	

	
	[29]
	
	
	Simulated patient-level, discrete time
	

	
	[30]
	
	Simulated cohort-level, deterministic
	
	

	
	[31]
	
	Simulated cohort-level, deterministic
	
	

	
	[32]
	
	Simulated cohort-level, deterministic
	
	

	
	[33]
	
	
	
	

	
	[34]
	
	
	Simulated patient-level, continuous time
	

	
	[35]
	Decision tree
	
	
	

	Cluster 3: Screening after risk assessment
	[36]
	
	
	
	Non-Markovian discrete event, continuous time

	
	[37]
	Decision tree
	
	
	

	
	[38]
	
	Simulated cohort-level, deterministic
	
	



Modelling of tumor progression
An additional aspect of differentiation in economic modelling is the modelling of the tumor progression. Tumor progression can be described using a very simple staging; for example the progression from healthy, cancer-free women to women with a palpable mass in the breast followed by the progression to death by breast cancer. In those simple staging models, variations in tumor progression, like cases of non-progression cannot be modelled explicitly. 
Many studies use summary stages to allow more variation in tumor progression. The staging most often refers to the location of the tumor, like the summary staging of the Surveillance, Epidemiology, and End Result Program (SEER) which uses four stages: In situ, localized, regional, distant [39]. In situ describes the “dormant” cancer or non-invasive tumors. Since the introduction of mammography screening, the rate of identified in situ cancers has increased dramatically. One explanation is screening often identifies dense tissue as an in situ carcinoma, which in reality is rather a lesion. Because of this misidentification, some economic models do not use these in situ carcinoma as pre-invasive cancers, which given enough time would become invasive, but rather as tissue which may or may not develop into invasive cancers. In order to reflect this uncertainty, these screening-detected in situ carcinoma are often treated as risk factors for invasive cancers rather than pre-invasive forms [21].  
Once the cell wall has been breached, the tumor progresses from non-invasive to invasive and is then called a local or localized cancer in the first phase. If the tumor progresses further and extends beyond the original organ, for example when cancer cells can be found in the lymph nodes, the tumor is called regional. If the tumor spreads further, and metastases to secondary tumors in other parts of the body, the tumor is called distant [39].
Some studies also use more detailed radiographic staging systems, like the American Joint Committee on Cancer (AJCC) staging system [40]. These staging systems provide both summary stages, from stage 0 to stage 4, as well as detailed information of tumor characteristics. These characteristics are based on the tumor-node-metastasis (TNM) categories. This system measures the primary tumor size on a scale from T0 to T4, the number of affected lymph nodes from N0 to N3 and the existence or non-existence of metastases, M0 or M1. Combinations of the TNM stages are summarized into cancer stages from stage 0 for in situ cancers or TisN0M0 to stage 4 for metastatic cancers TanyNanyM1. One study use the TNM description [31], while most only use the summary stages of the AJCC system.
S4 Prices of screening technologies
[bookmark: _Toc435442052]Overall, the cost variation in the routine screening is very low. The variation of the base case cost thus cannot be explained by the price alone. The price variation naturally is only one side of the calculation, since the frequency of screening as well as start and cessation ages need to be addressed. For the calculation in Table 3, the cost of screening is calculated by multiplying the price of the corresponding screening technology with the proposed screening frequency over the screening life span. The individual screening prices are displayed in Table S4. If authors did not provide a specific cessation age, but stated lifelong screening, cessation age of 80 years was assumed for the calculation. Diagnostic work up is presented as prices per procedure. 
Table S4: Price of screening technology in 2014 USD
	Cluster
	Study
	Study country
	Price of Screening Technology in 2014 USD

	
	
	
	SFM
	DM
	MRI
	CBE
	US

	Screening in general population
	[21]
	USA
	$98
	
	
	
	

	
	[22]
	USA
	$79
	$136
	
	
	

	
	[23]
	USA
	
	$136
	
	
	$98

	
	[24]
	USA
	
	$138
	
	
	

	
	[25]
	USA
	$71
	$112
	
	
	

	
	[26]
	Spain
	$52
	
	
	
	

	Screening in high risk population

	[27]
	USA
	
	$138
	$706
	$37
	

	
	[28]
	USA
	
	$133
	$570
	
	

	
	[41]
	UK
	$39
	
	$259
	
	$56

	
	[29]
	USA
	$72
	
	$506
	
	

	
	[31]
	USA
	$42
	
	$822
	
	

	
	[32]
	Canada
	$69
	
	$201
	
	

	
	[33]
	Canada
	$44
	
	
	
	

	
	[34]
	USA
	$71
	
	$856
	
	

	
	[35]
	USA
	$71
	
	$856
	
	

	Screening after 
risk assessment

	[36]
	USA
	$79
	
	$695
	$164
	

	
	[37]
	UK
	$52
	
	$318
	
	

	
	[38]
	USA
	
	
	
	
	



S5 Utility base case parameters
The utility structure has shown how diverse the studies are, but there are similarities within the three clusters where utility weights are used to decrement quality of life. In order to analyse how these decrements, influence the overall quality of life, Figure 4 compares the base line utility for health individuals without breast cancer and at perfect health, for the purpose of these evaluations. These individuals might actually have other diseases or problems, but they do not have any breast cancer-related issues. The economic evaluations using quality-adjusted life years (QALY) handle this question if they are really at perfect health or they have other age-related health detriments by assigning them a utility weight of one or by using an age-specific utility weight that decreases with age. Figure 4 shows the utility weights by age and illustrates that seven studies assume their populations to stay at perfect health until death if they do not encounter breast cancer-related health problems. Eight studies assume that perfect health actually decreases over age due to age-related health problems that are not breast cancer. It has to be noted that even among those eight studies, there are different weights assigned to old age. These eight studies use QALY weights from four different sources. Two studies [34, 35] use a QALY tariff [42] based on time-trade-off assessment of women with and without chronic conditions. These tariffs are higher than all the other tariffs. Two studies [21, 26] use a Swedish tariff [43], which is based on an EQ-5D assessment. Three other studies [22, 23, 25] use a similar EQ-5D tariff, but from an assessment in a US population [44]. The lowest tariff, used by two studies [28, 29], is based on another EQ-5D tariff from an older assessment of the US population [45]. 
Figure 1: Age-specific utility weights in state “healthy”

S6 Sensitivity Analysis
Best practice for simulation models is to allow variation of important input parameters. Especially, when uncertainty about their true nature or future changes might be expected, sensitivity analyses are required to find out if a variation in the variable changes the model’s result. Table S7 gives an overview of the sensitivity analysis and their impact on the model’s result as analysed in the studies. 
Table S7: Sensitivity Analyses
	Cluster
	Study
	Risk assessment
	Detection (Screening)
	Diagnostic work up
	Treatment

	
	
	Cost
	Utility
	Cost
	Utility
	Cost
	Utility
	Cost
	Utility

	Screening in general population
	[21]
	
	
	
	
	
	
	
	

	
	[22]
	
	
	
	
	
	+
	
	

	
	[23]
	
	
	
	
	
	
	
	

	
	[24]
	
	
	
	
	
	
	
	

	
	[25]
	
	
	+
	
	
	
	
	

	
	[26]
	
	
	
	
	
	
	
	

	Screening in high risk population

	CH Ahern, YCT Shih, W Dong, G Parmigiani and Y Shen [27]
	
	
	
	
	
	
	
	

	
	[28]
	
	
	+
	
	
	
	
	

	
	[41]
	
	
	
	
	
	
	
	

	
	[29]
	
	
	
	
	
	
	
	

	
	[31]
	
	
	
	
	
	
	
	

	
	[32]
	
	
	+
	
	
	
	
	

	
	[33]
	
	
	+
	
	
	+
	
	

	
	[34]
	
	+
	+
	
	
	
	
	

	
	[35]
	
	
	+
	
	
	
	
	

	Screening after 
risk assessment

	[36]
	+
	
	+
	
	
	
	
	+

	
	[37]
	
	
	
	
	
	
	
	

	
	[38]
	
	
	
	
	
	
	
	

	 indicates that a sensitivity analysis was conducted.
+ indicates that the variable was identified to change the model’s result.
	


Schousboe et al. [21] performed univariate and probabilistic sensitivity analysis for changing prices of screening and treatment and also utility changes from cancer treatment. However, they compared only the variation in routine screening strategies. They did not report that their assessment is sensitivity to any special variation, but it remains unclear if personalization is robust to changes. The sensitivity of the routine screening was relatively high.
Stout et al. [22] used deterministic univariate sensitivity analyses and compared their results across the five models of the Cancer Intervention and Surveillance Modeling Network (CISNET) if digital screening would drop from $139.98 to $81.35. They also allowed small utility decrements from participation in screening in the sensitivity analysis. Three of the models were very sensitive to utility changes, leading to the personalized strategy to be dominated. Cost variation changed the results quantitatively, but not qualitatively.
Sprague et al. [23] performed univariate sensitivity analyses for the cost of ultrasonography and quality losses from screening and false positive results. They reported that results were robust for all variations in the three CISNET models [22-24].
Tosteson et al. [25] performed univariate sensitivity for a decrease in the price of digital mammography. They reported that results are sensitivity to price changes. With decreasing cost, the value of targeted strategies increases and cost-effectiveness also increased. However, the results only changed qualitatively if the price of digital mammography went down to the same value of analogy mammography. 
Vilaprinyo et al. [26] used univariate variations for changes in overdiagnosis, breast cancer treatment cost and disutility from false positive results. They stated that some strategies were not robust, but they did not specify which strategies. They found that changes in overdiagnosis and disutility changed the result only quantitatively, but not qualitatively.
Ahern et al. [27] changed the price of MRI in a univariate sensitivity analysis. Changes by 50% to 70% did not change the result qualitatively. However, when lifetime risk was increased by 50% and the price of magnetic resonance imaging (MRI) was reduced by 70%, the recommendation changed.  
Cott Chubiz et al. [28] used univariate and multivariate deterministic analyses for changes of screening cost, diagnostic work up cost and when small utility decrements from false positive results would be allowed. Variations in the cost of MRI changed the result. If MRI cost was at 50% of the base value, the alternation strategy could be recommended, otherwise not. Disutility from false positive screening, did not change the results. 
Lee et al. [29] varied cost of screening and diagnostic work up and disutility from diagnostic work up and breast cancer in univariate analyses. Especially MRI cost changes changed the recommendation towards annual combined screening strategies.  Quality of life changes did not influence the model’s qualitative result. 
Moore et al. [31] use univariate and probabilistic sensitivity analysis and change all cost and utility parameters. They reported that MRI could be recommended if the price dropped below $315. Variations in the other cost and utility parameter had only limited impact. The probabilistic analysis showed however, that MRI produced positive health effects in 56% of all cases with 22% producing ICERs above $100.000. Accordingly, they could not recommend the MRI strategy. 
Pataky, Armstrong et al. [32] used univariate and probabilistic sensitivity analyses. They varied all cost parameters and disutility from diagnostic work up and treatment. Only cost of MRI was found to change the result qualitatively. However, in the probabilistic analysis they found that robustness was only in 56% of all parameter combinations at a threshold of $50.000/QALY. At $100.000/QALY, results were robust in 85.6% of all cases. 
Pataky, Ismail et al. [33] also used univariate and probabilistic analyses. They varied all cost parameters and utility parameters for diagnostic work up and treatment. Univariate analyses showed that the cost of mammography screening can influence the result, but not cost variation of diagnostic work up or treatment. Disutility from diagnostic work up was found to change the result qualitatively. The probabilistic analysis showed that results are very sensitive disregarding the willingness-to-pay threshold. 
Plevritis et al. [34] used univariate and probabilistic analysis. They changed parameters for cost of screening and diagnostic work up. In addition, they also allowed utility changes from knowing to be BRCA positive, screening, diagnostic work up and treatment. Cost of MRI were found to change the result qualitatively, and also utility changes from knowing to be BRCA positive.  
Taneja et al. [35] used univariate sensitivity analyses for cost of MRI and breast cancer treatment. While MRI cost variation changed model results qualitatively, breast cancer treatment did not have qualitative impact. 
Folse et al. [36] varied cost of genetic testing, screening technologies, diagnostic tests and breast cancer treatment. They also allowed changed in breast cancer treatment disutility. They found that their result is sensitive to changes in the cost of the 7SNP test, MRI screening and breast cancer disutility. The other parameters were found to only change the result quantitatively. 
Manchanda et al. [37] used univariate and probabilistic sensitivity analyses for cost of genetic testing, diagnosis and treatment. They also allowed variation of breast cancer disabilities. Univariate analyses found that none of the parameters changes the result in a meaningful way and probabilistic analysis confirmed that the results are robust. 
Ozanne and Esserman [38] changed cost of risk assessment and treatment as well as disutility from breast cancer in univariate analyses. Thought they do not report many detail, they state that their results are robust.  
S7 Summary of consistency issues
Table 2: Summary of results for consistency issues
	Cluster
	Study
	Quality appraisal (> 30 pos answers)
	Phases of care issues
	Inconsistent data sources
	Issues with screening or diagnostic work up
	Issues with treatment

	Cluster 1: screening in general population
	[21]
	pos
	X
	
	
	X

	
	[22]
	neg
	
	
	
	

	
	[23]
	neg
	
	
	
	

	
	[24]
	neg
	
	
	
	

	
	[25]
	neg
	X
	
	X
	

	
	[26]
	pos
	X
	
	
	X

	Cluster 2: screening in high risk population

	[27]
	neg
	X
	
	X
	X

	
	[28]
	pos
	
	X
	
	X

	
	[29]
	pos
	
	X
	X
	X

	
	[31]
	neg
	
	
	X
	X

	
	[32]
	pos
	
	
	X
	

	
	[33]
	neg
	
	X
	
	

	
	[34]
	pos
	
	
	
	X

	
	[35]
	neg
	X
	
	X
	

	Cluster 3: screening after 
risk assessment

	[36]
	pos
	X
	
	X
	

	
	[37]
	neg
	X
	
	X
	X

	
	[38]
	neg
	X
	
	X
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