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Abstract

Calibration of cancer natural history models is often challenged by a lack of representative calibration targets
forcing modellers to rely on potentially incompatible datasets. Using a microsimulation colorectal cancer model
as an example, the purposes of this paper are to: (1) highlight the reasons for uncertainty in calibration targets,
(2) illustrate practical and generalizable approaches for dealing with incompatibility in calibration targets, and

(3) discuss the importance of future research in the area of incorporating uncertainty in calibration.

Low quality of data and differences in populations, outcome definitions, and healthcare systems may result in
incompatibility between the model and the data. Acknowledging reasons for data incompatibility allows
assessment of the risk of incompatibility before calibrating the model. Only a few approaches are available to
address data incompatibility, for instance addressing biases in calibration targets and their adjustment, relaxing
the goodness-of-fit metric, and validation of the calibration targets to the data not used in the calibration.
However, these approaches lack explicit comparison and validation and so more research is needed to describe
the nature and causes of indirect uncertainty (i.e. uncertainty that cannot be expressed in absolute quantitative

forms) and identify methods for managing this uncertainty in healthcare modelling.



Key points

e Extensive practical and theoretical recommendations discuss modelling parameter uncertainty;
however, uncertainty related to the selection and compatibility of calibration targets is widely
overlooked.

e A lack of representative calibration targets require models to rely on multiple datasets, which may not
be compatible because of limited data quality, differences in definitions of outcomes, target
populations, origin of the evidence, and/or healthcare settings.

e Data incompatibility in calibration of disease models may be addressed through adjustments of
calibration targets, relaxing the goodness-of-fit metric used within the calibration algorithm, and
validation of calibration targets to data not used in calibration.

e There is a critical need for standardising approaches for addressing incompatibility in calibration data;
for instance through development of quantitative metrics to measure compatibility between a model

and its calibration targets.
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1. Introduction

Cancer natural history models are used to assess the long-term impact and cost-effectiveness of preventive,
screening, and treatment interventions. These models represent the natural history of cancer, including the onset
of pre-cancerous conditions, cancer and cancer progression either by the definition of discrete health states or
continuous growth models. In either case health state transition probabilities or cancer growth rates may not be
directly observable as they occur in the asymptomatic population who are treated immediately if disease is
detected. These unobserved parameters may be assessed through the computationally intensive statistical
process called calibration. Calibration involves adjusting unknown model parameters to predict target statistics,
called calibration targets. The calibration targets for cancer models frequently include cancer incidence and

mortality, prevalence of pre-cancer states, and accuracy of screening tests [1-4].

The validity of model predictions relies heavily on the compatibility of data used in the model to the decision
problem setting. The incompatibility of data to the model (i.e. to the decision problem setting) arises when the
target data source is biased and non-representative of the population of interest. This means that the true
difference between the modelled population and the population presented in calibration targets is not captured
by sampling uncertainty because of an additional undefined uncertainty related to data compatibility. The
compatibility of target data to the model is achieved using representative local data or data from other settings
that are either generalizable by nature or appropriately transferred (i.e. adapted from other setting to apply in the

modelled setting [5]). We will hereafter refer to this process as data adjustment.

Although multiple methodological reviews and empirical studies widely discuss parameter uncertainty (i.e.
uncertainty in data used directly to populate the models), the uncertainty associated with the compatibility of
data used to calibrate the models is rarely explored [6-10]. Requirements in the number of calibration targets are
directly proportional to complexity of a model [1, 11]. Multiple calibration targets are required for successful
parameterisation of highly complex models whose accuracy depends upon unobserved transitions between many
health states [1]. Calibration of cancer natural history models faces a common challenge: a lack of
representative calibration targets. The scarcity of reliable statistical data often forces modellers to rely on non-
representative or potentially biased datasets and so on assumptions regarding compatibility of data sources.

This problem of potential incompatibility between multiple calibration targets and models was recognised in
previous research [12, 13]. Such biased incompatible datasets could include, for instance, data from different
time periods, administrative units (e.g. regional instead of national data), or geographic settings (international

data).

Incompatibility of target data to the model may be considered as an issue of indirect uncertainty (i.e. uncertainty
that cannot be expressed in absolute quantitative forms [14]). There is some, albeit limited, evidence to suggest
that knowledge of indirect uncertainty substantially affects the model-based decision-making [14]. This paper
aimed to: (1) highlight the reasons for uncertainty in calibration targets, (2) illustrate a practical and
generalizable approach for dealing with uncertainty in calibration targets, and (3) discuss the importance of

future research in the area of incorporating uncertainty in calibration.



2. Example model
For the purposes of this paper we use an example model - the Microsimulation Model in Cancer of the Bowel
(MiMiC-Bowel) that incorporates individual cancer risk to inform colorectal cancer (CRC) screening decisions
in England [15]. The model was calibrated using the Metropolis-Hasting algorithm [16]. To ensure model
identifiability, i.e. ability of the model to produce unique outputs for the calibrated parameters [11], and avoid
under-specification, parameterisation of MiMiC-Bowel included 12 calibration targets: 5 based on English
observational data (with longitudinal and completeness limitations), and 7 based on data from a German
population study (with geographical, healthcare setting and data definition limitations). The calibration targets
consisted of pre-screening CRC incidence total (z;) and by Duke’s stage (ziq, zip, Zic, zid) in England and
prevalence of low-risk (z;,) and high-risk (zz.) adenomas and undiagnosed CRC total (z,) and by stage from

Germany (Zu,a,Zu,b, Zuy,c, Zu,d) [17-20]

The calibration of the cancer natural history of the MiMiC-Bowel model assumed taking as inputs a set of
parameters x € {X< R: 6> 0" 0 <1} to produce an expected value of model outputs y € {Y € R}. This means
that the modelling outputs (incidence of CRC total and by stages [y Via, Vi, Vi, Vida], undiagnosed CRC total and
by stages [Vu, Vua, Vub, Vue, Vudl, low-risk [yi.] and high-risk [yr.] adenoma prevalence by age and sex) are
functions of a set of calibrated parameters reflecting the speed of disease development and progression (xy) and
a set of fixed parameters (xr), y=E[f(x,, x/)]. The predictions of the modelling outputs are compared to the

calibration targets: z;, zi4, Zib, Zic, Zid, Zui, Zua, Zub, Zuc, Zud, Zia, aNd Zp, by age and sex.

3. Reasons for indirect uncertainty in calibration targets

Incompatibility of calibration targets in cancer models could occur due to:
(1) Poor quality and incomplete data

Poor or incomplete data mean high risk of bias or uncertainty around the true epidemiological values. The
reporting quality of epidemiological data varies broadly [21], with pre-screening data being especially
underreported. For instance, in the example MiMiC-Bowel model, incidence of CRC by stage in England,
reported in 1996-2004 in the UK Association of Cancer Registries (UKACR) dataset, had more than 40% of
patients with unknown CRC stage at diagnosis (Table 1) [22].

(2) Compatibility of the outcomes by their definitions

Differences in definitions of cancer outcomes (either related to disease severity, staging, or a screening program
performance [23-25]) are common and will inevitably lead to incompatibility between the model and the target
cancer data. In the example model, differences in the reporting of pre-cancerous lesions (as either advanced
adenoma or high-risk adenoma [HRA])[17, 19, 26] and in definitions of HRA and low-risk adenoma (LRA)[27,
28] impact compatibility between the data and MiMiC-Bowel (Table 1).

(3) Population differences



Differences in cancer statistical data, even among geographically comparable settings [29, 30], are driven by
demographic differences and exposures to risk factors [29, 31], signifying data incompatibility. For example,
data on prevalence of pre-cancer and CRC lesions in Germany would be a highly uncertain (and possibly
incompatible) calibration target for the English CRC model. This is because population-level exposures to CRC
risk factors, such as diet, physical activity and alcohol consumption [32] result in a substantial variability in pre-
screening CRC incidence in both countries (Table 1) [18, 33]. Even when populations in calibration targets and
the model are from the same setting, they may still be incompatible [34]. For instance, in MiMiC-Bowel the
adjustment of definitions of pre-cancer states were based on the UK Flexible Sigmoidoscopy Screening
randomized controlled trial (UKFSST), which was the only data source that reported detection of advanced and
HRA [16]. However, the detection rates of CRC and HRA were higher in the trial compared with the
subsequent Bowel Cancer Screening Programme (BCSP) in England and this discrepancy has been ascribed to

the inclusion criteria and uptake characteristics [34, 35].
(4) Healthcare setting differences

Peculiarities of healthcare settings may limit compatibility of target datasets. For example, cancer prevalence, a
frequently-used calibration target [36, 37], would require adjustments to country-specific data on cancer survival
[38]. For some settings, cancer survival data may not be accessible. In MiMiC-Bowel, instead of CRC
prevalence, prevalence of undiagnosed lesions was used as a calibration target (Table 1). The target’s
assessment was based on lesion detection rate from the German colonoscopy screening programme and
published sensitivity rates [39]. However, the indirect uncertainty related to this calibration target remains
because of variability in performance of screening and diagnostic tests across the jurisdictions and the studies

[40, 41].

4. Approaches to address incompatibility of data
Selection of fully compatible calibration targets is always desirable but not always possible. Acknowledgment
of data incompatibility allows identification of potential issues in using adjusted calibration targets. For simple
models or for models where each unobserved model state is already informed by compatible target data [1, 11],
supplementary incompatible data may be excluded from the calibration process. This though may rarely be the

case in calibration of complex multi-state natural history disease models.

In some models, the uncertainty in calibration targets may be addressed by generating parameter distributions
within the calibration process through bias adjustment [46-48]. If multiple biased studies are available, the bias-
adjusted means and standard errors of target data can be combined in a bias-adjusted meta-analysis [49]. An
explicit modelling of the biases (i.e. capturing both sampling uncertainty and uncertainty related to data
incompatibility) would probably be the most robust method dealing with the data incompatibility. It may be
challenging to apply though when biases around a calibration target are not well-understood [37], especially
when there are uncertain biases around multiple calibration targets, either risking sampling inefficiencies if

heavy tailed prior distributions are used [50] or more uncertain and so less informative for healthcare decisions.

Different data adjustment methods may either improve or resolve incompatibility of calibration targets to the

model. If uncertainty related to data incompatibility can be measured, adjustment of calibration targets may



fully address the differences in definitions, populations, samples, or geographic and healthcare settings.

However, an absence of metrics to quantify data compatibility [1, 51] makes it difficult to transform qualitative
knowledge into informed quantitative data adjustment in unbiased way. Uncertainty around a calibration target
(for either statistical or ad-hoc adjustment) may be informed by supplementary evidence, such as differences in

disease incidence or detection rates across the settings, or through elicitation for data compatibility biases [49].

Lack of validity for data adjustment processes means that even after adjustment is applied to incompatible data,
the risk of bias in some of these targets may still exist. If it is a case, such calibration targets may be weakened
under ad-hoc or quasi-Bayesian framework [37]. Under accept-reject sampling schemes, different tolerances can
be defined for various calibration targets [48, 52]. Within a goodness-of-fit metric, lower weights may be
assigned to calibration targets with higher uncertainty. The convergence to individual datasets with the selected
weights may be tested in a sensitivity analysis. While arbitrary weighting of target data in calibration is common
[13, 51, 53], more objectivity can be given by involving an expert elicitation. This process involves asking the
clinical experts and the decision-makers about their confidence in adjusted data, by inquiring about the
probability for datasets to represent the modelled population. The elicitation approach may involve individual
or group experts’ consultations (sometimes also relying on elicitation scales), and ideally is based on a structural

protocol [54].

Independently of any former steps undertaken, compatibility of the calibration targets may be assessed before
undertaking the calibration process. One- and multi-way way sensitivity analyses can assess compatibility of
different calibration targets within the fixed model structure and can be used to signal incompatibility issues.
Another way would be to perform an external validation of calibration targets (e.g. feasibility of the predicted
accuracy of screening when natural history disease parameters are calibrated) or a cross validation to outputs

predicted by other models (e.g. sojourn time).

5. Incompatibility of data in MiMiC-Bowel
To illustrate possible data adjustment in regard to different compatibility problems, we present some examples
from dealing with data incompatibility in MiMiC-Bowel (see the report for full details [16]). The complexity of
a model with multiple unobserved transitions required multiple calibration targets for parametrisation, and so

incompatible calibration targets could not be excluded from the calibration.

5.1. Data adjustment to increase data compatibility

In MiMiC-Bowel, the calibration target data for pre-screening CRC incidence by stage were adjusted (using an
additional data set) to address the poor data completeness issue. The unstaged cases were distributed between
stages C and D so that predicted patient survival, where total survival S, is a function of proportion of population
in each disease stage at diagnosis and a survival at each stage (Sap.c.d), So = f(Papb.c.d; Sab.cd), Where stage-specific
survival (Sapb,c,d) is a function of age, sex, and time since diagnosis: Sap.cd=flage; sex, tiiag) matched that in ob-

served data [15].



Calibration of MiMiC-Bowel was hampered by the different outcome definitions used in potential target da-
tasets ; thus, adjustments of calibration targets to reflect definitions used in the model were applied when neces-
sary. Stage distribution of undiagnosed CRC was based on a German multi-centre cohort study in 2003-2010
[20]. In this case, no data adjustments were applied after comparison of the definitions of stages I-IV in Brenner
et. al. (2016) and Dukes’ classification due to their similarity and an absence of a direct guide for case conver-
sion [20, 55]. However, the definitions of pre-cancer lesions were different in the model and the calibration tar-
get [17]. While MiMiC-Bowel assessed cancer progression through low- and high-risk adenomas, the German
colonoscopy screening programme reported detection rates for advanced and non-advanced adenomas [17]. The
adjustment relied on information from the UKFSST, the only source found reporting detection rates for both

advanced adenomas and HRA [17, 26]. To adjust the target, prevalence of all adenomas was calculated as: Prev,

- DRlaw) , DR(a) , where DR - detection rates of advanced and non-advanced adenomas reported by Bren-
Sens (aa) Sens (na)

ner et. al. [17], and Sens - sensitivity of colonoscopy to advanced and non-advanced adenomas reported in the

literature [44, 56]. The prevalence of HRA was calculated by multiplying calculated prevalence of advanced ad-

enoma by the proportion of advanced adenomas that are high-risk among males [P (%; men)] and fe-

males [P (ﬂ; women)] in UKFSST, Prevurs = DR(aamen) o p (ﬂ; men) + DR@awomen) o p (ﬂ; Women).
HRA Sens (aa) HRA Sens (na) HRA

The proportion of advanced adenomas that are high-risk in UKFSST was 0.81 for males and 0.66 for females
[16]. Prevalence of LRA then was calculated as a difference between total adenoma prevalence and prevalence
of HRA, Previgs = Prev, - Previgy.

Adjustment of calibration targets because of incompatibility in geographic and healthcare settings was con-
ducted in MiMiC-Bowel for undiagnosed CRC. Observing that pre-screening CRC incidence in England was
10% lower than in Germany among population of screening ages [16], we adjusted the prevalence of undiag-

nosed cancer in Germany with a 10% reduction assuming a correlation between these two outcomes.

5.2. Relaxing goodness-of-fit metric

All except one adjusted calibration targets (zia, i, Zic, Zid, Zui» Zua, Zub, Zuc, Zud, Zia, a0d zpa) Were assumed to have
additional uncaptured uncertainty related to data incompatibility. Thus, in the calibrated MiMiC-Bowel model
we accepted lower precision in adjusted targets by giving them lower weights in the calibration. The total SSE

in the calibration was equal to the sum of weighted SSE for each calibration target i, Total SSE =

(xfdatatargets weight, x SSE;). The selected approach resulted in the calibration algorithm prioritising

fitting to total CRC incidence [z;] by age and sex in the population over the other calibration targets [16].

5.3. Validation of calibrated model parameters against data not used in the calibration

In the example MiMiC-Bowel model we assessed compatibility of calibration targets by validating them to
sensitivity of faecal immunochemical test with positivity threshold of 20 pg haemoglobin/g feces (FIT20) and
flexible sigmoidoscopy screening (FS) screening tests in England to HRA and CRC. The validation assumed
that the upper bound for sensitivity of FS in population screening can reach 72% for CRC and 69% for HRA.

This threshold was retrieved by firstly calculating the maximum possible sensitivity of FS that could be obtained



in a trial setting (FSiial, sens), using test sensitivity to distal (S#) and proximal lesions (S,/) reported in the
literature [44, 56] and proportions of CRC and advanced adenomas that are distal (P4) and proximal (P,) from
UKFSST data [34, 57]: FSukrssT, sens =Spl X Ppit-Sar X Pai. The predicted sensitivity of FS in the UKFSST to

CRC and HRA was adjusted to reflect the lower performance of the national screening programme [16] (FSpcsp,

_ DR(BCSP)

x FS
DR (UKFSST) UKFSST,sens.

Sens), FSBCSP, sens

For FIT20, validation assumed an upper bound of sensitivity to CRC of 52% based on trial data [58]. Sensitivity
of tests was calculated by dividing detection rates in BCSP and FIT pilot by prevalence of lesions estimated
with the target calibration datasets. With adjusted calibration targets, FS sensitivity was 60% for CRC and 59%
for HRA for 55-year olds. The predicted FIT20 sensitivity in BCSP was 48% for CRC and 32% for HRA for
60-year olds. The predicted FIT20 sensitivity with non-adjusted calibration targets (without adjustments to
cross-country differences between England and Germany, as described above) was above the calculated

threshold.

6. Limitations and future research considerations
Adjusting calibration targets enables increased data compatibility within the model. In the absence of explicit
comparisons of different methods addressing incompatibility in calibration targets, ad-hoc adjustments have
been applied. The uncertainty in data adjustments increases when multiple adjustment steps are needed (e.g.
when multiple incompatibility reasons are identified), accumulating uncertainty related to each step. Thus,
while multiple reasons for incompatibility were identified for some of the calibration targets for MiMiC-Bowel,
the adjustment steps were limited to those subjectively considered to be the most influential, while increasing
the uncertainty around the calibration targets by assigning less weight to uncertain datasets in the calibration
process. While arbitrary weighting of target data in calibration is common, more empirical research is needed to

explore the impact of assigning weights on uncertainty and bias.

Indirect uncertainty in modelling remains high ahead of development of a standardized process for calibration
target selection and adjustment. Significant controversy regarding compatibility of calibration targets highlights
a critical need to develop a quantitative metric to identify and measure incompatibility and to adjust calibration
data, as well as to compare available methods aiming to address data incompatibility. More research is needed
to identify markers for data incompatibility that could be used systematically in models’ calibration. Similarly,
there is a need to quantify indirect uncertainty in healthcare modelling and to understand the impact of indirect
uncertainty on healthcare decision-making. While the available recommendations on models calibration focus

on technical issues [36, 37, 51, 59], we call for guidance on data compatibility in healthcare models calibration.
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Table 1 Reasons for data and model incompatibility and approaches applied to address the issue

Calibration target

Data sources

Potential causes of

Data target(s) used

Approach(es) taken to address possible data

considered incompatibility and reason incompatibility
Low risk adenomas  RCT in Norway, e Quality of data Not used.
(LRA) and High Sweden, Netherlands, e  Compatibility of outcomes
risk adenomas Poland[42] e Population differences
(HRA) prevalence e Healthcare differences
by age and sex German colonoscopy e  Compatibility of outcomes  Used. e Adjust the calibration targets to address differences in

screening programme
(2003- 2007)[17]

e Population differences
e Healthcare differences

Large sample sizes
(> 4 million people)
and geographical
similarity.[17, 42-
44]

definitions

e Down-weight the target in the calibration process

e Validate (to predicted sensitivity of screening FIT20 and
FS for HRA)

Undiagnosed CRC
by age and sex

German colonoscopy
screening programme
(2003- 2007)[17]

e Population differences
e  Healthcare differences

USED.
The only data source
available

e  Adjust the calibration target to reflect the difference in
national incidence rates

e  Adjust the calibration target to the timing of the events

e Down-weight the target in the calibration process

e Validate (to predicted sensitivity of screening FIT20 and
FS for CRC)

Undiagnosed CRC

German multi-centre

e Quality of data

USED.

e  Compare the definitions of CRC stages

by Duke stages by cohort study in 2003- e Compatibility of the The only data source e  Down-weight the target in the calibration process
age and sex 2010[20] outcomes available

e Population differences

e Sample differences

e Healthcare differences
CRC incidence by 2005 Cancer e Quality of data USED. e Up-weight the target in the calibration process

age and sex (in

Registration Statistics/

e Ageofdata




absence of screening census data for Representative for

programme) England (2005)[33, 45] all-England
population

Oxford regional data e Population differences Not used.

2005
CRC incidence by UKACR National e Quality of data (Missing USED. e Split the missing stage at diagnosis between stages C and
age, sex, and Duke Colorectal dataset stage at diagnosis for 43%  The only national D to fit the survival predictions
stages (in absence of  1996-2004. of patients) data source available e  Down-weight the target in the calibration process
screening Age of data
programme)

The Legend: CRC — colorectal cancer, FIT - faeccal immunochemical test, FS — flexible sigmoidoscopy, HRA — high-risk adenoma, LRA — low-risk adenoma, RCT —
randomised controlled trial
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