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Abstract (250 words)

Study objective: To identify the incremental costs and consequences of stratified national
breast screening programmes (stratified-NBSP) and key drivers of relative cost-
effectiveness.

Method: A decision-analytic model (discrete event simulation) was conceptualised to
represent four stratified-NBSP (risk-1; risk-2; masking; masking and risk-1) compared with
the current UK-NBSP and no screening. The model assumed a life-time horizon, the health
service perspective to identify costs (£; 2015) and measured consequences in Quality
Adjusted Life Years (QALYs). Multiple data sources were used including: systematic reviews
of effectiveness and utility data; published studies reporting resource use and costs; cohort
studies embedded in existing NBSP. Model parameter uncertainty was assessed using
Probabilistic Sensitivity Analysis (PSA) and one-way sensitivity analysis.

Results: The base case analysis, supported by PSA, suggested risk-stratified-NBSP (risk-1;
risk-2) were relatively cost-effective when compared with current UK-NBSP with incremental
cost-effectiveness ratios (ICERs) of £16,689 per QALY and £23,924 per QALY, respectively.
Stratified-NBSP including masking approaches (supplemental screening for women with
higher breast density) was not a cost-effective alternative with ICERs of £212,947 per QALY
(masking) and £75,254 per QALY (risk-1 and masking). When compared with no screening,
all stratified-NBSP could be considered cost-effective. Key drivers of cost-effectiveness were:
discount rate; natural history model parameters; mammographic sensitivity; and biopsy rates
for recalled cases. A key assumption was that the risk model used in the stratification
process was perfectly calibrated to the population.

Conclusion: This early model-based cost-effectiveness analysis provides indicative evidence
for decision-makers to understand the key drivers of costs and QALY's for exemplar
stratified-NBSP.




Introduction

National breast screening programmes (NBSPs) have emerged as important public health
interventions that aim to reduce deaths from breast cancer through early detection [1].
NBSPs in different jurisdictions differ in terms of the age at which screening is first offered to
women in the population (start of NBSP), the interval between screens (screening interval)
and the age at which screening is stopped. In the UK, the current NBSP is targeted at
women within the first three years of their 50th birthday until the age of 70 years with a three-
yearly screening interval [2]. In some areas of the UK, the age range has been extended to
women aged 47 to 49 years and 71 to 73 years as part of an age extension trial [3]. The
current UK-NBSP is a standard programme with the same screening modality
(mammography) offered at the same screening interval to all women regardless of their risk

of developing breast cancer.

A new concept called ‘stratified screening’ also known as personalised screening, is being
considered to replace the existing standard, or ‘one size fits all’ UK-NBSP, with the aim of
improving the predictive value of cancer detection and, therefore, the relative cost-
effectiveness of the programme[4]. Risks of breast cancer may vary across a wide range due
to familial risk, mammographic density and modifiable risk factors. The potential for improved
clinical and relative cost-effectiveness is achieved by modifying the screening protocol
depending on an individual’s characteristics such as breast cancer risk factors or the
performance of the screening modality for that individual. The introduction, or any
modification to, a NBSP has an opportunity cost. It is therefore important for decision makers
deciding how to allocate finite budgets for screening programmes to understand the added

value of any additions to or changes to a NBSP.

A substantial, but heterogeneous, economic evidence base has been developed to quantify
the potential added value of NBSP. A systematic review, conducted in 2014, identified 71
economic evaluations of relevance to breast screening in a general population of women, of
these, 52 were model-based evaluations [5]. There were three studies identified that
conducted model-based analyses of a stratified screening strategy. Two of these studies
were based in the USA [6,7] with no relevance to healthcare systems outside that setting.
One study was UK-based [8] but provided no detail on the study perspective, time horizon,
nature and source of model inputs or method of analysis, which meant it is not possible to
critique the relevance and quality of the results. Given the lack of an existing evidence base,

it was timely to design an early model-based cost effectiveness analysis (CEA) to identify the




potential impact of introducing stratified-NBSP in the UK-setting and key drivers of the

relative cost-effectiveness of different types of stratified-NBSPs.

Method

An early model-based CEA was developed to address the key criteria described in Table 1
and reported in line with published criteria [9]. The concept of an early model-based
economic evaluation is used in keeping with the definition offered by Annemans et al [10].
Using an early model-based economic evaluation is in keeping with the recommendation by
Sculpher et al [11] to use an iterative approach to developing economic evidence to inform

the introduction of new healthcare interventions.

<Table 1 here>

Interventions
Four potential approaches (hereafter (called: risk-1; risk-2; masking; masking and risk-1) to

stratified-NBSP (see Table 1) were developed as part of an European-wide collaborative
project called ASSURE (Adapting Breast Cancer Screening Strategy Using Personalised
Risk Estimation) [4].

Comparators
The identified relevant comparator was the current UK-NBSP (see Table 1). No screening

was also identified as a comparator of interest. A pragmatic approach was taken to define ‘no

screening’ (see Table 1).

Model conceptualisation and structure
A systematic review of economic evaluations of breast screening programmes identified no

relevant existing models that could be used without extensive modification [5]. A de novo
model structure was conceptualised, in line with published recommendations [12] and
developed with input from key clinical members in the ASSURE team (n=5) and external
experts (n=15). The conceptualisation process identified that the model required three
components to represent: the stratification approach; breast cancer natural history with
screening; and the diagnosis and treatment process following a cancer detected by
screening. A discrete event simulation model was used to represent these three
components. Supplementary Appendix 1 shows the model structures and descriptions in

detail. The model codes, created in R statistical package, are available on request.




Model input parameters
The input parameters, with key assumptions, are now described for each of the three model

components together with the values used for resource use costs and outcomes, quantified

using survival and quality-adjusted life years (QALYSs).

The stratification process

Performance input parameters were required for each screening modality: mammography;

mammography adjusted for masking; ultrasonography and magnetic resonance imaging.

Mammography

The sensitivity of mammography was defined as the conditional probability of a tumour being
detected at a mammography event given the size of tumour. This model took account of
latent cancers that exist at a screening round, which were not detected, and subsequently do
not present in the following interval. To obtain an estimate of screening sensitivity consistent
with the presence of latent cancers in the model the screening sensitivity as defined in
Weedon-Fekjaer et al [13] was used. Screening sensitivity was estimated jointly with the
natural history parameters to be consistent with the presence of latent cancers that were
simulated in this model. Sensitivity of mammography conditional on tumour size was

parameterised as shown in Equation 1:

exn(1552)

SO e

Equation 1

Table 2 reports the definitions for the parameters used in Equations 1 to 12.
<Table 2>

Mammography and adjustment for masking

Masking was defined as the case in which a cancer was present but not detected at
screening due to the view of the cancer being obscured in the images by other tissues [14].
In mammography, masking was expected to occur more frequently when there was high
breast density or if particular textural patterns of the breast tissue were present. To quantify
masking due to breast density it was necessary to rely on a comparison of screen-detected
and interval breast cancer rates within different density groups. From such a comparison it
was possible to estimate the sensitivity of screening mammography for each group by the
method of counting the screen-detected cancers as true positives and the interval cancers as

false negatives.




To calculate the Volpara Density Group (VDG) specific sensitivity

(Senypg; see Equation 2 and Table 2) of mammography for a tumour of a given size, the ratio
of the odds of a true positive result for that VDG compared with the population average odds
(ORyp¢; see Equation 3 and Table 2) was combined with the odds of true positive result
given tumour size alone. The resultant value for odds was then converted back to a
probability to give VDG-specific and tumour size-specific sensitivity. For simplicity, it was
assumed that the relative sensitivities (i.e. odds ratios) between VDGs were equal across all

tumour sizes.

ORypg = —chvpe/ (1= Senypa) Equation 2
vDhG Senaverage/(l_Senaverage)
Sen 1-Sen,)XOR .
SeNyypc = x/( x)XORv g Equation 3

1+(Senx/(1—Senx)><0RVDG)

Mammography recall rate (true positives and false positives)

The rate of recalls that result in biopsy (true positives) was taken from a previous economic
evaluation [15]. The recall rate, for women in whom no cancer is present (false positives),
was calculated by identifying the overall recall rate for the UK-NBSP from published
programme statistics 2011-2012 [16]. Around 20% of recalls were cited to be true positives,

which indicated the estimated recall rate, excluding true positives, was 3.2%.

Ultrasonography (US) and Magnetic Resonance Imaging (MRI)

Two supplemental screening modalities were relevant. Ultrasonography (US) supplemental
screening, delivered either using hand-hand equipment (HHUS) or automated equipment
(ABUS) was proposed for women with high breast density (VDG3 and VDG4). For women at
high risk that also have high breast density Magnetic Resonance Imaging (MRI) was used as

a supplemental screening technology.

It was necessary to assume that the only available published estimates of supplemental US
and MRI screening sensitivity and specificity in this group were approximately equal to those
for the relevant population (mammogram negative women of screening age).The estimate of
US screening performance was taken from a published systematic review and meta-analysis
[17]. This review only included studies in the ‘high risk’ population but was the only available
source that provided a quantitative synthesis of sensitivity and specificity for US. For MRI,
data from an ongoing trial in a high-risk population of women in this area, Vreeman et al
(personal communication), was used to inform the MRI screening performance parameters in

the model.




The same approach was taken to calculate the screening performance for US and MRI.
Reported cancer detection rates from each source were used to calculate the odds ratio for
detecting cancer with US, MRI and mammography compared with mammography alone. The
estimated odds ratio was assumed to be constant across tumour size. Equation 4 (see Table

2), shows the case for MRI:

OR _ c.d.r - mammo,MRr1/(1000—C.d."mammo,MRI)
MRI c.d." mammo/(1000—C.d-Tmammo)

Equation 4

The cancer detection rate with mammography and MRI reported by Vreemann et al was
12.14 per 1000, while the cancer detection rate for mammography alone in this group was
4.2 per 1000 [17]. The estimated odds ratio was 2.91, which was then applied to the tumour
size and breast density specific odds of a cancer being detected with mammography alone.
These odds can then be converted back to probabilities for use in the simulation of individual

screening events using the formula in equation 5 (see Table 2):

Senyypc/(1=Senyypc)*XORyMRI
1+(SenX_Vpg/(l—Senx‘VDG)XORMR,)

SeNy ype,mrI = Equation 5

US and MRI recall rate

The recall rate for US was 98 per 1000 exams and for MRI it was 41 per 1000 exams [17]. It
was assumed that the biopsy rate for recalls is the same as the current-NBSP, which was

informed by the opinion of three experts (radiologists) in the ASSURE project [4].

Breast cancer natural history with screening

Breast cancer natural history was represented using a continuous time and tumour size
growth model to allow variation in growth rates. The natural history of breast cancer was
defined by estimating the incidence of breast cancer with screening and the growth of

tumours once detected.

Breast cancer incidence

The occurrence of breast cancer for an individual was assumed equal to the life-time risk
score of that individual, estimated using the Tyrer-Cuzick algorithm [18]. This assumption
implies that the risk model used in the stratification process is perfectly calibrated to the
population. The age of breast cancer incidence (malignant neoplasm of breast (ICD-9: C50)

and carcinoma in-situ of breast (ICD-9: D05), conditional on life-time occurrence, was then




estimated for each individual based on Office of National Statistics (ONS) cancer registry

data [19](see Supplementary Appendix 2).

Breast cancer growth

A continuous time model was used to estimate the growth of tumours of the breast (see
Supplementary Appendix 3). Four candidate growth models ([13,20-22]) were identified from
a systematic review of economic evaluations of NBSP [5] . Each identified growth model
used a unique combination of parameters, which meant a formal quantitative synthesis was
not appropriate, and the natural history model published by Weedon-Fekjaer et al (2008) [13]
was judged to be the best available because of: the use of a continuous growth model; the
high quality of the reporting and the relatively close match in location (Europe) and time
period to the current UK setting. The natural history model parameterisation was described

by two steps. The parameter estimates are listed in Table 3.
<Table 3 here>
Step 1. Equations 6 (see Table 2) and Equation 7 (see Table 2) show the logistic tumour

growth function (Using tumour volume V mm?®, diameter s mm, time in years t and growth

rate k, and assuming a spherical shape as is in Weedon-Fekjaer et al):

V(t) = Vmax equation 6

0.25
1+ (M) —1 |e-0.25kt
Veell

Wk

s(t) =2 (V(t)/ (%n)) equation 7

Step 2. Equations 8 (see Table 2) and Equation 9 (see Table 2) show the extension to
individual growth rates (mixed model):

Vi(t) = - VT"“" equation 8

wlR

si(t) = 2 (Vi(t) / Gn)) equation 9




Diagnosis and treatment process
Following a screen detected cancer, the model captured the diagnostic and subsequent

treatment process. Three types of tumours for breast cancer were reflected in the model:

invasive; none or micro-invasive; advanced.

Invasive tumours

For invasive cancers, the Nottingham Prognostic Index (NPI), a commonly used and
validated classification system, was used to group the diagnosed tumours into three
prognostic groups [23,24]. A systematic review was used to identify reported survival for NPI-
defined sub-groups [see Appendix A4]. A meta-regression analysis showed there was
substantial heterogeneity between the studies that was driven by the date in which the data
were collected and a trend for improved survival over time, which implied it was more
appropriate to select the most recent data to inform the probability of NPl group membership
conditional on invasive tumour size category and survival for women diagnosed with breast
cancer (see Table 2). Allocation of invasive cancer cases to NPI categories used the
probability of NPl group membership conditional on tumour size category, as reported in
Kollias et al 1999 [25], which was the only study identified reporting the required cross-
tabulation of size and NPl category. The required probabilities of NPI sub-group
membership were calculated using the reported cross tabulation of size category by NPI

category (see Supplementary Appendix 3)

None or micro-invasive tumours

Three simplifying assumptions were made to capture the impact of detecting none-invasive
or micro-invasive tumours; defined as ‘ductal carcinoma in-situ (DCIS)’. A vanishingly small
proportion of DCIS-tumours will not be screen-detected and, therefore, it was assumed that
only screen-detected cancers may be assigned to the DCIS category. The proportion of
screen-detected DCIS cancers was assumed to be constant regardless of the screening
interval. This assumption was supported by the proportions of DCIS in screen-detected
cancers in the UK-NBSP (three-year interval; 20.3%) [26] compared with the Netherlands-
NBSP (two-year interval; 20.9%) [27] being similar. Survival for DCIS diagnosed and treated
patients was assumed to be the same as for the general population in line with an audit of
UK screen-detected breast cancers [26]. On this basis, any screen-detected cancer was
given a probability of 0.203 of being assigned to the DCIS category. DCIS cancer cases have

the same all-cause survival as the general population.

Advanced tumours

A small proportion of all breast cancers will present at the advanced stage with distant

metastases defined as being Stage IV in TMN classification system [28]. The probability of a

8



breast cancer of a given size presenting at an advanced stage was assumed not to be
related to the type of screening modality or interval. The source for the probabilities of
advanced breast cancer at diagnosis conditional on tumour size was taken from the NHS
audit of screen-detected breast cancers (2013) (see Supplementary Appendix 3). Estimates
of 10-year survival for patients with advanced breast cancer were obtained from a meta-

analysis of registries in six countries [29].

Survival, invasive (non-advanced) breast cancer
For women without a diagnosis of breast cancer, survival was taken from published

population life-tables [30] and the parameters of a Weibull survival distribution were
estimated. Simulation of individual age of mortality was achieved by inverting the Weibull
cumulative distribution function and taking a random draw from the uniform(0,1) distribution

using equation 10 (see Table 2):

1/v
T = (log#) equation 10

The observed effect of data collection date on survival from the meta-regression [manuscript
under review] meant the most appropriate estimate of survival for women with a diagnosis of
breast cancer was the most up-to-date estimate (see Fong et al 2015) [31]. The parameters
of four functional forms for the baseline hazard function were estimated in a regression
based survival analysis: exponential, Weibull, log-normal and log-logistic. The exponential
model was selected model based on the Akaike Information Criterion (AIC; a measure of
model fit) and visual inspection of Cox-Snell residuals (see Supplementary Appendix 4).
Estimated coefficients (Table 3) from the parametric survival model were used to simulate a
survival time by inverting the survival function and use of a random number generator using
equation 11 (see Table 2):

—log(U(0,1))

T, = ”

equation 11

Fong et al (2015) presented data for women aged 50-65 years, including both screen-
detected and interval cancers, and it was necessary to age adjust these data for women
older than 65 years of age. A further adjustment was made to account for lead time in
screen-detected cancers by reversing the process of lead time bias correction as described
in [32] to introduce lead time for screen-detected cancers. Mortality from breast cancer for
screen-detected cancers was, therefore, calculated from the simulated time the cancer would
have presented clinically rather than the time of screen detection. Standard all-cause
mortality was applied in the period between screen detection and clinical presentation. This

adjustment implied that an assumption was made that there was no important short-term




negative effect on mortality from treatment. It was further assumed that breast cancer did not
affect survival beyond ten-years after clinical presentation (hazard rate returns to the
population rate). Overall survival time post breast cancer diagnosis (T,) was calculated using
equation 12 (see Table 2):
if T <Ta) T = Tm
elseTy, =T, + Ty equation 12

Quality adjusted life years

QALYs were used to capture the consequence of each screening programme. In accordance
with standard practice, life-years were adjusted for average health-related quality-of-life at a
given age [33]. Estimates for these age-specific average utility weights were taken from [34].
The multiplicative method was used to combine health state utility weights and age-specific
average utility weights [33]. Utility weights were identified by updating a published systematic
review for breast cancer health states [35]. An identical search strategy limited to the period
January 2010-October 2015 yielded 11 additional studies. Consistent with the suggestions
made by Peasgood et al, heterogeneity in the studies meant that meta-analysis of utility
weights was inappropriate [35]. Therefore relevant utility weights were identified from studies
that most closely represented the health states in the model structure. No studies were
identified that defined breast cancer health states for specific NPI categories. Therefore, the
selected utility weights (see table 2) were taken from Lidgren et al [36] (2007) were used for
early disease and advanced (distant metastases) disease, for the first year following
diagnosis and subsequent years. These selected utility weights were assumed to also
account for the impact of disutility from treatment, which is in keeping with the original source

for these data.

Resource Use and Costs

In accordance with the assumed healthcare system perspective, resource use and
associated costs accruing to the health services were used as model input parameters (see
Table 2). Initial treatment and follow-up healthcare costs were included. Costs associated
with treatment for breast cancer cases of DCIS, NPI-categories 1 to 3 and advanced cancer,
were taken from a published study [24] [37] [15]. These estimates from 1992 were inflated to
2015 prices using the retail price index produced by the Office of National Statistics[38].
Supplementary imaging (US and MRI) costs were taken from the NHS schedule of reference
costs (2013/14) from the categories: diagnostic whole breast ultrasound (no complications),
and diagnostic breast MRI (no complications). Mammography costs were sourced from [15]

and reflected estimates from a screening programme. An estimate of the cost of
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administering risk and breast density based stratification was made based on experience
from the PROCAS study [5]. The average cost per women was estimated as £10.57 (see

Supplementary appendix 1 for further details).

Data analysis
The base case analysis calculated the total costs and QALYs for a sample of 100 million

women over a life time from the relevant age (in years) reflecting the start of: each of the four
specified stratified breast screening programmes; current UK-NBSP; no screening.
Supplementary appendix 5 shows how using a sample of 100 million women should be

sufficient to be confident that the model had sufficiently converged.

Incremental analysis was performed by comparing each stratified NBSP with (i) current
NBSP and (ii) no screening. In addition, a full incremental analysis was performed. All costs

and QALYs were discounted at a rate of 3.5%.

One-way sensitivity analyses were used to explore the impact of selected input parameters
(see Supplementary Appendix 6). In addition, NICE recommend that a relevant sensitivity
analysis for interventions such as screening with long-term outcomes is to apply a 1.5%
discount rate for health outcomes and a 3.5% discount rate for costs [39]. In common with
previously published economic evaluations in screening, a no discounting scenario was also
estimated. Probabilistic sensitivity analysis (PSA) [40] was performed to quantify the effect of
the joint uncertainty (see Supplementary Appendix 7) using a generalised additive model
[41].

Results

Table 4 shows the results of the base case analysis for a: risk-based stratified-NBSP (using
Risk-1 or Risk-2); masking-based stratified-NBSP (Masking); risk and masking-based
stratified-NBSP (Risk-1 and Masking). The Risk-1 stratified-NBSP and Risk-2 stratified-
NBSP were relatively cost-effective when compared with the current UK-NBSP. The Masking
stratified-NBSP does not appear to be a cost-effective alternative when compared with the
current UK-NBSP. Using an alternative discounting rate of 3.5% for costs and 1.5% for
benefits, resulted in relatively lower estimated ICERs for all stratified-NBSP compared with
the UK-NBSP. When compared with no screening, all screening programmes may be
considered cost-effective. A full incremental analysis is available in Supplementary Appendix
7. This shows that masking and risk-1 and masking was dominated by the next alternative
(current-NBSP and risk-1 stratified NBSP, respectively). The ICER for the remaining

comparisons were: £23,197 per QALY for the current-NBSP compared with no screening;
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£16,689 per QALY for risk-1 stratified NBSP compared with masking; £26,749 for risk-2
stratified NBSP compared with masking and risk-1 stratified NBSP.

<Table 4 here>

Sensitivity Analyses

To examine the decision between using the suggested stratified-NBSP and the current UK-
NBSP a cost-effectiveness acceptability curve is presented in Figure 1 using the results of
the PSA. Figure 2 shows the associated cost-effectiveness acceptability frontier, that
suggests the current UK-NBSP would be selected as the preferred programme with a
threshold of cost per QALY gained below £20,000 per QALY gained while the Risk-2
stratified NBSP would be chosen at higher thresholds of cost per QALY gained.

<Figure 1 here>

<Figure 2 here>

One-way sensitivity analysis (see Supplementary Appendix 6) showed that the reported total
costs, total QALYs and ICERs were sensitive to: natural history parameter values (a, and
mean tumour size at clinical detection) and screening performance of mammography ().
ICERSs for stratified programmes were moderately sensitive to the cost of stratification
although costs would need to be several times the base case value for ICERs to in increase
beyond a threshold of £30,000 per QALY. In all alternative programmes total costs were
sensitive to the treatment cost parameters however varying these parameters did not greatly
change the ICERs compared with the base case. Estimates of total QALYs were sensitive to
the utility weights for cancer states, varying utility weights moderately altered the ICERs of
stratified programmes compared with the NBSP. The results were relatively insensitive
(within the ranges tested) to: the probability of recall; costs of MRI; the relative sensitivity of
mammography by VDG group; and US/MRI additional cancer detection rate.

Discussion

This study used an early model-based CEA to generate estimates of the relative costs and
consequences of four example stratified-NBSPs compared with no screening and current
practice in the UK-NBSP. The Risk-1 and Risk-2 stratified-NBSP compared to the current
UK-NBSP were deemed to be a cost-effective use of healthcare resources relative to a
threshold range of £20,000 to 30,000 per QALY gained. The ICERs for the current UK-NBSP
compared with no screening were somewhat higher than previous analyses [15,42] but were

very similar to the most recently published study [43]. Results were not directly comparable

12



to previous model-based analyses of stratified screening [6,7] due to differences in modelling

strategy and also comparators.

The Masking stratified-NBSP was relatively the less cost-effective strategy. Combining the
two stratification approaches using Risk-1 and Masking simultaneously resulted in modest
QALY gain when compared with either Risk 1 or Masking stratified NBSP. The modest gains
from masking based strategies could be due to increased over-diagnosis overwhelming the
potential QALY gains from early detection of a tumour. Over-diagnosis is a commonly cited
problem with NBSP [1]. Over-diagnosis suggests that NBSPs are too effective at detecting
small, and slow growing, tumours that would not affect a woman’s health within her lifetime if
left undetected. Follow up procedures such as biopsies and treatment for such over-

diagnosed cases are expensive and may cause harm [44].

The interpretation of the cost-effectiveness results for stratified breast screening was strongly
influenced by the choice of discount rate. The choice of discount rate is not a simple
technical question and the preferred discounting procedure for producing cost-effectiveness
results for economic evaluations in health is a contested issue [39]. Decision makers should
consider which discounting scenario best reflects the values and preferences of those for

whom they are making a decision,

This early economic analysis was based on the best available data sourced from a
combination of rapid reviews, systematic reviews and analysis of data from two key
published prospective studies [31,45]. Key data gaps were: the relative sensitivity of
mammography by density given the tumour size; the detection rate of supplemental
ultrasound; recall rate and biopsy rate. Most importantly, the lack of randomised trials, or
sufficiently long robust observational studies, meant that there were no direct estimates of
the effect of supplemental screening modalities on mortality or other long-term outcomes.
Robust, up-to-date, data on the cost of treating women with breast cancer were not available.
This meant it was necessary to rely on estimates from a now dated study for the cost of
treatment stratified by a prognostic indicator [37]. In addition, on the advice of clinical experts
the implications of screening on use of different targeted treatment options based tumour
HER?2 or ER receptor status was not included in this model. These important uncertainties,
due to the lack of robust data for several key parameters suggest that the results of this
model-based CEA should be treated as indicative. The focus should be on the model
structure itself and on the identified key drivers of relative cost-effectiveness. The most
important drivers of cost-effectiveness after the discount rate were the natural history
parameters, cost of stratification and mammographic sensitivity parameters and future

research should be directed at improving the robustness of these data. Some one-way
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sensitivity analysis results may appear inconsistent (US and MRI cancer detection rates) and
this may be due to Monte Carlo error for alternatives where the differences between

strategies were small or the result of non-linearity in the model.

Decision makers using the results of this DES model-based CEA must recognise the
inherent limitations of mathematical models of disease natural history and screening that
may introduce structural uncertainty. Using a DES, was in line with published models in
cancer screening [46]. DES allowed the influence of individual patient-characteristics to be
captured; the flexibility for cancer growth to be modelled as a continuous process; the use of
prognostic categories to group treatment options. It may be that modelling choices, such how
cancer growth rates can vary between individuals, were influential in driving the relative cost-
effectiveness of a particular NBSP. No formal external validation or calibration of this early
decision analytic model was conducted. External validation against more extensive clinical
trial or observational data should be a goal of any future investigation of the cost-

effectiveness of stratified-NBSP.

A key important assumption, in the absence of data to prove otherwise, was that the risk
model used in the stratification process was perfectly calibrated to the population. This
‘structural’ uncertainty is not reflected results of PSA therefore users must exercise
judgement when interpreting the results. A further limitation to be aware of is that the use of
regression models within a PSA is a new and developing methodology therefore these
results should perhaps be treated with some caution. Structural uncertainty may be best
addressed by planning external validation studies in future research relating to all aspects of
the economic model, including, the risk models used in stratification and the natural history
models of breast cancer. External validation studies of the risk model to be used in a
stratified-NBSP are essential if there is reason to believe calibration may be poor, which also
requires consensus to be reached on the appropriate risk categories to use in practice.
Previous experience in a research context suggests that embedding stratification in the
existing NBSP is feasible [47] but no data exist on the effects of stratification on screening

uptake and this is an important topic for further research.

Conclusions

This early model-based CEA presents indicative results that suggest a risk stratified-NBSP is
potentially a cost-effective use of healthcare resources when compared to the current UK-
NBSP. The proposed model structure will be a key resource as more data become available

to support the introduction of stratified-NBSP such as the sensitivity and effectiveness of the

14



new screening modalities, the effect of risk communication strategies on NBSP uptake and
the cost of newer treatments for breast cancer. The choice of discount rate will be crucial in
interpreting the results. A pre-specified external validation analysis should be conducted

alongside any more definitive economic evaluation.
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Abstract (250 words)

Study objective: To identify the incremental costs and consequences of stratified national
breast screening programmes (stratified-NBSP) and key drivers of relative cost-
effectiveness.

Method: A decision-analytic model (discrete event simulation) was conceptualised to
represent four stratified-NBSP (risk-1; risk-2; masking; masking and risk-1) compared with
the current UK-NBSP and no screening. The model assumed a life-time horizon, the health
service perspective to identify costs (£, 2015) and measured consequences in Quality
Adjusted Life Years (QALYs). Multiple data sources were used including: systematic reviews
of effectiveness and utility data; published studies reporting resource use and costs; cohort
studies embedded in existing NBSP. Model parameter uncertainty was assessed using
Probabilistic Sensitivity Analysis (PSA) and one-way sensitivity analysis.

Results: The base case analysis, supported by PSA, suggested risk-stratified-NBSP (risk-1;
risk-2) were relatively cost-effective when compared with current UK-NBSP with incremental
cost-effectiveness ratios (ICERs) of £16,689 per QALY and £23,924 per QALY, respectively.
Stratified-NBSP including masking approaches (supplemental screening for women with
higher breast density) was not a cost-effective alternative with ICERs of £212,947 per QALY
(masking) and £75,254 per QALY (risk-1 and masking). When compared with no screening,
all stratified-NBSP could be considered cost-effective. Key drivers of cost-effectiveness were:
discount rate; natural history model parameters; mammographic sensitivity; and biopsy rates
for recalled cases. A key assumption was that the risk model used in the stratification
process was perfectly calibrated to the population.

Conclusion: This early model-based cost-effectiveness analysis provides indicative evidence
for decision-makers to understand the key drivers of costs and QALY's for exemplar
stratified-NBSP.




Introduction

National breast screening programmes (NBSPs) have emerged as important public health
interventions that aim to reduce deaths from breast cancer through early detection [1].
NBSPs in different jurisdictions differ in terms of the age at which screening is first offered to
women in the population (start of NBSP), the interval between screens (screening interval)
and the age at which screening is stopped. In the UK, the current NBSP is targeted at
women within the first three years of their 50th birthday until the age of 70 years with a three-
yearly screening interval [2]. In some areas of the UK, the age range has been extended to
women aged 47 to 49 years and 71 to 73 years as part of an age extension trial [3]. The
current UK-NBSP is a standard programme with the same screening modality
(mammography) offered at the same screening interval to all women regardless of their risk

of developing breast cancer.

A new concept called ‘stratified screening’ also known as personalised screening, is being
considered to replace the existing standard, or ‘one size fits all’ UK-NBSP, with the aim of
improving the predictive value of cancer detection and, therefore, the relative cost-
effectiveness of the programme[4]. Risks of breast cancer may vary across a wide range due
to familial risk, mammographic density and modifiable risk factors. The potential for improved
clinical and relative cost-effectiveness is achieved by modifying the screening protocol
depending on an individual’s characteristics such as breast cancer risk factors or the
performance of the screening modality for that individual. The introduction, or any
modification to, a NBSP has an opportunity cost. It is therefore important for decision makers
deciding how to allocate finite budgets for screening programmes to understand the added

value of any additions to or changes to a NBSP.

A substantial, but heterogeneous, economic evidence base has been developed to quantify
the potential added value of NBSP. A systematic review, conducted in 2014, identified 71
economic evaluations of relevance to breast screening in a general population of women, of
these, 52 were model-based evaluations [5]. There were three studies identified that
conducted model-based analyses of a stratified screening strategy. Two of these studies
were based in the USA [6,7] with no relevance to healthcare systems outside that setting.
One study was UK-based [8] but provided no detail on the study perspective, time horizon,
nature and source of model inputs or method of analysis, which meant it is not possible to
critique the relevance and quality of the results. Given the lack of an existing evidence base,

it was timely to design an early model-based cost effectiveness analysis (CEA) to identify the




potential impact of introducing stratified-NBSP in the UK-setting and key drivers of the

relative cost-effectiveness of different types of stratified-NBSPs.

Method

An early model-based CEA was developed to address the key criteria described in Table 1
and reported in line with published criteria [9]. The concept of an early model-based
economic evaluation is used in keeping with the definition offered by Annemans et al [10].
Using an early model-based economic evaluation is in keeping with the recommendation by
Sculpher et al [11] to use an iterative approach to developing economic evidence to inform

the introduction of new healthcare interventions.

<Table 1 here>

Interventions
Four potential approaches (hereafter (called: risk-1; risk-2; masking; masking and risk-1) to

stratified-NBSP (see Table 1) were developed as part of an European-wide collaborative
project called ASSURE (Adapting Breast Cancer Screening Strategy Using Personalised
Risk Estimation) [4].

Comparators
The identified relevant comparator was the current UK-NBSP (see Table 1). No screening

was also identified as a comparator of interest. A pragmatic approach was taken to define ‘no

screening’ (see Table 1).

Model conceptualisation and structure
A systematic review of economic evaluations of breast screening programmes identified no

relevant existing models that could be used without extensive modification [5]. A de novo
model structure was conceptualised, in line with published recommendations [12] and
developed with input from key clinical members in the ASSURE team (n=5) and external
experts (n=15). The conceptualisation process identified that the model required three
components to represent: the stratification approach; breast cancer natural history with
screening; and the diagnosis and treatment process following a cancer detected by
screening. A discrete event simulation model was used to represent these three
components. Supplementary Appendix 1 shows the model structures and descriptions in

detail. The model codes, created in R statistical package, are available on request.




Model input parameters
The input parameters, with key assumptions, are now described for each of the three model

components together with the values used for resource use costs and outcomes, quantified

using survival and quality-adjusted life years (QALYSs).

The stratification process

Performance input parameters were required for each screening modality: mammography;

mammography adjusted for masking; ultrasonography and magnetic resonance imaging.

Mammography

The sensitivity of mammography was defined as the conditional probability of a tumour being
detected at a mammography event given the size of tumour. This model took account of
latent cancers that exist at a screening round, which were not detected, and subsequently do
not present in the following interval. To obtain an estimate of screening sensitivity consistent
with the presence of latent cancers in the model the screening sensitivity as defined in
Weedon-Fekjaer et al [13] was used. Screening sensitivity was estimated jointly with the
natural history parameters to be consistent with the presence of latent cancers that were
simulated in this model. Sensitivity of mammography conditional on tumour size was

parameterised as shown in Equation 1:

exn(1552)

SO e

Equation 1

Table 2 reports the definitions for the parameters used in Equations 1 to 12.
<Table 2>

Mammography and adjustment for masking

Masking was defined as the case in which a cancer was present but not detected at
screening due to the view of the cancer being obscured in the images by other tissues [14].
In mammography, masking was expected to occur more frequently when there was high
breast density or if particular textural patterns of the breast tissue were present. To quantify
masking due to breast density it was necessary to rely on a comparison of screen-detected
and interval breast cancer rates within different density groups. From such a comparison it
was possible to estimate the sensitivity of screening mammography for each group by the
method of counting the screen-detected cancers as true positives and the interval cancers as

false negatives.




To calculate the Volpara Density Group (VDG) specific sensitivity

(Senypg; see Equation 2 and Table 2) of mammography for a tumour of a given size, the ratio
of the odds of a true positive result for that VDG compared with the population average odds
(ORyp¢; see Equation 3 and Table 2) was combined with the odds of true positive result
given tumour size alone. The resultant value for odds was then converted back to a
probability to give VDG-specific and tumour size-specific sensitivity. For simplicity, it was
assumed that the relative sensitivities (i.e. odds ratios) between VDGs were equal across all

tumour sizes.

ORypg = —chvpe/ (1= Senypa) Equation 2
vDhG Senaverage/(l_Senaverage)
Sen 1-Sen,)XOR .
SeNyypc = x/( x)XORv g Equation 3

1+(Senx/(1—Senx)><0RVDG)

Mammography recall rate (true positives and false positives)

The rate of recalls that result in biopsy (true positives) was taken from a previous economic
evaluation [15]. The recall rate, for women in whom no cancer is present (false positives),
was calculated by identifying the overall recall rate for the UK-NBSP from published
programme statistics 2011-2012 [16]. Around 20% of recalls were cited to be true positives,

which indicated the estimated recall rate, excluding true positives, was 3.2%.

Ultrasonography (US) and Magnetic Resonance Imaging (MRI)

Two supplemental screening modalities were relevant. Ultrasonography (US) supplemental
screening, delivered either using hand-hand equipment (HHUS) or automated equipment
(ABUS) was proposed for women with high breast density (VDG3 and VDG4). For women at
high risk that also have high breast density Magnetic Resonance Imaging (MRI) was used as

a supplemental screening technology.

It was necessary to assume that the only available published estimates of supplemental US
and MRI screening sensitivity and specificity in this group were approximately equal to those
for the relevant population (mammogram negative women of screening age).The estimate of
US screening performance was taken from a published systematic review and meta-analysis
[17]. This review only included studies in the ‘high risk’ population but was the only available
source that provided a quantitative synthesis of sensitivity and specificity for US. For MRI,
data from an ongoing trial in a high-risk population of women in this area, Vreeman et al
(personal communication), was used to inform the MRI screening performance parameters in

the model.




The same approach was taken to calculate the screening performance for US and MRI.
Reported cancer detection rates from each source were used to calculate the odds ratio for
detecting cancer with US, MRI and mammography compared with mammography alone. The
estimated odds ratio was assumed to be constant across tumour size. Equation 4 (see Table

2), shows the case for MRI:

OR _ c.d.r - mammo,MRr1/(1000—C.d."mammo,MRI)
MRI c.d." mammo/(1000—C.d-Tmammo)

Equation 4

The cancer detection rate with mammography and MRI reported by Vreemann et al was
12.14 per 1000, while the cancer detection rate for mammography alone in this group was
4.2 per 1000 [17]. The estimated odds ratio was 2.91, which was then applied to the tumour
size and breast density specific odds of a cancer being detected with mammography alone.
These odds can then be converted back to probabilities for use in the simulation of individual

screening events using the formula in equation 5 (see Table 2):

Senyypc/(1=Senyypc)*XORyMRI
1+(SenX_Vpg/(l—Senx‘VDG)XORMR,)

SeNy ype,mrI = Equation 5

US and MRI recall rate

The recall rate for US was 98 per 1000 exams and for MRI it was 41 per 1000 exams [17]. It
was assumed that the biopsy rate for recalls is the same as the current-NBSP, which was

informed by the opinion of three experts (radiologists) in the ASSURE project [4].

Breast cancer natural history with screening

Breast cancer natural history was represented using a continuous time and tumour size
growth model to allow variation in growth rates. The natural history of breast cancer was
defined by estimating the incidence of breast cancer with screening and the growth of

tumours once detected.

Breast cancer incidence

The occurrence of breast cancer for an individual was assumed equal to the life-time risk
score of that individual, estimated using the Tyrer-Cuzick algorithm [18]. This assumption
implies that the risk model used in the stratification process is perfectly calibrated to the
population. The age of breast cancer incidence (malignant neoplasm of breast (ICD-9: C50)

and carcinoma in-situ of breast (ICD-9: D05), conditional on life-time occurrence, was then




estimated for each individual based on Office of National Statistics (ONS) cancer registry

data [19](see Supplementary Appendix 2).

Breast cancer growth

A continuous time model was used to estimate the growth of tumours of the breast (see
Supplementary Appendix 3). Four candidate growth models ([13,20-22]) were identified from
a systematic review of economic evaluations of NBSP [5] . Each identified growth model
used a unique combination of parameters, which meant a formal quantitative synthesis was
not appropriate, and the natural history model published by Weedon-Fekjaer et al (2008) [13]
was judged to be the best available because of: the use of a continuous growth model; the
high quality of the reporting and the relatively close match in location (Europe) and time
period to the current UK setting. The natural history model parameterisation was described

by two steps. The parameter estimates are listed in Table 3.
<Table 3 here>
Step 1. Equations 6 (see Table 2) and Equation 7 (see Table 2) show the logistic tumour

growth function (Using tumour volume V mm?®, diameter s mm, time in years t and growth

rate k, and assuming a spherical shape as is in Weedon-Fekjaer et al):

V(t) = Vmax equation 6

0.25
1+ (M) —1 |e-0.25kt
Veell

Wk

s(t) =2 (V(t)/ (%n)) equation 7

Step 2. Equations 8 (see Table 2) and Equation 9 (see Table 2) show the extension to
individual growth rates (mixed model):

Vi(t) = - VT"“" equation 8

wlR

si(t) = 2 (Vi(t) / Gn)) equation 9




Diagnosis and treatment process
Following a screen detected cancer, the model captured the diagnostic and subsequent

treatment process. Three types of tumours for breast cancer were reflected in the model:

invasive; none or micro-invasive; advanced.

Invasive tumours

For invasive cancers, the Nottingham Prognostic Index (NPI), a commonly used and
validated classification system, was used to group the diagnosed tumours into three
prognostic groups [23,24]. A systematic review was used to identify reported survival for NPI-
defined sub-groups [see Appendix A4]. A meta-regression analysis showed there was
substantial heterogeneity between the studies that was driven by the date in which the data
were collected and a trend for improved survival over time, which implied it was more
appropriate to select the most recent data to inform the probability of NPI group membership
conditional on invasive tumour size category and survival for women diagnosed with breast
cancer (see Table 2). Allocation of invasive cancer cases to NPI categories used the
probability of NPl group membership conditional on tumour size category, as reported in
Kollias et al 1999 [25], which was the only study identified reporting the required cross-
tabulation of size and NPl category. The required probabilities of NPI sub-group
membership were calculated using the reported cross tabulation of size category by NPI

category (see Supplementary Appendix 3)

None or micro-invasive tumours

Three simplifying assumptions were made to capture the impact of detecting none-invasive
or micro-invasive tumours; defined as ‘ductal carcinoma in-situ (DCIS)’. A vanishingly small
proportion of DCIS-tumours will not be screen-detected and, therefore, it was assumed that
only screen-detected cancers may be assigned to the DCIS category. The proportion of
screen-detected DCIS cancers was assumed to be constant regardless of the screening
interval. This assumption was supported by the proportions of DCIS in screen-detected
cancers in the UK-NBSP (three-year interval; 20.3%) [26] compared with the Netherlands-
NBSP (two-year interval; 20.9%) [27] being similar. Survival for DCIS diagnosed and treated
patients was assumed to be the same as for the general population in line with an audit of
UK screen-detected breast cancers [26]. On this basis, any screen-detected cancer was
given a probability of 0.203 of being assigned to the DCIS category. DCIS cancer cases have

the same all-cause survival as the general population.

Advanced tumours

A small proportion of all breast cancers will present at the advanced stage with distant

metastases defined as being Stage IV in TMN classification system [28]. The probability of a

8



breast cancer of a given size presenting at an advanced stage was assumed not to be
related to the type of screening modality or interval. The source for the probabilities of
advanced breast cancer at diagnosis conditional on tumour size was taken from the NHS
audit of screen-detected breast cancers (2013) (see Supplementary Appendix 3). Estimates
of 10-year survival for patients with advanced breast cancer were obtained from a meta-

analysis of registries in six countries [29].

Survival, invasive (non-advanced) breast cancer
For women without a diagnosis of breast cancer, survival was taken from published

population life-tables [30] and the parameters of a Weibull survival distribution were
estimated. Simulation of individual age of mortality was achieved by inverting the Weibull
cumulative distribution function and taking a random draw from the uniform(0,1) distribution

using equation 10 (see Table 2):

1/v
Ty = (log#) equation 10

The observed effect of data collection date on survival from the meta-regression [manuscript
under review] meant the most appropriate estimate of survival for women with a diagnosis of
breast cancer was the most up-to-date estimate (see Fong et al 2015) [31]. The parameters
of four functional forms for the baseline hazard function were estimated in a regression
based survival analysis: exponential, Weibull, log-normal and log-logistic. The exponential
model was selected model based on the Akaike Information Criterion (AIC; a measure of
model fit) and visual inspection of Cox-Snell residuals (see Supplementary Appendix 4).
Estimated coefficients (Table 3) from the parametric survival model were used to simulate a
survival time by inverting the survival function and use of a random number generator using
equation 11 (see Table 2):

—log(U(0,1))

T, = ”

equation 11

Fong et al (2015) presented data for women aged 50-65 years, including both screen-
detected and interval cancers, and it was necessary to age adjust these data for women
older than 65 years of age. A further adjustment was made to account for lead time in
screen-detected cancers by reversing the process of lead time bias correction as described
in [32] to introduce lead time for screen-detected cancers. Mortality from breast cancer for
screen-detected cancers was, therefore, calculated from the simulated time the cancer would
have presented clinically rather than the time of screen detection. Standard all-cause
mortality was applied in the period between screen detection and clinical presentation. This

adjustment implied that an assumption was made that there was no important short-term




negative effect on mortality from treatment. It was further assumed that breast cancer did not
affect survival beyond ten-years after clinical presentation (hazard rate returns to the
population rate). Overall survival time post breast cancer diagnosis (T,) was calculated using
equation 12 (see Table 2):
if T <Ta) T = Tm
elseTy, =T, + Ty equation 12

Quality adjusted life years

QALYs were used to capture the consequence of each screening programme. In accordance
with standard practice, life-years were adjusted for average health-related quality-of-life at a
given age [33]. Estimates for these age-specific average utility weights were taken from [34].
The multiplicative method was used to combine health state utility weights and age-specific
average utility weights [33]. Utility weights were identified by updating a published systematic
review for breast cancer health states [35]. An identical search strategy limited to the period
January 2010-October 2015 yielded 11 additional studies. Consistent with the suggestions
made by Peasgood et al, heterogeneity in the studies meant that meta-analysis of utility
weights was inappropriate [35]. Therefore relevant utility weights were identified from studies
that most closely represented the health states in the model structure. No studies were
identified that defined breast cancer health states for specific NPI categories. Therefore, the
selected utility weights (see table 2) were taken from Lidgren et al [36] (2007) were used for
early disease and advanced (distant metastases) disease, for the first year following
diagnosis and subsequent years. These selected utility weights were assumed to also
account for the impact of disutility from treatment, which is in keeping with the original source

for these data.

Resource Use and Costs

In accordance with the assumed healthcare system perspective, resource use and
associated costs accruing to the health services were used as model input parameters (see
Table 2). Initial treatment and follow-up healthcare costs were included. Costs associated
with treatment for breast cancer cases of DCIS, NPI-categories 1 to 3 and advanced cancer,
were taken from a published study [24] [37] [15]. These estimates from 1992 were inflated to
2015 prices using the retail price index produced by the Office of National Statistics[38].
Supplementary imaging (US and MRI) costs were taken from the NHS schedule of reference
costs (2013/14) from the categories: diagnostic whole breast ultrasound (no complications),
and diagnostic breast MRI (no complications). Mammography costs were sourced from [15]

and reflected estimates from a screening programme. An estimate of the cost of
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administering risk and breast density based stratification was made based on experience
from the PROCAS study [5]. The average cost per women was estimated as £10.57 (see

Supplementary appendix 1 for further details).

Data analysis
The base case analysis calculated the total costs and QALYs for a sample of 100 million

women over a life time from the relevant age (in years) reflecting the start of: each of the four
specified stratified breast screening programmes; current UK-NBSP; no screening.
Supplementary appendix 5 shows how using a sample of 100 million women should be

sufficient to be confident that the model had sufficiently converged.

Incremental analysis was performed by comparing each stratified NBSP with (i) current
NBSP and (ii) no screening. In addition, a full incremental analysis was performed. All costs

and QALYs were discounted at a rate of 3.5%.

One-way sensitivity analyses were used to explore the impact of selected input parameters
(see Supplementary Appendix 6). In addition, NICE recommend that a relevant sensitivity
analysis for interventions such as screening with long-term outcomes is to apply a 1.5%
discount rate for health outcomes and a 3.5% discount rate for costs [39]. In common with
previously published economic evaluations in screening, a no discounting scenario was also
estimated. Probabilistic sensitivity analysis (PSA) [40] was performed to quantify the effect of
the joint uncertainty (see Supplementary Appendix 7) using a generalised additive model
[41].

Results

Table 4 shows the results of the base case analysis for a: risk-based stratified-NBSP (using
Risk-1 or Risk-2); masking-based stratified-NBSP (Masking); risk and masking-based
stratified-NBSP (Risk-1 and Masking). The Risk-1 stratified-NBSP and Risk-2 stratified-
NBSP were relatively cost-effective when compared with the current UK-NBSP. The Masking
stratified-NBSP does not appear to be a cost-effective alternative when compared with the
current UK-NBSP. Using an alternative discounting rate of 3.5% for costs and 1.5% for
benefits, resulted in relatively lower estimated ICERs for all stratified-NBSP compared with
the UK-NBSP. When compared with no screening, all screening programmes may be
considered cost-effective. A full incremental analysis is available in Supplementary Appendix
7. This shows that masking and risk-1 and masking was dominated by the next alternative
(current-NBSP and risk-1 stratified NBSP, respectively). The ICER for the remaining

comparisons were: £23,197 per QALY for the current-NBSP compared with no screening;
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£16,689 per QALY for risk-1 stratified NBSP compared with masking; £26,749 for risk-2
stratified NBSP compared with masking and risk-1 stratified NBSP.

<Table 4 here>

Sensitivity Analyses

To examine the decision between using the suggested stratified-NBSP and the current UK-
NBSP a cost-effectiveness acceptability curve is presented in Figure 1 using the results of
the PSA. Figure 2 shows the associated cost-effectiveness acceptability frontier, that
suggests the current UK-NBSP would be selected as the preferred programme with a
threshold of cost per QALY gained below £20,000 per QALY gained while the Risk-2
stratified NBSP would be chosen at higher thresholds of cost per QALY gained.

<Figure 1 here>

<Figure 2 here>

One-way sensitivity analysis (see Supplementary Appendix 6) showed that the reported total
costs, total QALYs and ICERs were sensitive to: natural history parameter values (a, and
mean tumour size at clinical detection) and screening performance of mammography ().
ICERSs for stratified programmes were moderately sensitive to the cost of stratification
although costs would need to be several times the base case value for ICERs to in increase
beyond a threshold of £30,000 per QALY. In all alternative programmes total costs were
sensitive to the treatment cost parameters however varying these parameters did not greatly
change the ICERs compared with the base case. Estimates of total QALYs were sensitive to
the utility weights for cancer states, varying utility weights moderately altered the ICERs of
stratified programmes compared with the NBSP. The results were relatively insensitive
(within the ranges tested) to: the probability of recall; costs of MRI; the relative sensitivity of
mammography by VDG group; and US/MRI additional cancer detection rate.

Discussion

This study used an early model-based CEA to generate estimates of the relative costs and
consequences of four example stratified-NBSPs compared with no screening and current
practice in the UK-NBSP. The Risk-1 and Risk-2 stratified-NBSP compared to the current
UK-NBSP were deemed to be a cost-effective use of healthcare resources relative to a
threshold range of £20,000 to 30,000 per QALY gained. The ICERs for the current UK-NBSP
compared with no screening were somewhat higher than previous analyses [15,42] but were

very similar to the most recently published study [43]. Results were not directly comparable
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to previous model-based analyses of stratified screening [6,7] due to differences in modelling

strategy and also comparators.

The Masking stratified-NBSP was relatively the less cost-effective strategy. Combining the
two stratification approaches using Risk-1 and Masking simultaneously resulted in modest
QALY gain when compared with either Risk 1 or Masking stratified NBSP. The modest gains
from masking based strategies could be due to increased over-diagnosis overwhelming the
potential QALY gains from early detection of a tumour. Over-diagnosis is a commonly cited
problem with NBSP [1]. Over-diagnosis suggests that NBSPs are too effective at detecting
small, and slow growing, tumours that would not affect a woman’s health within her lifetime if
left undetected. Follow up procedures such as biopsies and treatment for such over-

diagnosed cases are expensive and may cause harm [44].

The interpretation of the cost-effectiveness results for stratified breast screening was strongly
influenced by the choice of discount rate. The choice of discount rate is not a simple
technical question and the preferred discounting procedure for producing cost-effectiveness
results for economic evaluations in health is a contested issue [39]. Decision makers should
consider which discounting scenario best reflects the values and preferences of those for

whom they are making a decision,

This early economic analysis was based on the best available data sourced from a
combination of rapid reviews, systematic reviews and analysis of data from two key
published prospective studies [31,45]. Key data gaps were: the relative sensitivity of
mammography by density given the tumour size; the detection rate of supplemental
ultrasound; recall rate and biopsy rate. Most importantly, the lack of randomised trials, or
sufficiently long robust observational studies, meant that there were no direct estimates of
the effect of supplemental screening modalities on mortality or other long-term outcomes.
Robust, up-to-date, data on the cost of treating women with breast cancer were not available.
This meant it was necessary to rely on estimates from a now dated study for the cost of
treatment stratified by a prognostic indicator [37]. In addition, on the advice of clinical experts
the implications of screening on use of different targeted treatment options based tumour
HER?2 or ER receptor status was not included in this model. These important uncertainties,
due to the lack of robust data for several key parameters suggest that the results of this
model-based CEA should be treated as indicative. The focus should be on the model
structure itself and on the identified key drivers of relative cost-effectiveness. The most
important drivers of cost-effectiveness after the discount rate were the natural history
parameters, cost of stratification and mammographic sensitivity parameters and future

research should be directed at improving the robustness of these data. Some one-way
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sensitivity analysis results may appear inconsistent (US and MRI cancer detection rates) and
this may be due to Monte Carlo error for alternatives where the differences between

strategies were small or the result of non-linearity in the model.

Decision makers using the results of this DES model-based CEA must recognise the
inherent limitations of mathematical models of disease natural history and screening that
may introduce structural uncertainty. Using a DES, was in line with published models in
cancer screening [46]. DES allowed the influence of individual patient-characteristics to be
captured; the flexibility for cancer growth to be modelled as a continuous process; the use of
prognostic categories to group treatment options. It may be that modelling choices, such how
cancer growth rates can vary between individuals, were influential in driving the relative cost-
effectiveness of a particular NBSP. No formal external validation or calibration of this early
decision analytic model was conducted. External validation against more extensive clinical
trial or observational data should be a goal of any future investigation of the cost-

effectiveness of stratified-NBSP.

A key important assumption, in the absence of data to prove otherwise, was that the risk
model used in the stratification process was perfectly calibrated to the population. This
‘structural’ uncertainty is not reflected results of PSA therefore users must exercise
judgement when interpreting the results. A further limitation to be aware of is that the use of
regression models within a PSA is a new and developing methodology therefore these
results should perhaps be treated with some caution. Structural uncertainty may be best
addressed by planning external validation studies in future research relating to all aspects of
the economic model, including, the risk models used in stratification and the natural history
models of breast cancer. External validation studies of the risk model to be used in a
stratified-NBSP are essential if there is reason to believe calibration may be poor, which also
requires consensus to be reached on the appropriate risk categories to use in practice.
Previous experience in a research context suggests that embedding stratification in the
existing NBSP is feasible [47] but no data exist on the effects of stratification on screening

uptake and this is an important topic for further research.

Conclusions

This early model-based CEA presents indicative results that suggest a risk stratified-NBSP is
potentially a cost-effective use of healthcare resources when compared to the current UK-
NBSP. The proposed model structure will be a key resource as more data become available

to support the introduction of stratified-NBSP such as the sensitivity and effectiveness of the
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new screening modalities, the effect of risk communication strategies on NBSP uptake and
the cost of newer treatments for breast cancer. The choice of discount rate will be crucial in
interpreting the results. A pre-specified external validation analysis should be conducted

alongside any more definitive economic evaluation.
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Figure 1: Cost effectiveness acceptability curve for all stratified-NBSPs and comparators
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Figure 2: Cost effectiveness acceptability frontier for all stratified-NBSPs and comparators
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Table 1: Key design criteria

Decision problem

What are the key drivers of the incremental costs and benefits of
example stratified breast screening programmes compared with the
current national breast screening programme?

Interventions

(i)Risk-1: a risk-based stratification defined by the risk-algorithm
used in a published study [5] enhanced with density and texture
measures following the method of Brentnall et al [44]. Three strata
(with associated screening intervals) were defined by ten-year risks
of breast cancer of (i) <3.5% (three-yearly); (ii) 3.5 to 8% (two-
yearly); (iii) >8% (annual).

(i) Risk-2: a risk-based stratification defined by the same algorithm
as risk-1 but with strata defined by dividing the population into thirds
based on ten-year risk (tertiles): (i) the lowest risk tertile (three-
yearly); (ii) the middle tertile (two-yearly); (iii) the highest risk tertile
(annual).

(iii) Masking (covering up of tumours in mammograms by dense
breast tissue): current screening approach with supplemental
ultrasound offered to women with high breast density, defined using
Volpara Density Grades (VDG3 and VDG4)[45]. High risk was
defined as greater than an 8% ten-year risk of breast cancer [46].
Women with both high breast density and high risk of breast cancer
were offered supplemental MRI instead of ultrasound.

(iv) Risk-1 with masking: the risk-1 stratification approach together
with the strategy described in the masking approach.

Comparators (i)Current national breast screening programme (UK-NBSP):
Women between 50 and 70 years with screening every three-years
using mammography
(i) No screening: no use of mammography in the population for
screening purposes. All cancers would present with clinical signs or
symptoms

Model type Discrete event simulation programmed in R

Population Women eligible for a national breast screening programme

Setting and National healthcare service

perspective

Costs to individual women were excluded from the analysis

Time Horizon

lifetime

Costs National currency (£) at 2014 prices
Benefits Life-years and quality adjusted life years
Discounting 3.5% for both costs and benefits (base case)

3.5% for costs and 1.5% for benefits (sensitivity analysis)

Cost-effectiveness
threshold

NICE UK-recommended threshold of £20,000 per QALY gained




Table 2: List of parameters and definitions for equations

Equation Parameter Definition
Equation 1 S(X), sensitivity of mammography to detect a tumour of size X
(maximum diameter in mm)
B4 sensitivity of mammography; f; determined how rapidly
sensitivity changes with tumour size to approach the
asymptotes of 0 and 1.
B sensitivity of mammography;
B, places the location of the sensitivity curve in relation to
tumour size, where X — 8, = 0 sensitivity is equal to 0.5.
Equation 2 SeNgyerage sensitivity of mammography without density information
Seny sensitivity of mammography given a tumour size X
Seny ype size and Volpara Density Group (VDG) specific sensitivity
of mammography
Equation 3 SeNgperage sensitivity of mammography without density information
Seny sensitivity of mammography given a tumour size X
Seny ype size and Volpara Density Group (VDG) specific sensitivity
of mammography
Equation 4 ORwyri the odds ratio for detecting cancer with MRI and
mammography compared with mammography alone
c.d.".mammo.mri| the cancer detection rate for the combined methods
C.d."omammo the cancer detection rate for mammography alone
Equation 5 Seny vpe MR the sensitivity of screening with mammography and MRI for
a tumour of size X in a women classified as in a given
Volpara Density Group (VDG)
Seny ypg the sensitivity for the same tumour for mammography alone
Equation 6 Vinax the assumed maximum tumour volume, equal to a sphere
of 128mm diameter
Veeur the assumed initial volume of an incident cancer, equal to a
sphere of 0.025mm diameter
Equation 7 Vinax the assumed maximum tumour volume, equal to a sphere
of 128mm diameter
Veeur the assumed initial volume of an incident cancer, equal to a
sphere of 0.025mm diameter
Equation 8 k; the individual growth rate parameter and follows a
lognormal distribution In N(a4, a,). Individual growth rates
are drawn from a lognormal distribution with mean «,; and
standard deviation a,
Vinax the assumed maximum tumour volume, equal to a sphere
of 128mm diameter
Veenr the assumed initial volume of an incident cancer, equal to a
sphere of 0.025mm diameter
Equation 10 | T, Survival time (age)
A scale parameter (=0.897)
v shape parameter (=86.74).
U uniform(0,1) random draw
Equation 11 | T, the survival time in years
y the exponential survival function parameter, estimated in
the parametric survival analysis, for a specific Nottingham
Prognostic Indicator group
Equation 12 | T, the time to simulated clinical detection




the previously calculated all cause survival time, and T is
the post-cancer diagnosis all-cause survival time.




Table 3: Input parameters for base

case analysis

Parameter Value Source

Breast cancer risk factors varied Random sample from
individual patient data in
[45][47](PROCAS study)]

Summary statistics risk factors:

Mean (s.d.) [45]

Age 48.93 (1.09) [45]

10-year risk 3.04% (1.43) [45]

Lifetime risk 13.21% (1.43) [45]

Density (Volpara) 8.02% (5.26) [45]

Cancer Incidence Parameters:

Conditional on breast cancer in
lifetime, probability it originates at
aget

See supplementary
appendix

[19]

Cancer growth parameters:

Tumour starting size (diameter) 0.25mm [13]

Maximum tumour size 128mm [13]

Growth rate mean (log-normal) @, | 1.07 [13]

Growth rate standard deviation a, | 1.31 [13]

All-cause mortality:

Weibull shape 8.97 Fit to life table for UK
population [30]

Weibull scale 86.74 Fit to life table for UK
population [30]

Mammography:

Sensitivity by tumour size modelled [13]

as logistic-type function

[; — sets increase with size 1.47

B, — sets sensitivity relative to size | 6.51

Maximum sensitivity 0.95% [13]

Sensitivity by VDG, used to calculate relative sensitivity given tumour size:

Sensitivity VDG1 85.0% [48]
Sensitivity VDG2 77.6% [48]
Sensitivity VDG3 69.0% [48]
Sensitivity VDG4 58.6% [48]
Recall rate 4.0 per 100 exams [16]
False positive biopsy proportion 2.4% [16]
Proportion of screen-detected 20.3% [26]
cancers that are DCIS

Clinically detected (interval cancers):

Cancer size at clinical detection — | 6.5 doublings [20]
mean (22.62mm)

Cancer size at clinical detection 0.535 doublings [20]
standard deviation -

Survival post breast cancer diagnosis:

y NPI 1 -5.413 [31]
y NPI 2 -4.023 [31]
y NP1 3 -2.465 [31]
y Advanced cancer, age <50 -0.527 [29]
y Advanced cancer, age 50-69 -0.537 [29]
y Advanced cancer, age 270 -0.849 [29]

US cancer detection:




VDG3/4 incremental cancers
detected with supplemental US

3 per 1000 exams

[17]

False positive (recall) rate, US

98 per 1000 exams

[17]

Biopsy rate, US

2.4%

Assumed same as

mammography
Proportion cancers detected by 21% Assumed same as
supplemental US that are DCIS mammography

MRI cancer detection:

VDG3/4 incremental cancers
detected with supplemental US

5 per 1000 exams

Vreemann et al (personal

communication)

False positive (recall) rate, MRI

41.15 per 1000 exams

Vreemann et al (personal

communication)

Biopsy rate, MRI 3.03% Vreemann et al (personal
communication)

Proportion cancers detected by 14.3% Vreemann et al (personal

supplemental MRI that are DCIS communication)

Costs:

Mammography £54 [15]

Follow-up (mean) £95 [15]

Biopsy (mean) £160 [49]

NPI 1 treatment (mean) £11630 [15]

NPI 2 treatment (mean) £12978 [15]

NPI 3 treatment (mean) £15405 [15]

Advanced cancer (mean) £23449 [13]

Screening ABUS £80 Expert opinion

Screening HHUS £80 Expert opinion

Screening MRI £220 [49]

Stratification process £10.57 [5] and expert opinion

Utility:

Early breast cancer — first year 0.696 [36]

Early breast cancer — subsequent | 0.779 [36]

years

Advanced breast cancer — first 0.685 [36]

year

Advanced breast cancer — 0.685 [36]

subsequent years




Table 4: Base case deterministic analyses of example stratified-NBSP

Screening QALYs Cost Incremental cost-effectiveness ratio (ICER)
Programme (3.5% (£; 2015; versus versus versus versus
discount rate) | 3.5% discount no UK-NBSP | no UK-NBSP
rate) screening | (3.5% screening (1.5%
(3.5% discount (1.5% health, | health, 3.5%
discount rate) 3.5% costs) costs)
rate)
No screening?® 17.6919 246 Not Not Not Not
applicable applicable | applicable applicable
Current UK-NBSP 17.7095 654 £23,197 Not £11,343 Not
applicable applicable
Risk-1° 17.7119 694 £22,413 £16,689 £11,363 £11,565
Risk-2° 17.7181 858 £23,435 £23,924 £11,425 £11,592
Masking® 17.7102 809 £30,772 £212,947 | £15,065 £105,412
Risk-1 and Masking’ | 17.7124 870 £30,532 £75,254 £14,707 £33,199

®No mammography used in the population for screening purposes and all cancers would present with clinical signs or symptoms.

® Risk-based stratification with three strata as defined by a published risk-algorithm [16] for 10-year risks of breast cancer and associated screening intervals:
<3.5% with 3-yearly screening interval; 3.5 to 8% with 2-yearly screening interval; >8% with annual screening.

° Risk-based stratification with three strata defined by dividing the population into thirds based on risk (tertiles): lowest risk tertile with 3-yearly screening; middle
tertile with 2-yearly screening interval; highest risk tertile with annual screening.

€ Current UK-NBSP with supplemental ultrasound offered to women with high breast density. Women with both high breast density and high risk of breast cancer
offered supplemental MRI instead of ultrasound. High breast density was defined using Volpara Density Grades (VDG3 and VDG4) and high risk was defined >
8% 10-year risk of breast cancer based on NICE definition of high risk (30% lifetime risk = 8% 10-year risk) [46].

" Risk-based stratification [with three strata as defined by a published risk-algorithm [16] for 10-year risks of breast cancer and associated screening intervals:
<3.5% with 3-yearly screening interval; 3.5 to 8% with 2-yearly screening interval; >8% with annual screening] AND current UK-NBSP with supplemental
ultrasound offered to women with high breast density. Women with both high breast density and high risk of breast cancer were offered supplemental MRI instead
of ultrasound. High breast density was defined using Volpara Density Grades (VDG3 and VDG4) and high risk was defined as greater than 8% 10-year risk of
breast cancer.




Supplemental Material

Evaluation of a stratified-NBSP in the UK

Online Supplementary Appendices

Appendix 1: Model structure and description

Appendix 2: Breast cancer incidence

Appendix 3: Tumour Growth model functional form choice

Appendix 4: Systematic review of breast cancer survival

Appendix 5: Visual assessment of Monte Carlo simulation error

Appendix 6: One-way sensitivity analysis

Appendix 7: Probabilistic sensitivity analysis and full incremental cost-effectiveness
analysis



Evaluation of a stratified-NBSP in the UK

Appendix 1



Evaluation of a stratified-NBSP in the UK

Model structure and description

This document describes the three components of the total model structure: the stratification
process (Figure A1.1); cancer natural history and screening (Figure A1.2); diagnosis and

treatment (Figure A1.3).

Stratification process model
The stratification process was assumed to operate in two stages. Firstly, upon attending her
first screening appointment, each woman'’s risk will be assessed using a risk estimation
model. The women is then informed of this risk and assigned to a risk category. Secondly,
the mammographic breast density will be calculated by an automated measure immediately
following the mammogram examination. The woman is informed of this result, and if density
is above a pre-defined threshold then she will be offered a supplemental screening modality
immediately. The interval until the woman is next invited for screening was determined by the
risk category to which she was assigned.

Stratification process costs

The stratification process was assumed to cost £10.57 in the base case analysis. This was
based on an assumption about the resources used in the stratification process, which was
informed by the process used in the PROCAS study [1], and included those listed in the table

A1A1

Table A1.1: Resource use and cost of stratification process

Resource Quantity Unit cost; £/2015 Component cost
(source)
Nurse visit 5 minutes £45 per hour £3.75
(PSSRU unit costs
2015)
Data entry, grade 4 | 3 sets of data per 5 | £28.80 per hour £0.80
admin minute (PSSRU unit costs
2015)
Consultant led risk 20 minutes (10% of | £50.20 £5.02
counselling attendees (NHS reference
costs 2014/15)
Postage and 1 letter and £1 (expert opinion) | £1
stantionary additional page in
invitation letter
Total cost per £10.57

woman

Cancer natural history and screening model
One of the most important choices in structuring the model was how to describe the natural
history of breast cancer. This was particularly important because the ability of screening to
affect health will depend not only on the performance of the test but also on the prevalence
of early stage cancers and their characteristics. Natural history models for breast cancer
have been developed by other researchers in several published analyses [2—6]. These
models, along with published critiques, informed the model created for this evaluation.

The identified previous economic and epidemiological analyses of breast cancer have
proposed simplified models of cancer growth. Two general approaches have been taken in

the published literature:
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1. State-transition model (also called Markov models): In which, cancers are assumed to
grow by advancing through discrete size categories (e.g. 5-10mm) with fixed probabilities
of a transition within a discrete time period (e.g. one-year).

2. Continuous growth model: A growth function is specified that is continuous in time.
Tumour growth from starting size can be calculated for any future point in time.

The advantages of state-transition models are that they are potentially easier to use and
make calculating model parameters more feasible when available data are in discrete
categories (e.g. tumour size data, survival time conditional on tumour size etc). A major
disadvantage is the greater approximation because of the introduction of discrete categories
for tumour size and time. Another disadvantage is the complexity required to introduce
heterogeneity in growth rates. This is because the probability of transition from one size
category to the next will then depend on previous transition probabilities. This violates the
Markovian (‘memoryless’) property of the health states that makes state-transition models
mathematically tractable. The solution requires creating many more health states creating an
extremely complex and unwieldy model.

Continuous growth models have the advantage that no approximations are introduced by
forcing tumour size into categories with transitions at fixed intervals of time. Usually, fewer
parameters will be needed in the model compared with those included in the state transition
model (these require transition probabilities estimated for every possible transition). A
disadvantage is that a functional form for cancer growth must be assumed. Additional
assumptions will be required if the data available to estimate the growth function are discrete.

Variation in growth rates can be simulated in a continuous time model by sampling individual
level growth rate parameters from an assumed population distribution. This is simple to
achieve mathematically and computationally. The difficulty of achieving variation in
individual’s growth rates in a state-transition model gives a clear advantage to continuous
growth models.

A more extensive discussion of alternative models of cancer growth for use in cost-
effectiveness analysis is available in a paper by Karnon and colleagues [7]. The authors
noted that despite the well-known theoretical merits of each modelling approach there has
been no empirical investigation of impact on model outputs of such choices in typical cancer
screening model scenarios.

To include variation in growth rates, a continuous time and tumour size growth model was
used to represent natural history. This approach was implemented using a (individual-level)
discrete event simulation (DES) model.

Diagnosis, Survival and treatment

The diagnosis was linked to a process to capture prognostic information. At time of diagnosis,
the size (maximum diameter measured in mm) of the cancer was defined in the model. Other
prognostic factors were not set prior to diagnosis within the simulation. At a diagnosis event
additional prognostic factors were simulated. The model was based around using the
Nottingham Prognostic Index (NPI) [8]. NPI was selected as the basis for prognostic
information modelling because of the widespread clinical and research use of this measure,
including international validation [9,10]. The NPI scores three prognostic factors: tumour size
(maximum diameter in millimetres); histological grade (1 to 3-point scale) and lymph node
staging (1 to 3-point scale). The total scores are then commonly used to categorise
individuals into prognostic groups. Three and five group classifications of prognostic groups
have been commonly used. Survival data for each group can be analysed for the purpose of
predicting and simulating survival. In this model made use of the three group classification for
NPI.
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Survival post cancer diagnosis was simulated based on NPI group. Survival 10 years post
cancer diagnosis was assumed to be the same as the general population. Treatment costs
were assigned as a single tariff, with the value conditional on NPI group. The costs were
applied at the time of cancer diagnosis.
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Figure A1.1 — Stratified Programmes
i. Risk-1 & Masking

Screening Procedure Interval to next screen

N
4 A

10-year Risk of Breast

Cancer g’é?:;;:;" MRI & p” Positive/ Negative 1 year
Strategyg Mammography = Negative & 4
Supplementary
Ultrasound
> 8%
; VDG 3&4
Enter the Screening Programme Breast Positive/
Age 47-50 Moderate Risk Density VDG 182—————— Negative Negativa Zyears

Strat

Supplementary
Ultrasound

VDG 3&4

Attendance at
Incident
Screen

Breast
Density
Strat.,

‘Above
Average' Risk

Positive/

Negative 2yedrs

Supplementary
Ultrasound

=z
©
<
|8
H

N

\ .

~
~
L o _ o _

VDG 3&4
| i Breast iti
Population : / v - Positive/
Risk Density DG 1 Negative Negative) 3 years
Strat.
Supplementary
Ultrasound
VDG 3&4
Breast L
Low Risk > Density / VDG 1&2 I'\:Jgsgt‘;:e’ Negativey 3 years
Strat, 9
Positive
“ Diagnostic and
~ Management
B ~ Pathway
S ~
~ e
=~ -
¥ ~ 5 -~
Negative, Return at next screening round —
T = - - =
£ -

VDG: Volpara density group



Evaluation of a stratified-NBSP in the UK

Figure A1.1 — Stratified Programmes
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Figure A1.1 — Stratified Programmes

iii. Risk-2 Screening Procedure Interval to next screen
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Figure A1.1 — Stratified Programmes
iv. Masking
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Figure A1.2: Breast cancer natural history and screening
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Note 1: A cancer 'natural history’ model informs a survival distribution such as Weibull which is used to simulate a time-to-clinical detection
for each incident cancer.

Note 2: Aindividual growth rate from an appropriate distribution is simulated for each individual. A common tumour growth model is then
used to calculate tumour size at each screening point. This allows the calculation of positive & negative screening result probabilities
based on the relationship between tumour size and screening sensitivity.



Evaluation of a stratified-NBSP in the UK

Figure A1.3: Diagnosis and treatment
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Breast cancer incidence

The probability of breast cancer incidence within a five-year age band was calculated as the
proportion of all breast cancers that occurred within that age band in the data (see Figure
A2.1). Incidence times were allocated uniformly within the five-year age band. To account for

the difference between age at diagnosis reported in the data and age at tumour genesis
used in the simulation each time was reduced by the mean sojourn time of 2.9 years [5].

Figure A2.1: Probability of breast cancer incidence by age conditional on lifetime

occurrence of breast cancer, ONS 2010-2011 data
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Tumour growth model functional form choice

Based on the available evidence tumour growth appeared to follow an exponential type
curve. However, a simple exponential growth model was deemed to be insufficient to explain
observed characteristics of tumour growth; growth slows down as a tumour grows towards
maximum possible size and growth rates vary by individual tumour. Using Gompertz and
logistic functions allows for an exponential growth that slows towards a maximum size.
These functions were therefore deemed to be more appropriate than the simple logistic
function for simulating tumour growth. The screening model output will not be sensitive to the
choice between Gompertz and logistic because both show near equivalent patterns of
growth (see Figure A3.1). The main region of difference close to the maximum tumour size is
nearly irrelevant to screening models because almost all tumours are detected by screening
or clinical signs before this size.

Figure A3.1: Gompertz and logistic growth functions
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An extension of continuous growth natural history models was considered to allow varying
tumour growth rates by parameterising the distribution of growth rates in the population. This
may be achieved by fitting more complex statistical models to cancer registry data from
before and after screening programme initiation. A distribution such as normal or log-normal
was assumed for individual tumour growth rates. Random draws from the specified
distribution can then be used in the growth simulation. This can more accurately reflect
tumour growth across a population of cancer cases and therefore more accurately predict
the effect of changing the screening programme. Therefore, this study used Norwegian
cancer registry data from before and after the start of a population-based screening
programme [5]. A logistic growth function was selected with individual variation in growth
rates with a lognormal distribution using parameter values in Table A3.1.

Table A3.1: Cancer growth rate parameters

Vimax (Maximum tumour volume) §7r(128/2)3 mm?®
V,en(initial tumour size, in theory one cell 4 33
but in practice may be set to anything) 37(@o/2)"mm
a,(mean growth rate) 1.07

a, (growth rate variance) 1.31

15
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Invasive cancers

Table A3.2 reports the probability of a tumour of a given size (maximum diameter in mm)

being assigned to specific NPI category conditional on the tumour already being an invasive

cancer.

Table A1.2 Probability of NPl category membership conditional on tumour size

Size (mm) NP1 | NP1 1 NP1 11
1-5 0.76 0.22 0.02
6-10 0.7 0.27 0.02
11-15 0.55 0.43 0.02
16-20 0.4 0.55 0.05
20-30 0.07 0.64 0.29
> 30 0.06 0.5 0.44

Advanced breast cancer

Table A3.3 displays the probability of tumour being at an advanced stage at diagnosis
conditional on the size of the tumour (maximum diameter in mm).

Table A3.3 Tumour size and probability of presenting at advanced (TNM: Stage IV)

stage
Tumour Size (mm, max diameter) Probability of presenting at advanced stage
<25 0.046
35 0.087
45 0.110
55 0.127
65 0.143
75+ 0.160

16
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Meta-analysis to inform the parameter for survival with breast cancer

A manuscript is in preparation but the key components of this meta-analysis to inform the
parameter for survival with breast cancer is summarised here.

Aim: to identify and assimilate the results of studies that had published estimates of survival
stratified by NPI category.

Method: A systematic review and meta-analysis was used to assimilate the data to inform
the parameter for survival with breast cancer. The systematic review was limited to studies
that included samples of the population of all breast cancer cases (i.e. not limited to screen-
detected cancers only). Restricted samples (e.g. only cases receiving a particular therapy)
would provide biased estimates of survival if applied to modelling of breast cancer screening
which is a population-based intervention.

Two databases (MEDLINE and EMBASE) were searched in May 2015 using an electronic
search strategy developed from previous reviews. Identified abstracts and full texts were
screened using defined inclusion and exclusion criteria. To be included in the review, the
study must have been a prospective cohort study and published as a journal article

in English. The study must have directly modelled the relationship between survival or
mortality of female breast cancer patients and the NPI-group to which they belong. The
study must have provided data on survival and/or mortality either as tables of
survivors/events in each year or survival curves presented graphically. Studies that did not
meet all of the inclusion criteria were rejected. Exclusion criteria included studies conducted
only with a subset of the full population, using patients with recurrent cancer or ductal
carcinoma in situ.

Results: A total of 649 studies were identified by the electronic search, of which 26 studies
were included in the final analysis. Some studies used multiple data series therefore 28 sets
of estimates were available from the 26 studies. Half of the identified data series (n=14)
used UK data. Nine used data from other European countries. The earliest data used in the
included studies came from 1970 [9]. The latest data were from 2010 [10].

Fixed and random effects meta-analysis using the inverse variance method was used to pool
study estimates and investigate heterogeneity between the studies. A high degree of
heterogeneity between the study estimates was identified, indicating variation in the true
survival curves for breast cancer patients in the different study populations. This suggested
that using a pooled estimate of survival would be inappropriate.

Using data from the most recent UK study [13] four alternative parametric survival models
were estimated. The best fitting model was selected based on Akaike Information Criterion
(AIC) and visual inspection of Cox-Snell residuals. See Table A4.1 and Figures A4.1 to A4.3.

All models performed similarly with regard to AIC, with the log-normal and log-logistic having
the lowest values in particular groups. The exponential functional form appears to have the
best fit considering the plots of Cox-Snell residuals. The exponential model was selected
based these considerations. The exponential model has the advantage of having only a
single parameter which simplifies the estimation of the PSA. Furthermore, because these
survival parameters only apply to a 10-year period in the DES model the additional flexibility
of the two parameter models is a less important consideration.

18
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Table A4.1 — Parametric survival models — AIC statistics

Group Exponential Weibull Log-normal Log-logistic
NPI 1 902.703 890.9548 886.5255 890.058
NPI 2 793.8253 784.8852 775.8036 782.7285
NPI3 261.6141 258.3425 256.857 257.9818
All NPl groups | 1983.964 1957.3 1942.372 1954.127
Figure A4.1 — Cox-Snell residuals plot — NPI group 1
Dataset 5 NPI category 1
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Figure A4.2 — Cox-Snell residuals plot — NPI group 2
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Figure A4.3 Cox-Snell residuals plot — NPI group 3
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Visual assessment of Monte Carlo simulation error

The histograms (Figure A5.1 to A5.6) show a visual assessment of the inherent error
in the Monte Carlo simulations. The histograms report the incremental costs and
incremental QALYSs, for the Risk 1 stratified-NBSP compared with the current-NBSP,
using sample sizes: 1 million; 10 million and 100 million women per alternative.
These results show that at the point at which100 million is reached the sample size
errors become relatively small, which gives confidence that the model has sufficiently
converged.

Figure A5.1: Incremental QALY's for a sample of 1 million women per alternative
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Figure A5.2: Incremental QALY's for a sample of 10 million women per alternative
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Figure A5.3: Incremental QALY's for a sample of 100 million women per alternative
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Figure A5.4: Incremental costs for a sample of 1 million women per alternative
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Figure A5.5: Incremental costs for a sample of 10 million women per alternative
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Figure A5.6: Incremental costs for a sample of 100 million women per alternative
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One-way sensitivity analysis

A series of one-way sensitivity analyses (OWSA) were used to identify the key drivers of the
relative cost-effectiveness of the example stratified-NBSP. The selection of the parameters
and model input values to include in the sensitivity analysis was informed by a logical
assessment of the key assumptions made when populating the model. All parameters in the
OWSA were varied by four discrete values representing a decrease (-20% and -10%) and
increase (+10% and +20%) of their base case values. The parameters selected for inclusion
in each of the one-way sensitivity analyses are shown in Table A6.1.

In addition, three further scenario analyses were conducted to explore the impact of
changing the assumptions in the value of: biopsy recall rate with ultrasound (assumed 2.4%
in basecase); the unit cost of the stratification process (£10.57 per woman in basecase);
inflation index used for the published treatment costs.

Table A6.1: Parameters used in the one-way sensitivity analysis

Parameter | Base case value
Natural history parameters:

a, growth rate 1.07

a, growth rate 1.31

B, mammographic sensitivity 1.47

B, mammographic sensitivity 6.51

VDG sensitivity modifiers:

Sensitivity VDG1 85.0%

Sensitivity VDG2 77.6%

Sensitivity VDG3 69.0%

Sensitivity VDG4 58.6%
Supplemental screening parameters:

VDG3/4 incremental cancers detected with supplemental US 3 per 1000 exams
VDG3/4 incremental cancers detected with supplemental MRI 5 per 1000 exams
Survival parameters:

y NPI 1 -5.413

y NP1 2 -4.023

y NP1 3 -2.465

Utility parameters:

Early breast cancer — first year 0.696

Early breast cancer — subsequent years 0.779

Advanced breast cancer 0.685

Treatment costs:

NPI 1 treatment (mean) £11630

NPI 2 treatment (mean) £12978

NPI 3 treatment (mean) £15405
Advanced cancer (mean) £23449

Other parameters:

Recall biopsy rate 2.4

Cancer size at clinical detection (mean) 6.5 doublings ( 2.62mm)
Cancer size at clinical detection (standard deviation) 0.535 doublings

The following Figures (Figure A5.1 to A5.12) show the results of the impact of each one-way
sensitivity analysis using tornado plots with separate plots reported for each alternative
screening programme and costs and QALY separately. Values on the x-axis are the
difference between the upper or lower limit value of costs or QALYs and the respective value
in the base case.
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Figure A6.1: No screening - costs
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Figure A6.2: No screening - QALYs
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Figure A6.3: current NBSP - Costs
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Figure A6.4: current NBSP - QALYs
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Figure A6.5: Risk 1 stratified NBSP - Costs
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Figure A6.6: Risk 1stratified NBSP - QALYs
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Figure A6.7: Risk 2 stratified NBSP - Costs

VDG4 modifier
VDG3 modifier -
VDG2 modifier
VDG1 modifier -
utility y1 -
utility advanced cancer -
utility >y1 -
US CDR modifier -
survival NPl 3 gamma -
survival NPI 2 gamma -
survival NPI 1 gamma =

level
MRI CDR modifier - . lower limit
cost TNPI3-

e T
cost ThP1 T~

parameter

csttbcis- 1
cost T Adv cancer - -
clin detection SD - |
clin detection mean - -
biopsy recall rate - |
beta2 - -
beta1 - B
alpha2 - j
aphat - [
—2IO (I) 2IO

Cost (Limit - base case)

Legend definition: four discrete values representing lower limit (-20% and -10%) & upper limit (+10% and +20%)

33



Evaluation of a stratified-NBSP in the UK

Figure A6.8: Risk 2 stratified NBSP - QALYs
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Figure A6.9: Masking stratified NBSP - Costs
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Figure A6.10: Masking stratified NBSP - QALYs
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Figure A6.11: Risk 1 & Masking stratified NBSP - Costs
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Figure A6.12: Risk 1 & Masking stratified NBSP - QALY's
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Table A6.2. Incremental cost effectiveness ratios (ICERs) for the results of the one-way
sensitivity analysis

Parameter Screening Incremental cost per QALY gained (£ per QALY)*
B Basecase parameter Change in basecase parameter value
HelllE Decreased by 20% Increased by 20%
Screening Screening | Screening | Screening | Screening | Screening
strategy vs strategy strategy strategy strategy strategy vs
no Vs VS no Vs VS no current-
screening™* current- screening | current- | screening NBSP
NBSP** NBSP
Mammographic | No NA NA NA NA NA NA
Sensitivity screening
Beta 1 Current- 23197 NA 24066 NA 22650 NA
NBSP
Risk 1 22413 16689 23282 17465 22265 19045
Risk 2 23435 23924 23646 22846 22825 23180
Masking 30772 212947 32080 243868 29014 109919
Risk 1 & 30532 75254 31805 80015 29401 66881
Masking
Mammographic | No NA NA NA NA NA NA
Sensitivity screening
Beta 2 NBSP 23197 NA 19229 NA 27743 NA
Risk 1 22413 16689 19576 23880 26310 17223
Risk 2 23435 23924 20402 23191 26471 24229
Masking 30772 212947 25404 163981 35426 130514
Risk 1 & 30532 75254 25156 60042 35391 73943
Masking
Growth rate No NA NA NA NA NA NA
Alpha 1 screening
NBSP 23197 NA 22194 NA 24063 NA
Risk 1 22413 16689 22245 22754 23503 18948
Risk 2 23435 23924 23007 24755 23666 22894
Masking 30772 212947 29924 268952 32543 540516
Risk 1 & 30532 75254 29454 73345 31171 72139
Masking
Growth rate No NA NA NA NA NA NA
Alpha 2 screening
NBSP 23197 NA 21826 NA 23753 NA
Risk 1 22413 16689 20986 15057 23331 19822
Risk 2 23435 23924 21710 21481 24154 24988
Masking 30772 212947 28310 131405 30179 101503
Risk 1 & 30532 75254 29068 78482 31269 76551
Masking
VDG modifier 1 | No NA NA NA NA NA NA
screening
NBSP 23197 NA 23549 NA 21425 NA
Risk 1 22413 16689 23264 20736 21266 19790
Risk 2 23435 23924 23437 23218 22451 24822
Masking 30772 212947 31390 242047 27789 124975
Risk 1 & 30532 75254 30980 76068 28625 77558
Masking
VDG modifier2 | No NA NA NA NA NA NA
screening
NBSP 23197 NA 24557 NA 19649 NA
Risk 1 22413 16689 24029 19753 19770 21076
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Risk 2 23435 23924 24197 23508 21025 24417
Masking 30772 212947 32584 222788 27030 2743678
Risk 1 & 30532 75254 31779 70907 26407 75345
Masking

VDG modifier 3 | No NA NA NA NA NA NA
screening
NBSP 23197 NA 23819 NA 21594 NA
Risk 1 22413 16689 23215 18464 21401 19634
Risk 2 23435 23924 23622 23238 22073 23090
Masking 30772 212947 31041 153405 28033 126779
Risk 1 & 30532 75254 30717 67680 28684 74620
Masking

VDG modifier4 | No NA NA NA NA NA NA
screening
NBSP 23197 NA 23060 NA 21951 NA
Risk 1 22413 16689 22745 19991 22104 23770
Risk 2 23435 23924 23549 24590 22657 24207
Masking 30772 212947 30510 200944 29335 249898
Risk 1 & 30532 75254 30054 70189 28923 71714
Masking

US cancer No NA NA NA NA NA NA

detection rate screening

(CDR) modifier | NBSP 23197 NA 23570 NA 22936 NA
Risk 1 22413 16689 22957 18191 22749 21027
Risk 2 23435 23924 23377 23000 23258 23925
Masking 30772 212947 30183 114152 29541 119283
Risk 1 & 30532 75254 31043 76907 29370 62064
Masking

MRI cancer No NA NA NA NA NA NA

detection rate screening

(CDR) modifier | NBSP 23197 NA 23359 NA 22025 NA
Risk 1 22413 16689 22276 15189 22487 28554
Risk 2 23435 23924 23161 22777 22452 23354
Masking 30772 212947 30134 124262 29364 231631
Risk 1 & 30532 75254 29687 60418 29618 84178
Masking

Survival NPI 1 No NA NA NA NA NA NA

gamma screening
NBSP 23197 NA 22366 NA 23790 NA
Risk 1 22413 16689 22475 23647 22553 14850
Risk 2 23435 23924 22748 23549 23832 23916
Masking 30772 212947 29299 154537 31799 263202
Risk 1 & 30532 75254 29324 70617 30794 68872
Masking

Survival NPI 2 No NA NA NA NA NA NA

gamma screening
NBSP 23197 NA 22593 NA 21840 NA
Risk 1 22413 16689 22598 22651 20637 13231
Risk 2 23435 23924 23591 25862 22133 22740
Masking 30772 212947 30445 328442 28201 118834
Risk 1 & 30532 75254 30547 89852 28448 65952
Masking

Survival NPI 3 No NA NA NA NA NA NA

gamma screening
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NBSP 23197 NA 25157 NA 21400 NA
Risk 1 22413 16689 24304 18143 21419 21610
Risk 2 23435 23924 25033 24789 22043 23445
Masking 30772 212947 32803 159497 28257 174156
Risk 1 & 30532 75254 32486 71560 28246 70730
Masking

Utility year 1 No NA NA NA NA NA NA
screening
NBSP 23197 NA 23997 NA 23351 NA
Risk 1 22413 16689 22724 14799 22385 15801
Risk 2 23435 23924 23250 21898 23777 24674
Masking 30772 212947 30662 111372 29778 106547
Risk 1 & 30532 75254 30087 57446 30268 68346
Masking

Utility after year | No NA NA NA NA NA NA

1 screening
NBSP 23197 NA 22185 NA 23173 NA
Risk 1 22413 16689 21619 17192 22981 21214
Risk 2 23435 23924 22378 22771 23736 24941
Masking 30772 212947 29270 177570 30564 183390
Risk 1 & 30532 75254 29607 79616 29759 63746
Masking

Utility advanced | No NA NA NA NA NA NA

cancer screening
NBSP 23197 NA 22917 NA 22898 NA
Risk 1 22413 16689 22877 22481 22226 17139
Risk 2 23435 23924 23436 24542 23089 23477
Masking 30772 212947 30874 333266 29560 124029
Risk 1 & 30532 75254 30067 72733 29558 65154
Masking

Cost of No NA NA NA NA NA NA

treatment for screening

DCIS NBSP 23197 NA 23344 NA 23303 NA
Risk 1 22413 16689 22649 17405 23260 22833
Risk 2 23435 23924 22993 22325 23843 24998
Masking 30772 212947 30688 165309 30668 186940
Risk 1 & 30532 75254 30119 65660 30361 71286
Masking

Cost of No NA NA NA NA NA NA

treatment for screening

NPI 1 NBSP 23197 NA 21855 NA 23159 NA
Risk 1 22413 16689 21128 15850 23190 23510
Risk 2 23435 23924 22515 23945 23841 25332
Masking 30772 212947 29524 267708 31082 387016
Risk 1 & 30532 75254 29006 72258 30650 80915
Masking

Cost of No NA NA NA NA NA NA

treatment for screening

NPI 2 NBSP 23197 NA 22293 NA 23896 NA
Risk 1 22413 16689 22047 19927 23105 17176
Risk 2 23435 23924 22976 24405 23044 5
Masking 30772 212947 29788 200046 30750 137414
Risk 1 & 30532 75254 29059 64678 30916 72154
Masking




Evaluation of a stratified-NBSP in the UK

Cost of No NA NA NA NA NA NA

treatment for screening

NPI 3 NBSP 23197 NA 22612 NA 23866 NA
Risk 1 22413 16689 22805 24905 23237 18286
Risk 2 23435 23924 23627 25904 23385 22464
Masking 30772 212947 30963 766499 30680 124538
Risk 1 & 30532 75254 30535 87568 31121 73711
Masking

Cost of No NA NA NA NA NA NA

treatment for screening

advanced NBSP 23197 NA 22846 NA 22618 NA

e Risk 1 22413 16689 22823 22590 22320 19694
Risk 2 23435 23924 23293 24232 23064 24014
Masking 30772 212947 30278 198308 30268 285156
Risk 1 & 30532 75254 30658 84864 30401 87241
Masking

Biopsy recall No NA NA NA NA NA NA

rate screening
NBSP 23197 NA 22930 NA 23377 NA
Risk 1 22413 16689 22013 15684 22144 14447
Risk 2 23435 23924 23203 23768 23046 22410
Masking 30772 212947 30436 213347 29832 107946
Risk 1 & 30532 75254 29941 70458 30097 65547
Masking

Clinical No NA NA NA NA NA NA

detection mean | screening
NBSP 23197 NA 121171 NA 11786 NA
Risk 1 22413 16689 131331 892973 11823 12210
Risk 2 23435 23924 116953 109301 12756 15248
Masking 30772 212947 182879 -512287" 15630 104161
Risk 1 & 30532 75254 152188 297453 15883 45672
Masking

Clinical No NA NA NA NA NA NA

detection SD screening
NBSP 23197 NA 23174 NA 23086 NA
Risk 1 22413 16689 23016 21527 22406 17307
Risk 2 23435 23924 23367 23762 22945 22671
Masking 30772 212947 30287 153932 30296 165263
Risk 1 & 30532 75254 30235 70632 29784 65417
Masking

*ICERs exceeding £20,000 per QALY are underlined; ICERs exceeding £30,000 per QALY are bold
**Base case ICERs in this table are based on rounded disaggregated costs and QALY therefore
there are small differences with base case ICERs in main text of the manuscript.

*QALY loss
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The following sections describe the results from the three additional scenario analyses.

Biopsy recall rate with ultrasound

The recall rate for supplemental screening with ultrasound may be higher than for
mammography in the current-NBSP. To explore the sensitivity of the Masking-1 NBSP to this
parameter we varied the recall rate for ultrasound screening from 4.5% (mammography rate)
to 25%. The effect on the ICER of the masking 1 strategy compared to current screening can
be seen in Figure A6.13. The rate of recall for ultrasound has only a moderate effect on the
ICER for the range examined.

Figure A6.13: One-way sensitivity analysis on biopsy recall rate for US, Masking stratified
NBSP vs current NBSP'
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Cost of stratification

The cost of implementing the stratification approach was not easily quantified in the
basecase analysis because of the potential for differences in the approach and a lack of
actual resource use data. It was assumed that this cost could vary substantially depending
on the details of the procedure used, e.g. a letter with risk information only or a consultation
with a clinician. Instead of trying to assume the procedure and associated cost we
investigated applying an average cost per woman of stratification in the range of £0 to £50.
The ICERs for Risk-1 NBSP and Risk-2 NBSP were compared with the current UK-NBSP
using varying stratification costs. The results are displayed in Figure A6.14. This scenario
analysis demonstrates that if stratification has a high cost such as £50 per woman the Risk 1
stratified screening may not be considered cost-effective. Risk 2 stratified screening
remained a cost-effective alternative to current screening even at a £50 per woman cost of
stratification.
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Figure A6.14: Results of the one-way sensitivity analysis on assumed cost of stratification
using Risk-1 or Risk-2 compared with the current NBSP"
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Treatment cost inflation factors

Treatment cost estimates were only available from a dated source. The basecase analysis
chose to use the most commonly used method (the CPI) to inflate the cost estimate to reflect
the 2015 price year. However, the method used to inflate and adjust to present values may
be influential. In particular, there was concern that relatively new treatments (adjuvant
chemotherapy agents) for breast cancer have greatly changed the treatment costs in this
time period. As an alternative to using the CPI as in the base case, treatment costs have
been adjusted by using a 10% per year inflation adjustment. It was not possible to identify a
source that was specific to breast cancer and also the time period, or a source which could
break down costs into prognostic groups, therefore using this approach was the only feasible
way of exploring the impact of using a different inflation rate. Results are shown in Table
A6.3. This scenario analysis showed that using this inflation figure increased the individual
ICERSs. This meant that for the current-NBSP, risk-1 stratified NBSP and risk-2 stratified
NBSP compared with no screening the ICERs moved close to the £30,000 per QALY
threshold and for masking and risk-1 and masking stratified NBSP compared with no
screening the ICERs were above the £30,000 per QALY threshold. When compared with the
current NBSP, the size of the ICERs was not increased substantially with the exception of
the masking NBSP.
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Table A6.3: Scenario analysis usin

inflation adjustment (10%) for treatment costs

Screening QALYs Cost Scenario analysis Basecase analysis

Programme (3.5% (£; 2015; Incremental cost- Incremental cost-
discount | 3.5% effectiveness ratio (ICER)* | effectiveness ratio (ICER

rate) discount £ per QALY £ per QALY

rate) Versus versus Versus versu
no screening | current- | no screening currer
(3.5% discount NBSP (3.5% discount NBSI
rate) (3.5% rate) (3.5%
discount discou
rate) rate)
No screening 17.692 430 N/A N/A N/A N/A
Current UK-NBSP 17.710 952 29419 N/A 23197 N/A
Risk-1 17.712 993 28050 17506 22413 1668
Risk-2 17.718 1154 27516 23565 23435 2392
Masking 17.711 1107 35962 144276 30772 21294
Risk-1 and Masking | 17.712 1169 35873 76144 30532 7525

*ICERs exceeding £20,000 per QALY are underlined; ICERs exceeding £30,000 per QALY are bold
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Appendix 7
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Probabilistic Sensitivity Analysis (PSA)

The PSA was conducted using the Monte Carlo simulation method, taking 1000 random
draws from all parameters (see Table A7.1). To overcome computational challenges with
running PSA in a DES for a sample of 100 million women, regression methods were used. A
generalised additive model (GAM) was used to predict total costs and total QALYs, for each
iteration of the PSA results, using the model parameters as predictors. The fitted values
generated from the estimated regression equation then replaced the original total cost and

QALY data points.

Table A7.1: Input parameters with sampling distributions and hyperparameters used in PSA

Parameter | Distribution Hyperparameter 1 Hyperparameter 2
Mammographic Sensitvity Mean Standard deviation
Beta 1 Normal 1.47 0.1
Beta 2 Normal 6.51 0.5
VDG modifiers a B
VDG 1 Beta 9.538 1.9535
VDG 2 Beta 37.59 8.421
VDG 3 Beta 16.126 7.245
VDG 4 Beta 2.346 1.657
Supplemental imaging a B
us Beta 35.89 11927
MRI Beta 99.495 19799.5
Growth rate distribution Mean Standard deviation
a, Normal 1.07 0.09
a, Normal 1.31 0.1
Survival post-BC Mean Correlated draws
y NP1 1 Multivariate normal (MVN) | -5.413 See Table A6.1i
y NPI 2 MVN -4.023 See Table AB.1i
y NP1 3 MVN -2.465 See Table AB.1i
Utility weights
Early — year 1 1-exp(MVN) -1.19 See Table AG6.1ii
Early — following years 1-exp(MVN) -1.51 See Table AG6.1ii
Advanced cancer 1-exp(MVN) -1.16 See Table AG6.1ii
Costs
DCIS (log) MVN 9.08 See Table A6.1iii
NPI 1 (log) MVN 9.3 See Table AB.1iii
NPI 2 (log) MVN 9.47 See Table AB.1iii
NPI 3 (log) MVN 9.64 See Table AB.1iii
Advanced cancer (log) MVN 10.06 See Table AG6.1iii
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Table A7.1i: Covariance matrix for survival post-BC

0.015874
0.008 0.029739
-0.008 -0.008 0.008
Table A7.1ii: Covariance matrix for utility weights'
0.021208
0.004979 0.012986
0.007611 0.005956 0.030349

"Assumed correlation: 0.3

Table A7.1iii: Covariance matrix for costs'

0.5
0.15 0.5
0.15 0.15 0.5
0.157321 0.157321 0.157321 0.55
0.171026 0.171026 0.171026 0.179374 0.65

'Assumed correlation: 0.3

Full incremental cost-effectiveness analysis

A full incremental cost-effectiveness analysis of the base case is presented in Table A7.2.
This involves ranking the interventions in increasing order of QALYs and then comparing to

the next highest alternative. This shows which alternative are dominated. alternative.

Table A7.2 Full incremental cost-effectiveness analysis

Alternative QALYs Costs Incremental cost-
effectiveness
ratio (ICER); £ per
QALY *
No screening 17.6919 246
Current UK-NBSP 17.7095 654 23,197
Masking 17.7102 809 dominated by
current NBSP
Risk-1 17.7119 694 16,689
Risk-1 and Masking 17.7124 870 dominated by risk-
1
Risk-2 17.7181 858 26,749

* base case, discount rate for costs and QALYs 3.5%
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