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ABSTRACT
Introduction To date, there is no broadly accepted 
dementia risk score for use in individuals with mild 
cognitive impairment (MCI), partly because there are few 
large datasets available for model development. When 
evidence is limited, the knowledge and experience of 
experts becomes more crucial for risk stratification and 
providing MCI patients with prognosis. Structured expert 
elicitation (SEE) includes formal methods to quantify 
experts’ beliefs and help experts to express their beliefs 
in a quantitative form, reducing biases in the process. 
This study proposes to (1) assess experts’ beliefs about 
important predictors for 3- year dementia risk in persons 
with MCI through SEE methodology and (2) to integrate 
expert knowledge and patient data to derive dementia risk 
scores in persons with MCI using a Bayesian approach.
Methods and analysis This study will use a combination 
of SEE methodology, prospectively collected clinical data, 
and statistical modelling to derive a dementia risk score 
in persons with MCI . Clinical expert knowledge will 
be quantified using SEE methodology that involves the 
selection and training of the experts, administration of 
questionnaire for eliciting expert knowledge, discussion 
meetings and results aggregation. Patient data from the 
Prospective Registry for Persons with Memory Symptoms 
of the Cognitive Neurosciences Clinic at the University of 
Calgary; the Alzheimer’s Disease Neuroimaging Initiative; 
and the National Alzheimer’s Coordinating Center’s Uniform 
Data Set will be used for model training and validation. 
Bayesian Cox models will be used to incorporate patient 
data and elicited data to predict 3- year dementia risk.
Discussion This study will develop a robust dementia risk 
score that incorporates clinician expert knowledge with 
patient data for accurate risk stratification, prognosis and 
management of dementia.

INTRODUCTION
Dementia is a global challenge, affecting 
over 46 million people in 2015 with about 
10 million new cases annually worldwide.1 In 
Canada, the prevalence of dementia for indi-
viduals aged 65 years and older is about 7.1% 
and an annual incidence rate of 14.3 new 
cases per 1000 people.2 By 2031, it is expected 

that the total annual healthcare costs for 
Canadians with dementia will have doubled 
those from two decades earlier, from US$8.3 
billion to US$16.6 billion.3 Dementia is typi-
cally preceded by mild cognitive impairment 
(MCI), defined as cognitive concerns with 
poor cognitive test scores but preserved activ-
ities of daily living. On average, 10%–20% of 
MCI population progress to dementia per 
year,4 and in patients who develop dementia 
due to Alzheimer’s disease (AD), progres-
sion usually occurs within 2–3 years.5 Predic-
tion of individual risk could be used to 
inform patients and clinicians, and to moti-
vate preventive lifestyle modification as well 
as advance care planning.6 Therefore, it is 
important to predict future dementia risk for 
individuals with MCI. However, according to 
recent systematic reviews, there is no recom-
mended or widely accepted dementia risk 
score to use for individuals with MCI, due to 
limited data sources, lack of validation and 
unavailability of predictors.7 8

When empirical evidence is limited, 
clinicians need to rely on their knowledge 

Strengths and limitations of this study

 ► Experts’ clinical knowledge about the relative im-
portance of potential predictors will inform predictor 
selection for the proposed dementia risk score.

 ► The use of multiple data sources for internal and 
external validation of the risk prediction models is 
another strength of this study.

 ► The experts may not be representative of all knowl-
edge experts in this field.

 ► Training data are obtained from a single center 
memory clinic and may be subject to referral biases.

 ► A lack of patient data on all potential predictors 
identified by the clinician experts in the training or 
validation data cohorts might influence the accuracy 
of the developed risk scores
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obtained from previous experience or heuristics to 
reach a dementia prognosis. But biases can happen due 
to cognitive capacity and time pressure, thus resulting 
in highly variable practice. Expert judgement (belief or 
intuition) is often a combination of fact- based knowl-
edge with subjective impressions established from expe-
rience. Structured expert elicitation (SEE) includes 
formal methods to quantity experts’ beliefs, aims to help 
experts to express their beliefs in a quantitative form, 
and reduces biases in the process. It is recommended to 
consider the elicitation in the same way as empirical data, 
by using repeatable, transparent methods and addressing 
questions in the form of probabilities.9 10 SEE encourages 
experts to think critically considering all relevant informa-
tion11 and promotes analytical thinking.11 Evidence has 
shown that training and repeated feedback can improve 
accuracy and reduce overconfidence.11 12

Although SEEs have been applied in different types 
of decision making,13 14 to date, its application in health 
sciences has largely been restricted to informing national 
level health technology assessment (HTA) decisions.12 A 
few studies15 16 have reviewed the SEE used in HTA, and 
found that most of the elicited information was related 
to cost effectiveness of interventions,16 and usually in the 
form of proportions, event probabilities and diagnostic 
accuracy.15 16 Other examples include the use of SEE in 
determining sample size calculations for clinical studies.17 
Most importantly, although expert knowledge can feed 
directly into a decision itself, with some data available, 
combining the two sources of information (formally) is 
usually preferred. For example, in a Bayesian framework, 
one can integrate expert knowledge as prior informa-
tion, to estimate the probability of an outcome along 
with current data.18 However, there has not been a formal 
investigation of this methodology to improve the accu-
racy of risk prediction models.

We hypothesise that integrating expert knowledge with 
patient data to develop dementia risk prediction model 
will lead to a more accurate risk score than risk scores 
developed using (patient) data alone. This study aims 
to (1) assess experts’ beliefs about important predictors 

for 3- year dementia risk in persons with MCI and (2) 
integrate expert knowledge and patient data to improve 
dementia risk prediction in persons with MCI.

METHODS
Structured expert elicitation
A SEE will be used to obtain experts’ belief on important 
predictors of dementia risk in individuals with MCI. To 
obtain each expert’s best- considered answers, SEE will 
focus on helping experts to think analytically while mini-
mising biases.9–11 Bojke et al12 reviewed 16 different SEE 
guidelines, and found that the underlying elicitation 
process is similar: pre- elicitation (eg, what quantities to 
elicit), elicitation conducting (eg, level of elicitation) and 
postelicitation (eg, aggregation).12 Two SEE protocols 
will be followed including the elicitation protocol under 
the healthcare decision making (HCDM) setting and 
the Investigate, Discuss, Estimate and Aggregate (IDEA) 
protocol. The IDEA protocol has been applied in many 
fields (eg, education, psychology, ecology, and conserva-
tion) and shown to yield relatively reliable judgements.10

Table 1 describes the elicitation stages and other docu-
ments including the Invitation letter, Consent Form, 
Project Statement, Instructions, Introductory Meeting 
Script, Discussion Guide and Modelling details can be 
found in online supplemental support document.

Pre-elicitation
Expert recruitment
We plan to recruit 14 clinician experts for the elicita-
tion process. Previous research have recommended 3–20 
experts,11 12 while one empirical study found that six 
experts was optimal (by assessing the benefits of adding 
additional experts). The study assumed that all experts 
perform to the best of their abilities and experts are 
independent of each other.12 Experts in our study will be 
preselected by peer nomination, including representation 
from neurologists, psychiatrists and geriatricians. Inclu-
sion criteria include recognition by peers and the expert’s 
willingness and availability to participate. Specifically, 

Table 1 The timeline of the study

Stage Tasks Timeline

Pre- elicitation Expert Enrolment and Consent Sep 2020–Jun 2021

Questionnaire Pilot Dec 2020–Jun 2021

Introduction meetings Jun 2021–Jul 2021

Elicitation Round 1 estimate Jul 2021– Aug 2021

Analysis Aug 2021–Sep 2021

Group discussion Sep 2021–Nov 2021 (current)

  Round 2 estimate Nov 2021–Jan 2022

Postelicitation Aggregation Jan 2022–Feb 2022

  Model training and validation Feb 2022–Apr 2022

  Sensitivity analysis Apr 2022–May 2022
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two subject matter experts (EES and ZI) will reach out 
to experts in dementia (informally) and possibly gain 
informal consent, then a formal invitation letter will be 
sent out along with attachments (eg, consent form). In 
order to migrate the possible bias due to our enrolment 
process, we plan to enrol experts with different specialisa-
tions (AD, vascular dementia, dementia with Lewy bodies 
and frontotemporal dementia), locations across Canada 
(Alberta, British Columbia, Ontario and Nova Scotia), 
age groups (25–75 years), sex (males and females), as well 
as career stages(early, middle and senior). Furthermore, 
contact details will be provided and the experts have the 
liberty to initiate any conversations about the project 
before the first meeting.

Four-step questions and piloting
The experts will be asked about the relevant predictors 
(for MCI conversion) and rate the importance of each 
predictor. The participants of the elicitation will be 
provided with a potential list of predictors and will be 
allowed to add additional predictors that they consider 
important. It is advised that elicited quantities are 
preferred to be observable, for example, regression coef-
ficients may be difficult to elicit directly from experts.11 
We will elicit 3- year dementia risk, which is consistent with 
the average rate of progression to dementia in individ-
uals with MCI. From the resulting probabilities, survival 
and hazard functions can be constructed.19 As suggested 
by the IDEA protocol, the four- step questions will be 
used, asking experts to provide a minimum, maximum 
and best guess for each quantity as well as a ‘degree of 
belief’.10 Questions ordered as such in order to encourage 
experts to consider a wider range of possibilities, miti-
gate anchoring and overconfidence.12 The questions 
are framed as uncertainty about frequencies in a large 
population to approximate probabilities.12 20 Two subject 
matter experts will review the drafted questions, to ascer-
tain the questions that are free from linguistic ambiguity, 
appropriate in the domain, and can be completed in 30 
min. The following a–d explains the proposed question-
naire (developed in Qualtrics).

a. Variable selection
First, clinicians are requested to rank the importance 

of each predictor (seven Likert scale: not at all, not, less, 
neutral, somewhat, moderately and very important), 
based on the given candidate predictors. Only the 
preselected predictors and ranked as at least somewhat 
important will be asked for further information.

Question: What do you think the importance of the 
listed variables are, in terms of predicting dementia 
progression from MCI?

Question: Are there any other predictors you think we 
need to consider? Please be specific and rank the added 
predictor (somewhat, moderately and very important).

b. Reference group selection
We assume that each predictor has a reference value 

or group, corresponding to the lowest (or lower) risk of 
dementia from MCI. The reference group (or value) is 

prespecified for each predictor based on literature; the 
clinicians will be asked if they agree with the default 
choices.

c. Median and interval assessment for the reference 
group

Cues: imagine that there are 100 MCI patients at base-
line and with every predictor at the lowest as shown in 
the previous page. How many of them do you think will 
develop dementia in 3 years? Then four- step elicitation 
will be followed:

Q1. Realistically, what do you consider the lowest plau-
sible number out of 100 MCI patients to develop dementia 
in 3 years will be?

Q2. Realistically, what do you consider the highest 
plausible number out of 100 MCI patients to develop 
dementia in 3 years will be?

Q3. Realistically, what is your best guess? (how many 
out of 100 MCI patients to develop dementia in 3 years)

Q4. How confident are you that your interval, from the 
lowest to highest, could capture the true value? Please 
enter a number between 50% and 100%

d. Median and interval assessment for each predictor
Cues: the following questions will ask about each 

predictor, the ones which you have selected as at least 
somewhat important before. We would like you to 
consider modifying only one predictor at a time, while 
the other predictors remain at the lowest risk. We 
will select either the Montreal Cognitive Assessment 
(MoCA) or Mini- Mental State Examination (MMSE) 
in the model. The two tests will not be included in one 
model. Taking age variable as an example (‘age 55 years 
and younger’ was selected in (b). Question: Recall that 
‘age 55 years and younger’ was considered as the refer-
ence group. Now, we would like you to consider that 
only age variable has changed to ‘75 years old’, and all 
other predictors are still in the lowest risk group. How 
many people do you think will develop dementia in 3 
years? This will be followed by the four- step elicitation, 
the same as (c).

Introductory meeting
An introductory meeting will be organised to discuss the 
motivation for the project, objectives of the elicitation 
study, and the roles of the participants. The question-
naires will be reviewed to ensure clarity of the wording 
and the training content. The training content includes 
introduction on probability and uncertainty, elicitation 
process, heuristics and biases, information on how elicita-
tion will be used and details of any assumptions or defini-
tions that are used in the elicitation.

Elicitation process
The elicitation will involve a combination of individual 
and group level elicitation: clinicians will first complete 
the questionnaire independently and then engage in a 
facilitated group discussion. Across all steps, the clini-
cians could communicate with the elicitation team any 
time during the elicitation for clarification or assistance.
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Round 1
The first round will start with sending a questionnaire 
link to the consented clinicians, containing the ques-
tions as previously explained. Individual level elicitations 
is recommended for HCDM setting,12 where experts 
provide estimates independently without interacting with 
each other. During the process, clinicians are encouraged 
to reflect on their answers. The questionnaire may take 
about 30–60 min, so 4 weeks will be allotted for comple-
tion with another 4 weeks for late responses.

Analysis
Prior to the discussion meeting, feedback on the results 
of Round 1 for the clinicians will be prepared. The 
analyst will provide the variable importance rank for each 
predictor from each expert and the summed score for 
each predictor from all experts. This way, experts can 
compare their results with pooled results. In addition, 
we will standardise the reported credible intervals (eg, 
90%) using linear extrapolation, so that clinicians view 
the uncertainties of all clinicians across questions on a 
consistent scale. The main purpose of the adjusted inter-
vals at this stage is to allow for comparisons during the 
discussion phase.10 The clinicians will be encouraged to 
change their estimates in round 2 if the extrapolation 
does not represent what they believe. Analysis will likely 
take about 2–4 weeks.

Discussion phase
A online discussion session in which clinicians (ie, partic-
ipants) will discuss their perspectives, ranking of the 
predictors and other estimates they provided, and any 
concerns they may have about the elicitation process.21 
The discussion session is an important step in SEE. It 
helps to assess face validity of the elicitation question-
naire (ie, asking experts whether the elicited question-
naire is unambiguous and measuring what it is intended 
to measure). The discussion meeting will give experts the 
opportunity to see how their estimates differ from the 
average of the group and allow experts to update their 
estimates based on new information from other experts. 
It may allow us to manage biases, as well as collect infor-
mation on how experts responded the questions and chal-
lenges during the process. It helps to evaluate whether 
the questions are comprehensible and enable experts to 
share their knowledge.

Round 2
Following the discussion, experts will be asked to inde-
pendently consider revising their responses and make a 
second, anonymous and independent estimate for each 
question. The clinicians will be given 4 weeks for the 
second round, and another 4 weeks for late responses.

Postelicitation
Following the completion of the elicitation, the elicited 
clinicians’ variable importance ranking and final answers 
for each predictor will be aggregated and shared with the 
group for final review. All steps taken and results collected 

during the elicitation will be documented. When eliciting 
judgements from multiple experts, it is important to have 
a single distribution that characterise experts’ knowledge 
that can be used in sequence modelling through aggrega-
tion.11 12 In this study, a linear pooling method with equal 
weights will be used as suggested in the HCDM protocol.

Handling cognitive bias and elicitation evaluation
During each step of the elicitation, we will work diligently 
to minimise influence from cognitive biases. Besides 
the introductory meeting, feedback will be encouraged 
during every step of the elicitation. We will evaluate 
validity of elicitation through face validity, managing 
biases, evaluating whether the questions are compre-
hensible, checking for inconsistencies and internal and 
external peer reviews.12 Additionally, we will examine 
uncertainty in the elicited distribution by using a number 
of alternative distributions that fit the elicited summaries. 
Lastly, we will report and document the feasibility of the 
exercise, including challenges in the task and logistics 
associated with the elicitation.

Data management
Patient data
Patient data are from three different sources: the 
Prospective Registry for Persons with Memory Symptoms 
(PROMPT) of the Cognitive Neurosciences Clinic at the 
University of Calgary (UCalgary); the Alzheimer’s Disease 
Neuroimaging Initiative (ADNI) and the National 
Alzheimer’s Coordinating Center’s Uniform Data Set 
(NACC- UDS;  naccdata. org). The PROMPT Registry was 
established in July 2010 and enrols patients referred 
to the Cognitive Neuroscience Clinic, operating in two 
urban tertiary care centres in Calgary, for assessment of 
suspected impairment in cognitive or behavioural func-
tion. Consecutive patients are approached for consent, 
and all patients attending the clinic are eligible to partic-
ipate. To ensure complete follow- up, we linked PROMPT 
participants to Alberta healthcare administrative data for 
surveillance of new dementia diagnoses. There were 452 
patients with MCI (any types) in PROMPT (up until April 
2020), with age 55 years and older who had at least one 
follow- up after the baseline visit.

The primary objective of ADNI study is to test whether 
biomarkers can be combined with demographic and clin-
ical data to measure the progression of MCI and early 
AD.22 Participants included in ADNI were between 55 and 
90 years of age, English or Spanish speakers, and were 
accompanied by study partners. We identified a sample 
of 598 individuals with MCI that was defined as having 
an MMSE score between 24 and 30, reported subjec-
tive complaints, objective memory deficits defined as 
Wechsler Memory Scale Logical Memory II scores below 
education- adjusted thresholds, and a Clinical Dementia 
Rating score of 0.5.

The NACC was established by National Institute on 
Aging (NIA)- funded Alzheimer’s Disease Research 
Centers that recruit and collect data on individuals 
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with diverse cognitive functions (ranging from normal 
to dementia). The National Alzheimer’s Coordinating 
Center’s Uniform Data Set (NACC- UDS) is a longitudinal 
dataset that includes demographic and standardised clin-
ical data collected approximately annually. All test centres 
administered standardised forms and informed consent 
was collected from all subjects and their informants. 
There were 1233 patients with MCI (V.3 of NACC), aged 
55 years and older who had at least one follow- up after the 
baseline visit within 3 years. Detailed information on the 
cohort and neuropsychological battery of tests included 
in the UDS is described elsewhere.23–25 The identifica-
tion of the study cohort and data linkage can be found in 
online supplemental support document.

The main outcome was dementia of any cause. Dementia 
incidence during 3 years follow- up after the diagnosis 
of MCI will be treated as the event. MCI and dementia 
definition are based on standard outcome definitions, 
including Diagnostic and Statistical Manual of Mental 
Disorders and the NIA - Alzheimer’s Association.26 27 The 
preselected candidate predictors include demographics 
(age, sex, education, marital status, race, employment 
history, number of children, living status, location and 
socioeconomic status), medical history (diabetes, hyper-
tension, traumatic brain injury, cardiovascular disease, 
cerebrovascular disease, dyslipidaemia, hypothyroidism, 
obstructive sleep apnoea and mood disorder), lifestyle 
factors (smoke, alcohol abuse, physically active, sleep 
quality and healthy diet), genetic factors (Apolipoprotein 
E (APOE)), AD biomarkers (cerebrospinal fluid (CSF) 
profile pattern and fluorodeoxyglucose (FDG) posi-
tron emission tomography (PET) findings), and cogni-
tive screening scores (either the MoCA or the MMSE). 
Patient data were prospectively collected on prespecified 
case report forms.

All data (patient data and elicited data) will be deiden-
tified before using the data for research purposes. Data 
will be stored password protected on a secure server at the 
UCalgary, only accessible through a password- protected 
UCalgary computer. Any hard copy questionnaires or 
notes will be stored at a secure file cabinet. Only the study 
team will be granted access to the data.

The models to be developed in this study will be trained 
using the PROMPT registry data and validated in the 
ADNI and NACC datasets.

Patient and public involvement
No patient involved.

ANALYSIS PLAN
For aim (1), we will rank the potential predictors 
according to the sum of each expert’s rated scale for the 
importance of each predictor, where the highest score 
refers to the most important predictor from the experts.

For aim (2), we will evaluate the relative contribution 
of the elicited expert knowledge by comparing model 
performance for (1) model based on patient data alone 

and (2) model based on a combination of elicited prior 
knowledge and patient data. We will train the models in 
PROMPT and validate in ADNI and NACC. For model 
(1), Cox regression will be used to develop and validate 
the prediction model to examine 3- year dementia risk for 
MCI persons in the PROMPT registry data. The linear 
relationship between continuous candidate variables 
and outcome will be assessed using linear splines and 
restricted cubic splines. The assumption of proportional 
hazards will be assessed based on Schoenfeld residuals.28 
Candidate predictors will be selected based on evidence 
from literature review and the availability of the predic-
tors in the training and validation datasets. The least 
absolute shrinkage and selection operator (LASSO) will 
be used to obtain the most parsimonious models, while 
retaining age and sex. Nested cross- validation will be 
used to tune the LASSO hyperparameter and estimate 
the predictive performance of the models. The predic-
tive accuracy of model will be assessed using c- index as a 
measure of discrimination and calibration by graphically 
comparing the predicted and observed values based on 
flexible hazard regression approach.29 30

For model (2), we will integrate expert knowledge 
with patient data based on Bayesian Cox regression with 
normal prior distribution for the regression coefficients. 
Means and variances of normal priors for regression 
coefficients can be testimated directly from elicitation, 
but it is not suggested since it is difficult for clinicians 
to think about coefficients and give estimates.20 Instead, 
we can make use of the relationship between the survival 
probabilities and regression coefficients via Cox regres-
sion to generate the prior distributions. For continuous 
risk factor, a piecewise linear function will be used. The 
variance (or SD) for each regression coefficient will be 
calculated twice using the upper and lower fractiles of 
the credible interval (from the four- step elicitation) and 
we will average the two SDs.31 Gibbs sampling will be 
used to approximate the posterior distributions (details 
about the mathematical modelling are provided in online 
supplemental support document). The posterior means 
of the regression coefficients will be used to calculate the 
dementia risk scores. The predictive accuracy (discrim-
ination and calibration) of model will be reported. We 
will compare the risk prediction model with and without 
clinician knowledge, in terms of discrimination and 
calibration.

Sensitivity analysis
Given that death (before the end of the 3 years period) 
can be a competing event, a Fine and Gray model, that 
treats death as a competing event will be trained and 
validated to examine the robustness of the conclusions 
of these analyses to the presence of competing risk. On 
the other hand, sensitivity analyses will be conducted to 
examine the robustness of the accuracy of models that 
integrate expert knowledge with patient data to different 
choices of prior distributions and methods of aggregating 
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elicited data. All analysis will be performed using SAS 
V.9.432 and R.33

The reporting of the study will follow the transparent 
reporting of a multivariable prediction model for individual 
prognosis or diagnosis,34 35 SEE protocols and Bayesian anal-
ysis reporting guidelines.36 37 The anticipated timeline for the 
study is outlined in table 1.

DISCUSSION
Expert elicitation is particularly valuable when questions 
are highly uncertain and difficult to address via other 
methods.38 Evidence from previous literature shows that 
inherent uncertainty is deeply embedded in medicine39 40 
and that judgement of clinicians is ultimately required.41 
There is no broadly accepted dementia risk score for use in 
individuals with MCI. There are few large, well- characterised 
cohorts of MCI derived from the general population. Prior 
information gathered through years of clinical experience 
becomes more important, since the information contrib-
uted by current data is limited.42 Unlike most dementia 
risk scores derived from patient data, our study will incor-
porate clinician expert knowledge with patient data to 
predict dementia risk in persons with MCI. In addition, it 
is suggested to involve clinicians in model development, 
because an understanding of the clinical context is the key 
for implementation.42 Lastly, we believe that clinicians may 
be trained well at reasoning with uncertainty since they 
tend to make difficult decisions daily.11

One major concern in the development of clinical risk score 
is the methodology that is used to determine the important 
risk factors to be included in the risk score. Although many 
variable selection procedures (eg, stepwise, penalised like-
lihood, boosting, resampling based, machine learning 
based feature selection) are available, a recent review has 
concluded that there is no state- of- the- art guideline for vari-
able selection.43 Many risk prediction guidelines42 44–46 have 
recommended using clinical expert knowledge to guide the 
selection of predictors but such an approach might reinforce 
expert cognitive biases without fully capturing experts’ uncer-
tainties, especially when done in an informal manner. This 
proposed study will use a structured elicitation process to 
elicit important risk factors from a group of experts.

To the best of our knowledge, this is the first attempt to 
integrate expert knowledge with patient data n multivariable 
dementia risk prediction models. Prior information plays a 
fundamental role in Bayesian statistics, which can incorporate 
expert knowledge into the modelling naturally. The strength 
of this study includes its integration of combined informa-
tion from both data and experienced clinicians: estimating 
regression coefficients on the combination of findings in the 
sample under study with external information from experts. 
We expect that involving clinicians in model development 
will help to improve knowledge translation and model imple-
mentation.42 Moreover, the use Bayesian methodology based 
on Gibbs sampling and other Markov chain Monte Carlo 
techniques allow us to make inference, especially in small- 
sampled studies. This is particularly meaningful in dementia 

research, where data are still limited and the effect size from 
each predictor (for MCI conversion) is likely to be small. We 
believe that SEE is a useful tool in clinical risk prediction, 
where variable importance can be elicited from experts in 
a systematic and transparent way. Bayesian model updating 
is a natural process: our model (individual regression coef-
ficients) could serve as prior information and combine with 
new patient data using the likelihood function and Bayes 
rule. Additionally, for future expert elicitation on dementia 
risk, our elicited data (expert belief) can serve as prior data, 
which can be incorporated with new elicited data to update 
expert’s belief on dementia risk in individuals with MCI.

However, this study is not without limitations. The lack 
of patient data on all potential predictors identified by 
the clinician experts in the training or validation data 
cohorts might influence the accuracy of the proposed 
models and its generalisability to other populations. In 
addition to time and budget constraints, the difficulties 
of recruiting a representative sample of experts may limit 
access to SEE. Finally, the experts to be recruited in this 
study may not be representative of all knowledge in this 
field. Data for model development are from the PROMPT 
registry which consists of cohort of patients with MCI seen 
at a tertiary care centre. The PROMPT data are subject to 
referral biases which might limit the generalisability of the 
conclusions of our study to other populations. To address 
this limitation, the models developed will be validated in 
two external cohorts (NACC and ADNI) to enhance the 
generalisability of our study findings.

In summary, this proposed study will develop a robust 
dementia risk score that incorporates clinician expert knowl-
edge with patient data for accurate risk stratification, prog-
nosis and management of dementia.

ETHICS AND DISSEMINATION
This study has been approved by the University of Calgary 
Conjoint Health Research Ethics Board (REB19- 0469). The 
NACC database itself is exempt from IRB review. All ADNI 
subjects or their proxies provided written informed consent. 
Deliverables of the proposed research involve journal publi-
cations, conference presentations, the development of R 
codes and a web- based risk score as knowledge translation.

Our study will be modified in our postelicitation stage 
because of this peer review. Specifically, we will use two addi-
tional (patient) datasets for validation, was informed by the 
need to address the generalisability of the proposed model. 
In addition, we will have an additional sensitivity analysis 
given that death (before the end of the 3- year period) can be 
considered as a competing event, a competing risk model, a 
Fine and Gray model, that treats death as a competing event 
will be trained and validated to examine the robustness of the 
conclusions of these analyses to the presence of competing 
risk.
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