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Abstract This study aimed to evaluate the potential
cost-effectiveness of implementing a prediction tool for
estimating mild cognitive impairment (MCI) to demen-
tia conversion risk. A decision-analytic model was
developed to compare the costs and effects of current
practice for subjects with MCI to a situation in which
the risk of dementia is estimated using a prediction tool.
Different scenarios in terms of prediction horizons, pre-
diction characteristics (e.g. sensitivity and specificity),
and treatment availability were evaluated. The model
was applied to the AI-Mind tool, which is currently
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under development for predicting MCI to dementia
risk. In a clinical situation, with no widely applicable
and highly effective disease-modifying treatment avail-
able, implementing a dementia risk prediction tool
leads to lower QALYs and higher costs compared to
current practice without such a prediction tool (9.32 vs
9.36 QALYs and €115,837 vs €115,032 for the analy-
ses in this paper). This loss in QALYs was caused by
the impact on quality of life associated with predicted
dementia conversion risk. Risk prediction followed by
efficient treatment strategies based on the predicted risk
could lead to a cost-effective alternative in case of spe-
cific treatment characteristics. These findings suggest
that standalone (i.e. without highly effective treatment
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options) use of a dementia risk prediction tool may not
be cost-effective, but it could result in a cost-effective
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A decision-analytic model was developed to evaluate the potential cost-effectiveness of implementing a dementia risk prediction tool for
subjects with mild cognitive impairment, compared with current practice (see the manuscript for details). Different scenarios in terms of
prediction horizons, prediction characteristics (e.g. sensitivity and specificity) and treatment availability were evaluated. Costs and health

outcomes - in quality adjusted life years (QALYs) - were compared between the strategies.
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Introduction

The ongoing advancement of healthcare technolo-
gies in prevention, detection, treatment, and patient
care has significantly improved medical outcomes.
As these innovations have evolved, healthcare expen-
ditures have increased significantly over time [1]. To
ensure sustainable investment in new technologies, it
is essential to evaluate their cost-effectiveness before
implementation in clinical practice. Ideally, this
assessment should begin in the early stages of devel-
opment, allowing for the identification of promising
technologies that have the potential to offer both clin-
ical benefits and cost-effective solutions in healthcare
[2,3].
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Dementia is one of the leading causes of disabil-
ity among the elderly worldwide, affecting not only
the individuals diagnosed but also their caregivers
and society at large [4]. Annually, dementia costs
the global economy over $1.3 trillion [5]. Currently,
the management of dementia is based on temporarily
relieving symptoms and addressing the known modi-
fiable risk factors, as no treatment to cure the disease
is available [6]. With the prevalence of dementia
expected to increase drastically in the coming dec-
ades, the burden on individuals and caregivers, as
well as the pressure on healthcare systems and expen-
ditures will continue to increase [5, 7, 8].

Dementia is often preceded by mild cognitive
impairment (MCI) [9]. MCI is characterized by cog-
nitive deterioration that is considerably greater than
expected for an individual’s age, sex, cultural back-
ground and education, but not severe enough to
substantially interfere with daily functioning [10].
Reported progression rates from MCI to demen-
tia vary depending on care setting and population.
However, up to 40% of the MCI cases will convert
to dementia, mostly to Alzheimer’s disease, within 5
years [11, 12].

Current practice lacks prediction tools to distin-
guish the MCI subjects who will progress to demen-
tia from those that remain stable. However, research
increasingly focusses on the early identification of
individuals at high risk of conversion to dementia,
using prediction tools [13, 14]. The AI-Mind project
(www.ai-mind.eu) is an ongoing European research
project that aims to develop an artificial intelligence-
based prediction tool to accurately estimate the indi-
vidual risk of conversion to dementia among subjects
with MCI. By integrating a comprehensive set of bio-
markers, including blood based measures, sociode-
mographic variables, digital cognitive test scores, and
electroencephalography (EEG) into Al based algo-
rithms, AI-Mind seeks to create a clinically applica-
ble systems for early risk stratification and personal-
ized intervention [15, 16]. Early identification of MCI
subjects at high-risk of conversion could help detect
cases that will most likely benefit from treatment and
target the administration of present and future drugs
to those subjects. Additionally, prediction of conver-
sion risk could reduce uncertainty about the future
and facilitate advanced care planning [17]. At the
policy level, targeting high-risk populations offers
an advantage for cost-effective drug prescription

and reimbursement, although this approach is less
applicable to primary or universal prevention strate-
gies. Initiatives such as the AI-Mind project aim to
enhance subject quality of life by providing more
accurate prognostic information, supporting timely
decision-making, personalized counselling, and better
preparation for potential disease progression. How-
ever, given the current absence of widely applicable
disease modifying treatment, it remains important to
recognize that prognostic information may also result
in increased worry for the future and stigma [17].

It is important to evaluate the potential cost-
effectiveness of dementia risk prediction tools, such
as the AI-Mind tool, compared to current clinical
practice. This evaluation should start already in the
early development phases. Early Health Technology
Assessment (HTA) employs methodologies designed
to provide industry and stakeholders with insights
into the potential value of medical products during
their developmental phases [3]. This approach sup-
ports decision-making by offering early evaluations
of a product’s future impact. One of the frequently
used methods in early HTA is health economic mod-
elling, which can be used to estimate the expected
cost-effectiveness of emerging innovations. By simu-
lating different scenarios, this modelling approach
delivers critical information that can guide further
product development and improve its alignment with
clinical and economic goals [18].

The aim of this study was to perform an early cost-
effectiveness analysis comparing the current practice
for people with MCI to a scenario where a demen-
tia risk prediction tool (like the AI-Mind-tool) is
implemented.

Methods
Decision analytic model

We developed a decision-analytic model to evaluate
the potential cost-effectiveness of implementing a
tool for predicting the risk of conversion from MCI to
dementia, compared to the standard of care for peo-
ple with MCI. This model consisted of a decision tree
representing the potential options regarding predictive
information that is shared with a subject in both strat-
egies (i.e. current practice and risk prediction involv-
ing a prediction tool) and a Markov model simulating
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Fig. 1 Components of the
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the consequences on long-term disease progression.
Strategies were compared in terms of survival, health
related quality of life (QoL), and healthcare costs.
The study is reported according to the Consolidated
Health Economic Evaluation Reporting Standards
2022 (CHEERS 2022) Statement [19], and the model
was validated in accordance with the AdViSHE
checklist [20].

Model development

The decision-analytic model was developed based
on existing literature, guidelines, and consultations
with experts in the field. Figure 1 illustrates the com-
ponents of the subject trajectory, from risk predic-
tion to the end of follow-up, which were included
in the model: diagnostic testing, prognostic testing,
risk prediction based on test information, informa-
tion shared with the subject, follow-up, treatment,
and the involvement of healthcare personnel and
informal caregivers throughout the entire process.
Although diagnostic tests are performed with a differ-
ent aim than prognostic tests, they are closely inter-
connected in practice, where prognosis often builds
upon diagnostic findings. The (costs of) diagnostic
tests performed to confirm MCI were therefore also
included in the decision model. A survey among
European medical specialists [21], an internal ques-
tionnaire within the AI-Mind study consortium, and
expert consultations revealed that the current practice
for managing MCI varies widely between countries
and even between different healthcare settings within
the same country (e.g. the number and type of diag-
nostic/prognostic tests that are performed and subject

@ Springer

counselling). Additionally, the tests performed often
depend not only on the setting but also on charac-
teristics of the subject and their social environment.
To be able to account for these variations, we devel-
oped an interactive online dashboard (Supplementary
Fig. 1), which is available via https://ai-mind.shiny
apps.io/earlyHTA/. This interactive online dashboard
enables users to adjust specific model characteristics
(tests performed, conversion risk information shared,
personnel involved, treatment, follow-up, involvement
informal caregivers) and input values (probabilities,
costs, quality of life), allowing for flexible application
across different settings. This adaptability ensures
that the analysis can be tailored to various scenarios,
making it a useful tool for evaluating and optimizing
prediction in various medical contexts.

The different input options are specified in more
detail below. Since this was an early health economic
evaluation, specifications (e.g. sensitivity/specificity
of the risk prediction) and costs of the prediction tool
were not known yet. Input estimates for these param-
eters were therefore varied in the model to study the
minimal required predictive performance or maxi-
mum costs for the prediction tool to become a cost-
effective alternative. Unlike typical cost-effectiveness
evaluations where the costs and treatment options
of current practice are well-established, evaluating
the cost-effectiveness of dementia prediction tools is
more complex due to the rapidly evolving treatment
landscape. Until recently, no highly effective disease-
modifying treatment for (AD type) dementia was
available in Europe. However, lecanemab has now
been approved by the EMA under strict conditions
for subjects with MCI or mild AD dementia with
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confirmed amyloid pathology [22-25]. Donanemab
has also been approved by the FDA and is currently
still under review by the EMA [24, 26]. Although
lecanemab has received a positive recommenda-
tion, its availability will likely vary across European
countries, depending on national health authorities’
decisions and reimbursement policies. The same is
expected to apply to donanemab, should it receive
EMA approval. This regulatory uncertainty and the
varying target populations (e.g. definition of high risk
for adverse events) add complexity to evaluating the
potential cost-effectiveness dementia risk prediction
tools. To address this, we incorporated multiple sce-
narios in the decision model—such as starting treat-
ment based on the predicted risk of conversion—to
explore the potential consequences of using a risk

prediction tool. This approach helped identify the
conditions under which implementing a risk predic-
tion tool is most likely to become a cost-effective
alternative.

Target population

The target population of the model consisted of sub-
jects with confirmed MCI. Since the diagnostic pro-
cess for confirming MCI varies across centres and is
based on specific tests and criteria, users can specify
the tests performed to diagnose MCI in the interac-
tive online dashboard (see below). In this paper, we
considered a target population of MCI subjects that
have been confirmed as having MCI by neuropsycho-
logical testing, supported by laboratory assessment

Table 1 Input options patient trajectory

Tests performed

Healthcare personnel involved

Time involvement per person

Diagnosis and prognosis

Information

Follow-up

Treatment

Informal caregivers

Short cognitive screening
Neuropsychological testing
Lab assessment (blood)”
Fluid biomarkers (blood)"
Fluid biomarkers (CSF)*
Genetic testing (APOE4)
MRI

CT

EEG

SPECT

PET

Other

Prognostic information shared

General
Individual

General follow-up frequency
Number of visits
Disease modifying treatment

Medication

Lifestyle intervention

Combination

None

Include informal caregiver
costs and effects

Yes
No

Geriatrician
Neurologist
(Neuro)psychologist
(Neuro)psychiatrist
Radiologist

Nurse

General practitioner
Other

In case of individual informa-
tion

2 prediction categories

3 prediction categories

Dependent on prediction out-
come?

Yes

No

Dependent on prediction out-
come?

Yes

No

Time in minutes

If yes: follow-up frequency per
risk group
Number of visits

If yes: which groups receive
treatment?

Low risk

High risk

Intermediate risk

“Includes: CRP, Hb, TSH, creatinine, glucose
"Includes: ABeta40, ABeta42, Total Tau, Ptau 181
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and magnetic resonance imaging (MRI) to identify or
exclude underlying causes. These tests were reported
to be used most often as standardized diagnostic
workup to determine MCI by European clinicians
[21], which was confirmed during conversations with
experts in the field.

Input options subject trajectory

All different input options regarding the subject tra-
jectory are specified in Table 1. People entering the
decision model were confirmed MCI cases based
on diagnostic tests. Although diagnostic tests are
performed with a different aim than prognostic test,
diagnostic and prognostic testing are interconnected
processes as prognostic testing often builds upon
diagnostic findings. The diagnostic tests performed to
confirm MCI and their associated test costs are there-
fore also included in the decision model. All inputs
of the subject trajectory are associated with specific
costs and/or effects. Supplementary Table 1 shows all

General prognostic information

Current practice

Individual prognostic information O‘

mdcl

Risk prediction strategy Individual prognostic information

O

the input values as used in the analyses in this study.
For follow-up, only the number of visits could be
specified. Follow-up was assumed to consist of out-
patient visits, without extensive imaging or laboratory
assessments. Costs per year per disease state were
based on a meta-analysis specifying the costs per
dementia state and include potential medication use
(e.g. acetylcholinesterase inhibitors) or other treat-
ments that are prescribed in current practice [27]. In
current practice, lifestyle advice—such as recommen-
dations on physical activity, nutrition, and caregiver
support—is often provided. However, this guidance
differs from active intervention and is generally broad
and given irrespective of an individual’s estimated
progression risk. The treatment option in our model
applied to a situation in which efficient disease modi-
fying treatment with an estimated efficacy would be
available (either medication, specific lifestyle inter-
vention program, or both). This offers the possibility
to study the potential cost-effectiveness of a demen-
tia risk prediction tool if a treatment could be started

Prediction horizon

Converter

Non-converter

Low risk predicted

Converter Intermediate risk predicted

High risk

Low risk predicted

Non-converter

Intermediate risk predicted

High risk

Low risk predicted

Converter Intermediate risk predicted

High risk

Low risk predicted

Non-converter Intermediate risk predicted

High risk

Fig. 2 Decision tree representing short-term clinical pathway of both strategies
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based on the predicted outcome. Dementia leads to
high caregiver burden, resulting in substantial infor-
mal care costs and reduced caregiver QoL [27, 28].
Including caregiver costs and utilities in the valuation
can add value, particularly in health care settings that
rely heavily on informal caregiving. Accordingly, the
model can account for the costs and QoL of informal
caregivers per health state to perform the evaluation
from a societal perspective.

Decision tree

The decision tree (Fig. 2) represented the two strate-
gies (i.e. current practice and risk prediction involv-
ing a prediction tool) and how a risk was communi-
cated with a person with MCI in both strategies (i.e.
either general or individualized predictive informa-
tion). General predictive information consists of the
general explanation that approximately half of the
people with MCI will convert to dementia within 5
years. In contrast, an individualized risk prediction
consists of a risk to convert to dementia based on
individual test results. This individualized risk pre-
diction was operationalized as either two categories
(low or high risk) or three categories (low, interme-
diate, or high risk). In the risk prediction strategy,
the individualized risk prediction was based on the
results of a risk prediction tool—in this study, the
AI-Mind tool. In current practice, an individualized
risk prediction could be provided based on local
guidelines. The prediction horizon, i.e. the time
between the risk prediction until the end of follow-
up in which conversion from MCI to dementia is
predicted and can be clinically observed during fol-
low-up visits, can be 2, 3, or 5 years.

Markov model

A Markov model, with a lifetime horizon, simulated
the consequences of the predictive information on
the long-term (Fig. 3). Subjects entered one of the
MCI health states based on the received prognos-
tic information and the actual disease state at the
end of the prediction horizon, as confirmed during
clinical follow-up visits (stable MCI or conversion
to dementia). From the specific MCI state, subjects
could progress to mild dementia and subsequently
transition between different dementia states (mild,

MCI

Mild dementia

Moderate
dementia

Severe dementia

Possible MCl states
MCI converter MCl stable
general information general information
MCI converter MCl stable
high risk predicted high risk predicted
MCI converter MCl stable
low risk prediced low risk predicted

MCl stable ;
e

intermediate risk predict.

MCI converter
intermediate risk predicted

Fig. 3 Markov model simulating long-term follow-up

moderate, or severe). From all health states, sub-
jects could progress to death. After each cycle of
1 year, subjects could move between the disease-
severity specific health states in the model. For each
year subjects spend in a specific health state, corre-
sponding outcomes in terms of QoL and costs were
assigned.

Input values

Supplementary Table 1 shows the input values of
the model as used in this study. Input values can
be changed in the interactive online dashboard to
make the outcomes of the model applicable to other
situations.

@ Springer
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Probabilities

Sensitivity and specificity of the risk prediction tool
for individual dementia risk prediction were varied in
the model, as well as the proportion that gets an inter-
mediate predicted risk in case of three prediction cat-
egories (low, intermediate, or high risk). The 5-year
conversion rate from MCI to dementia was assumed
to be 38.2% based on a meta-analysis including 41
cohort studies [11]. We assumed a linear trend in the
conversion rate, resulting in an annual conversion rate
of 7.64% from MCI to dementia in the first 5 years.
After five cycles, the conversion rate from MCI to
dementia was assumed to be 2.3%, based on a study
in people with subjective cognitive decline [29]. The
probability to progress between the dementia states
was based on a study that used the SveDem regis-
try to estimate the natural progression in dementia
[30]. Age-related background mortality was based on
Dutch statistics on age-related death among the gen-
eral population (Supplementary Table 2) [31]. The
hazard rate (HR) for mortality in the different health
states was also based on the SveDem registry [30] and
a study by Andersen et al. [32]. In the online inter-
active dashboard, the prediction horizon of the risk
prediction tool can be selected to be 2, 3, or 5 years.
The effect of a disease modifying treatment can be
specified as a HR on progression from MCI to mild
dementia and is applied for 5 years. It is likely that
not every person will be eligible for treatment once
treatment becomes available. It is therefore possible
to specify the proportion of people that is eligible to
receive treatment. No standardized guidelines exist
for follow-up frequency: in this study, we assumed a
general follow-up frequency of one visit per year. The
proportion of people living in a nursing home facility
per disease state was derived from a study using the
National Alzheimer’s Coordinating Center Uniform
Data Set [33].

Costs

Costs (in Euros) were calculated from the Dutch
health care perspective and were adjusted to the price
index of 2023. Cost prices for health care personnel
and tests were based on the Dutch costing guidelines
[34, 35], and if not specified in the costing guide-
lines, based on hospital specific cost data (Radboud
University Medical Centre) or based on data of The
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Alzheimer’s Organization [36]. Medical care costs
per health state were based on a meta-analysis by
Jonsson et al. [27] in which direct medical, direct non-
medical, and informal care costs per dementia sever-
ity state were studied for different regions in Europe.
Medical care costs included inpatient care, outpatient
care and pharmaceuticals, and non-medical care costs
included residential care (e.g., nursing home) and
community care (e.g., home help or delivered meals)
[27]. Informal care costs included both costs related
to caregiver productivity loss and costs related to car-
egiver time [27]. Costs per health state were weighted
for the proportion in community or residential care
setting per dementia severity state [33]. The ratio of
costs for MCI compared to costs for mild dementia
was based on the ratio’s per cost category found by
Robinson et al. [37]. Costs for a (hypothetical) treat-
ment were not known and were therefore varied in
the model. Similarly, cost for the prediction tool were
varied. Costs were discounted with an annual rate of
3% [35].

Utility values

Effectiveness was measured in quality adjusted life
years (QALYs), a measure combining both survival
and health state utility. The latter is expressed on a
scale where 0 corresponds to death and 1 to perfect
health [38]. The impact on health state utility result-
ing from receiving a dementia risk prediction, both
with and without the availability of treatment, was
derived from a discrete choice experiment specifi-
cally designed to obtain input values for this study
[39]. This experiment was developed to capture how
risk prediction outcomes influence patient prefer-
ences and to quantify the impact on perceived quality
of life. (Dis)utility values related to the predicted risk
(—0.18 for high predicted risk, —0.05 for intermediate
predicted risk, +0.06 for low predicted risk) and the
availability or absence of intervention options (+0.13
for lifestyle intervention,+ 0.05 for medication inter-
vention) were added to the average utility in MCIL. We
applied these (dis)utilities only during the prediction
horizon for which the conversion risk was estimated.
For the subsequent cycles, we assumed that the pre-
dicted risk did no longer have an impact on QoL
anymore. We extracted caregiver rated utility values,
corresponding to the different dementia health states
in the model, from a meta-analysis by Landeiro et al.
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[40]. Health state utility of caregivers for people with
mild to severe dementia were based on a study by
Reed et al. [28]. The health state utility of those car-
ing for people with MCI was assumed to be the same
as for those caring for someone with mild dementia.
Treatment might result in side effects that lead to a
decrease in health state utility [23, 26], which can be
specified in the online tool. Effects were discounted
with an annual rate of 3% [35].

AI-Mind

The analyses in this paper were based on the Al-
Mind tool, which is currently being developed.
Al-Mind is an ongoing EU Horizon 2020 funded
project (www.ai-mind.eu) that aims to develop an
artificial intelligence (Al)-based prediction tool to
accurately estimate the risk of conversion to demen-
tia among people with MCI [15, 16]. The AI-Mind
study suggests that currently, a window of opportu-
nity for early intervention to reverse or delay onset
of dementia for those at high-risk of conversion is
missed and that individuals who are not at risk of
conversion to dementia may experience unnecessary
anxiety about their future and undergo avoidable
clinical procedures. The project aims to develop a
risk prediction tool for MCI to dementia conversion
by combining a comprehensive set of biomarkers,
including blood samples, sociodemographic infor-
mation, digital cognitive test scores, and electro-
encephalography (EEG) into Al-based algorithms.
With this prediction tool, the project aims to offer
a window of opportunity for improved guidance of
those identified as high-risk MCI subjects. AI-Mind
aims to predict the dementia conversion risk with a
high sensitivity and specificity of 95%.

Analyses

Costs and effects of both strategies were compared,
and an incremental cost-effectiveness ratio (ICER)
was calculated when applicable. The Willingness to
Pay (WPT) threshold was set at €20,000 per QALY,
based on the estimated burden of disease (Supple-
mentary material 3). Analyses were performed from
a healthcare perspective. The interactive online dash-
board offers the possibility to perform the analysis
from a societal perspective by including caregiver
costs and health state utility values.

Base case analysis

In the analyses conducted in this paper, we took one
scenario for both current practice and the risk predic-
tion strategy as an example. For the current practice
strategy, we assumed that MCI cases had been con-
firmed by a diagnostic workup consisting of neu-
ropsychological testing, laboratory assessment, and
MRI, as these diagnostic tests were shown to be most
often performed by a survey among European clini-
cians [21], which was confirmed during conversa-
tions with experts in the field. The risk of dementia
was communicated in general terms. Based on expert
consultations, we assumed that a geriatrician and neu-
ropsychologist are involved (besides the healthcare
personnel involved during MRI and laboratory test-
ing) for 90 and 150 min, respectively. Follow-up fre-
quency in general practice was assumed to be 1 visit
per year.

In the risk prediction strategy, the tests performed
correspond to the tests used in the AI-Mind tool: neu-
ropsychological testing, laboratory assessment, fluid
biomarkers derived from blood, EEG, and APOE4.
We assumed that a geriatrician and neuropsycholo-
gist are involved for the same duration in time as in
the current practice strategy. A prediction in two risk
categories was taken as an example for the base case
analysis. In alignment with AI-Mind’s objectives, the
prediction sensitivity and specificity were assumed to
reach 95%. The prediction horizon in the base case
analysis was 5 years, as this aligns with the observed
progression interval of MCI, and it corresponds to the
general belief that the initiation of (future) treatment
early in the disease trajectory offers the most the sig-
nificant benefit [41, 42]. Follow-up frequency in the
risk prediction strategy was assumed to be one visit
per year for people predicted to be at low risk of con-
version and two visits per year for people predicted
to be at high risk for conversion. In the base case
analysis, no costs were calculated for the AI-Mind
tool to support a threshold analysis. Table 2 specifies
the assumptions made for both strategies. The age of
onset of MCI was assumed to be 70 in the base case
analysis.

Headroom, scenario, and threshold analyses

Although the difference with the base case analysis is
small, we conducted a headroom analysis to evaluate

@ Springer


http://www.ai-mind.eu

GeroScience

Table 2 Base case assumptions current practice and risk prediction strategy

Current Practice

Risk prediction

Diagnostic and prognostic tests

Neuropsychological testingLab assessment (blood)MRI

Healthcare personnel + time involvement

Geriatrician: 90 minutesNeuropsychologist: 150 minutes

Information shared

General prognostic information

Prediction horizon

n.a.

Follow-up

Ix per year

Neuropsychological testingLab assessment (blood)Fluid biomarkers
(blood)EEGAPOE4

Geriatrician: 90 minutesNeuropsychologist: 150 minutes

Individual prognostic information- Costs prediction model = 0 euro2
prediction categories- 95% sensitivity and specificity

5 year

Low risk: 1x per yearHigh risk: 2x per year

the maximum potential value of the AI-Mind tool
assuming 100% predictive performance.

1)

2)

We conducted several scenario analyses:

In the first scenario analysis, the prediction hori-
zon was changed to 2 years. We evaluated the
impact of a shorter prediction horizon on poten-
tial cost-effectiveness since systematic reviews
showed that the follow-up period in prediction
model development and/or validation studies
is often 2 or 3 years [43]. Clinical follow-up in
the AI-Mind study is 2 years as well. We first
assumed the 95% sensitivity and specificity in
this analysis. Additionally, we evaluated the
impact of reaching a lower prediction sensitivity
and specificity of 80% over a prediction horizon
of 2 years. Based on the systematic review on
MCIT to dementia prediction models, we consid-
ered that a 95% prediction sensitivity and speci-
ficity might be challenging to reach and that 80%
might be more feasible [43].

In the second scenario analysis, we assessed the
impact of treatment based on the predicted con-
version risk as estimated by the AI-Mind tool.

a.  Treatment scenario a: This scenario was based
on the recent EMA approval of lecanemab for
MCT subjects and very mild stage AD patients
with confirmed amyloid beta plaques and one
or no copy of the ApoE4 allele. Based on
strict criteria, approximately 8% of the MCI
subjects will probably be eligible for treatment
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with lecanemab [44]. We assumed an HR of
0.7 for disease progression following treat-
ment, as was observed over 18 months in clin-
ical trials [23, 26]. We extrapolated this effect
to the 5-year progression rate in this study.
The annual treatment cost was set at €24,300
per subject per year [45], reflecting the antici-
pated market price for lecanemab. Side effects
of treatment are assumed to cause a disutility
of 0.14 for 12 weeks in 9.9% of the subjects
[46]. In the current practice strategy (with no
risk prediction), all ApoE4 negative or one
single-allele MCI/AD subjects who also ful-
fil the other in- and exclusion criteria were
assumed to receive lecanemab (8% of all MCI
subjects). In the risk prediction strategy (both
95% and 80% sensitivity and specificity were
evaluated), only subjects identified as high
risk by the AI-Mind tool, and fulfilling the
biomarker criteria, were assumed to receive
treatment. We assume that all individuals (8%
of the population) who fulfil the biomarker
criteria are included in the high-risk group as
identified by the prediction model. The high-
risk group may also include additional indi-
viduals who are not eligible for treatment. The
impact of this treatment scenario was evalu-
ated across different prediction horizons and
prediction tool performances.

b. Treatment scenario b: This scenario was
structured similarly to treatment scenario a
but differs in two aspects: it assumes univer-
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sal eligibility regardless of biomarker status.
In the current practice strategy, therefore,
all MCI subjects were assumed to receive
treatment. In the risk prediction strategy,
treatment was limited to those identified as
high-risk by the AI-Mind prediction tool.
Additionally, this scenario assumes lower
treatment costs of €5,100 per subject per
year [41], which was identified in a previous
cost-effectiveness analysis as the maximum
price at which lecanemab could be consid-
ered a cost-effective targeted treatment.

3) In the third scenario analysis, as current practice
differs considerably between centres, we explored
the potential cost-effectiveness of the AI-Mind
tool compared to a current practice situation in
which a more extensive test battery is performed,
including neuropsychological testing, laboratory
assessment, MRI, liquor (CSF), and PET. The
sensitivity and specificity of the AI-Mind tool
were assumed to be 95% in this analysis as well.

When applicable, a threshold analysis was performed
to determine the maximum cost at which the AI-Mind
tool would be considered a cost-effective alternative.

Sensitivity analysis

We performed a one-way deterministic sensitivity anal-
ysis to evaluate the impact of single input value uncer-
tainties on the model outcomes. We varied input values
for conversion rate from MCI to mild dementia, sen-
sitivity and specificity of the prediction tool, and (dis)
utility values associated with low and high predicted
conversion risk over a range of 25%. Other inputs were
comparable between the two strategies in the base case
analysis, as no consequences other than the impact on
quality of life and follow-up frequency based on the risk
prediction were applied in this analysis.

Results
Base case analysis
In the base case analysis, assuming a 95% predic-

tion sensitivity and specificity and a 5-year prediction
horizon without treatment, current practice remains

Table 3 Model outcomes

QALYs Costs (€) ICER (€/QALY)
Base case analysis
CP 9.36 115032 Dominant
RP 9.32 115928 -
Headroom analysis
CP 9.36 115032 Dominant
RP 9.34 115917 -
Scenario analyses
1) Prediction horizon 2-year
Sensitivity and specificity 95%
CP 9.36 115032 -
RP 9.40 115837 20,133
Sensitivity and specificity 80%
CP 9.36 115032 Dominant
RP 9.35 115900 -

2a) Treatment scenario 1*

Prediction horizon 5-year (sensitivity and specificity 95%)
CP 9.42 122714 Dominant
RP 9.39 127513 -

Prediction horizon 5-year (sensitivity and specificity 80%)
CP 9.42 122714 Dominant
RP 9.32 130150 -

Prediction horizon 2-year (sensitivity and specificity 95%)
CP 9.42 122714 -

RP 9.41 119800 291,400
Prediction horizon 2-year (sensitivity and specificity 80%)
CP 9.42 122714 Dominant
RP 9.36 124964 -

2b) Treatment scenario 2**

Prediction horizon 5-year (sensitivity and specificity 95%)
CP 9.41 135338 -

RP 9.43 121967
Prediction horizon 5-year (sensitivity and specificity 80%)
CP 9.41 135338 -

RP 9.36 123372 239,308
Prediction horizon 2-year (sensitivity and specificity 95%)
CP 9.41 135338 -

RP 9.42 117903
Prediction horizon 2-year (sensitivity and specificity 80%)
CP 9.41 135338 -

RP 9.38 120644 489,772

3) Current practice: extensive test battery***

Dominant

Dominant

Prediction horizon 5-year

Cp 9.36 116284 -

RP 9.32 115928 8892
Prediction horizon 2-year

Cp 9.36 116284 -
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Table 3 (continued)

QALYs
RP 9.40

Costs (€)
115837

ICER (€/QALY)

Dominant

CP = current practice strategy; RP = risk prediction strategy

* Medication, HR=0.7, current practice: 8% receives treat-
ment, risk prediction: 8% receives treatment (all high predicted
risk), proportion eligible = 8%, price = €24,300/year, side
effects = —0.14 (for 12 weeks, in 9.9%)

**Medication, HR=0.7, current practice: all receive treatment,
risk prediction: risk groups that receive treatment = high pre-
dicted risk, proportion eligible = 100%, price = €5100/year,
side effects = —0.14 (for 12 weeks, in 9.9%)

***% Tests current practice: neuropsychological testing, lab
assessment, MRI, CSF, PET

the dominant strategy as it results in both lower costs
and higher QALYs compared to the AI-Mind strategy
at the end of the total model duration (Table 3).

Headroom analysis

The headroom analysis shows that, under the assump-
tion of perfect prediction performance (100% sensitivity
and specificity) and a 5-year prediction horizon without
treatment, current practice remains the dominant strat-
egy, as it results in both lower costs and higher QALY's
at the end of the total model duration (Table 3).

Scenario analyses

1) In the first scenario analysis, evaluating the
impact of a shorter prediction horizon of 2 years
with a 95% prediction sensitivity and specificity,
implementing the AI-Mind tool results in higher
QALYs compared to current practice (9.40 vs
9.36). In this scenario, the ICER of 20,133 €/
QALY slightly exceeds the WTP threshold of
20,000 €/QALY. In a scenario with a prediction
horizon of 2 years and 80% prediction of sensi-
tivity and specificity, current practice appears to
be the dominant strategy as this results in higher
QALYs (9.36 vs 9.35) and lower costs (€115,032
vs €115,900) compared to implementing the Al-
Mind tool.

2) The second scenario analyses, assessing the
potential cost-effectiveness of the AI-Mind tool
in combination with targeted treatment for people
at high risk for conversion, show that
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a.  When a small proportion of the MCI sub-
jects would be eligible for treatment (8%),
based on the strict eligibility criteria for
lecanemab, current practice appeared to
be the most cost-effective alternative in all
analyses. Regardless of whether the pre-
diction tool results in 95% or 80% predic-
tion sensitivity and specificity, and whether
a S-year or 2-year prediction horizon is
applied, current practice yields higher
QALYs.

b.  When subjects would be eligible for treat-
ment regardless of biomarker status and at
reduced treatment costs, the AI-Mind strat-
egy would be considered the dominant strat-
egy both with a 5-year and 2-year prediction
horizon and 95% sensitivity and specific-
ity, as it results in higher QALY and lower
costs compared to current practice. How-
ever, treatment regardless of biomarker sta-
tus with a reduced prediction sensitivity and
specificity of 80%, the AI-Mind strategy
does not result in a cost-effective alternative
compared to current practice.

3) In the third scenario analysis, evaluating the
potential cost-effectiveness of the AI-Mind tool
compared to a current practice setting involv-
ing more extensive diagnostic testing, AI-Mind
appears to be considered the dominant strategy
in case of a 2-year prediction horizon given 95%
sensitivity and specificity. A threshold analysis
to assess the maximum costs for AI-Mind per
subject to remain the dominant or cost-effective
strategy shows that the maximum costs for Al-
Mind per subject could be €447 to remain the
dominant strategy and €1246 to remain consid-
ered the cost-effective alternative. As 80% pre-
diction sensitivity and specificity does result in
lower QALYs for the AI-Mind strategy com-
pared to current practice, no threshold analysis
for this scenario was performed.

Sensitivity analysis

Figure 4 shows the results of the deterministic sen-
sitivity analysis. Changes in conversion rate from
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Fig. 4 Tornado plot for deterministic sensitivity analysis.
A Effects; B Costs. This tornado plot illustrates the impact
of variations in parameter values on the observed difference

MCI to dementia, sensitivity, and specificity of
the prediction tool, and (dis)utility values associ-
ated with low and high predicted risk all appear to
have a considerable impact on incremental QALY's
of the risk prediction strategy compared to current
practice. Conversion rate from MCI to dementia and
sensitivity and specificity of the prediction tool also
have some impact, albeit mostly limited, on incre-
mental costs.

in costs and effects between both strategies (current practice
value—risk prediction strategy value)

Discussion

The aim of this study was to evaluate the potential
cost-effectiveness of implementing a prediction tool
for MCI to dementia conversion compared to cur-
rent clinical practice. We developed a decision model,
which we applied to the AI-Mind tool—a tool under
development for predicting MCI to dementia conver-
sion based on a comprehensive set of biomarkers—to
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demonstrate the potential cost-effectiveness of this
specific tool. An interactive online dashboard was
developed to enable flexible application of the model
across different healthcare settings and prediction
tools.

The base case analysis in this study shows that,
with a 5-year prediction horizon and 95% sensitivity
and specificity of the AI-Mind tool, current practice
is the dominant strategy, as current practice results
both in lower costs and higher QALYs (€115,032
vs €115,928; 9.36 vs 9.32). The lower QALYs are
explained by the negative impact of receiving a high-
risk prediction which outweighed the positive impact
of receiving a low-risk prediction. Although with a
shorter prediction horizon of 2 years, the QALY for
the risk prediction strategy increase to 9.40, with an
ICER of 20,133 €/QALY, current practice remains
the cost-effective alternative in this scenario. Under
specific conditions, however, implementing the Al-
Mind tool could become a cost-effective alternative
compared to current practice. When introducing a tar-
geted treatment strategy in addition to the risk predic-
tion, the results show that such a prediction tool could
result in a cost-effective alternative depending on the
treatment characteristics and the prediction sensitiv-
ity and specificity reached. Moreover, when compar-
ing the implementation of the risk prediction tool to a
situation in which extensive diagnostic testing is per-
formed, it could become a cost-effective alternative.

The results show a difference in total QALY for
the AI-Mind strategy when considering a 2-year or
5-year prediction horizon. This difference can be
explained by a difference in impact of the prognos-
tic information. Fewer people suffer from the nega-
tive impact of a high predicted risk when a prediction
tool estimates conversion risk in a 2-year prediction
horizon with 95% sensitivity and specificity. This is
because only a small proportion of the cases will be
classified as high risk: those who progress within 2
years and are correctly identified (true positives),
along with a few false positives (i.e. high predicted
risk but stable at 2 years after baseline). This small
proportion will experience the negative effect on
health state utility (—0.18) during the 2 years follow-
ing the prediction, whereas the remainder will experi-
ence the positive effect on health state utility (+0.06)
as the result of a low predicted risk. However, in sub-
sequent years, some cases that were correctly iden-
tified as stable at 2 years will progress to dementia.

@ Springer

These (high-risk) converter cases will be ‘missed’
by the initial prediction and will not benefit from
counselling and treatment if this becomes available
in the future. A 5-year prediction horizon might be
more clinically relevant, as it allows for the detection
of more cases that could benefit from, e.g. advanced
care planning and treatment strategies based on their
predicted risk, and as this contributes to treatment ini-
tiation earlier in the disease process. However, in this
scenario, more people are affected by the negative
impact on health state utility (—0.18). The disutility
associated with individuals receiving a high predicted
risk outweighs the utility gained (40.06) for those
predicted to be at low risk, especially in a scenario
where no treatment could be provided or where only
a small proportion of the subjects is eligible for treat-
ment. The deterministic sensitivity analysis shows
that, in a situation without treatment, a higher predic-
tion specificity leads to a decrease in QALY's, which
might seem counterintuitive. However, this can be
explained by the larger disutility of receiving a high
predicted risk than the increased utility after a low
predicted conversion risk.

The observed QALY differences between the mod-
elled strategies are small. The observed QALY differ-
ences may partly fall within the expected model noise
and, on average, might not be clinically meaningful
at the individual level. However, given the current
absence of widely applicable and effective disease-
modifying treatments, it is important to interpret
these results cautiously, as part of the population may
experience disutility from prognostic information
without experiencing subsequent clinical benefits.

The results show that when disease modifying
treatment could be provided regardless of biomarker
status, the AI-Mind strategy could result in a cost-
effective alternative. This applies for both a 2- and
S-year prediction horizon, if 95% sensitivity and
specificity would be reached. However, if only a small
proportion of subjects are eligible for treatment, the
added value of a risk prediction tool diminishes, and
the risk prediction strategy no longer results in a cost-
effective alternative compared to current practice.
If a reduced prediction sensitivity and specificity of
80% would be reached, treatment initiation based on
predicted risk would not lead to a cost-effective alter-
native with both a 2- and 5-year prediction horizon.
This could be explained by a lower number of true
positives identified that would benefit from treatment
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and a higher number of false positives that receive
treatment while they will not benefit from it.

In the scenarios, we based the treatment effect on
observations made in of lecanemab and donanemab
[23, 26], which also corresponds to assumptions
made in other cost-effectiveness models [47].
Although it introduces potential over- or underes-
timation of the treatment effect, we extrapolated
the observed treatment effect beyond the available
18-month follow-up evidence from clinical studies
to a 5-year horizon. Due to the limited empirical evi-
dence on sustained treatment effect, persistence of the
treatment effect over time was assumed. Since, in this
scenario analysis, only people at high risk are treated
in the risk prediction strategy, the side effects of treat-
ment remain limited to those most likely benefitting
from treatment in the risk prediction strategy. As all
cases in the current practice strategy received treat-
ment, this also results in side effects and additional
costs for those who will not benefit from treatment.
Since lecanemab and donanemab are only considered
eligible for individuals who are amyloid positive and
have one or no copy of the ApoE4 allele, in practice,
a limited number of people would benefit from these
treatments, potentially influencing the effect of initiat-
ing treatment based on the risk prediction. It is likely
that when a risk prediction tool for MCI to demen-
tia prediction is introduced in practice, this should be
applied in combination with a test suggesting patho-
logical amyloid load to select those high-risk cases
that will benefit from treatment.

Our study adds to previously performed studies
in this field. For example, a cost-effectiveness analy-
sis evaluating the potential of adding CSF testing to
the diagnostic work-up in people with MCI showed
a potential for CSF biomarkers to determine disease
prognosis to be cost-effective. This result was, how-
ever, marked by a high degree of uncertainty, as the
impact of the prediction on quality of life was based
on expert opinion rather than based on empirical
research. Authors concluded the need for such empir-
ical evidence on the impact of a prognosis on qual-
ity of life [48]. Our model included health state (dis)
utility values corresponding to predicted conversion
risk, which have been extracted from a study specifi-
cally designed to obtain this information, and showed
a considerable impact of these (dis)utility values on
model outcomes. In line with our study, Michaud
et al. show that guiding treatment decisions based on

predicted risk of progression from MCI to dementia
could potentially result in a cost-effective strategy,
albeit dependent on the level of treatment effective-
ness [49]. We show that, in addition to treatment
effectiveness, the proportion of cases that is correctly
identified as eligible for treatment is also an important
factor. Nguyen et al. performed a modelling study to
quantify the cost-effectiveness of lecanemab and to
evaluate how the cost-effectiveness varies based on
the accuracy of Alzheimer’s disease testing and the
presence of APOE e4 status, known genetic risk fac-
tor of AD. They concluded that targeted lecanemab
treatment and treatment unrestricted by ApoE4 geno-
type do not result in cost-effective strategies, given
the current market price for lecanemab. Therefore,
the standard of care remains the optimal strategy
from a cost-effectiveness perspective [41].

Al-Mind is not the first project aiming to develop
an accurate prediction model for the conversion of
MCI to dementia. An example of another prediction
tool for this purpose is an Al-guided tool, using cog-
nitive tests and structural MRI, to predict whether
subjects with MCI will remain stable or progress to
dementia within 3 years. This predictive prognos-
tic model demonstrated a sensitivity of 82.4% and a
specificity of 80.9% [50]. Furthermore, this tool is
capable of predicting whether an individual will dem-
onstrate rapid or slow progression. The predictive
performance of this tool is considerably lower than
the 95% sensitivity and specificity that AI-Mind aims
to reach. A systematic review of prediction models
for MCI to dementia conversion suggests that achiev-
ing this level of predictive performance may be chal-
lenging [43]. Most models in this review were not
externally validated and demonstrated predictive per-
formances below the 95% sensitivity and specificity
threshold when evaluated internally. Our results show
that in scenario’s where a prediction sensitivity and
specificity of 80% would be reached, even a targeted
treatment strategy based on the predicted outcomes
would not result in a cost-effective alternative. This
could be explained by a higher number of false posi-
tive and false negative cases, resulting in an increased
impact of disutility as a result of a high predicted risk
and a smaller number of converters benefitting from
disease progression delaying treatment if applicable.

A strength of this study is that we provide valu-
able information on the potential cost-effectiveness
of using a prediction tool for estimating the risk of
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conversion from MCI to dementia. This is in line with
developments in the field, where identifying individu-
als at risk has gained much attention over the last dec-
ades. Information from our analysis could guide the
further development and pricing of the AI-Mind tool
specifically [2, 18]. Our analyses provide information
into the conditions under which implementing the Al-
Mind tool would be considered a cost-effective alter-
native to current practice. This includes factors such
as the required sensitivity and specificity, associated
costs, and other prerequisites like disease-modify-
ing treatment. This information can steer the further
development of the tool. In addition, by providing an
interactive online dashboard, we enable the explora-
tion of implications across various settings and pre-
diction tools, also beyond AI-Mind. This is crucial, as
current practices for managing people with MCI vary
significantly between countries and even between set-
tings in the same country, and as a variety of predic-
tion tools for this purpose are developed.

Some limitations of this study also need consid-
eration. First, in our decision model, we do not make
a distinction between underlying causes of demen-
tia (e.g. Alzheimer’s disease, vascular dementia). In
practice, dementia with different underlying causes
might result in different survival rates, costs, car-
egiver burden, and different treatment options. With
the interactive online dashboard, however, it is pos-
sible to study the potential cost-effectiveness for
specific settings and subject groups. Second, in our
scenario analyses, we modelled the impact of treat-
ment based on the predicted conversion risk. We did
not include treatment duration, waning, and discon-
tinuation (e.g. due to adverse effects). As a result,
the effects of treatment are taken into account rela-
tively roughly, whereas in practice, this will be more
nuanced. Third, although it could be considered rel-
evant to perform a probabilistic sensitivity analysis
(PSA) also in early HTA studies, we did not perform
one. In this study, uncertainty extends beyond param-
eter uncertainty (e.g. disease progression rates), as
current clinical practice varies substantially across
countries and healthcare settings, and, therefore, a
structural level of uncertainty is introduced as well
(e.g. tests performed, prediction horizon). Conducting
a PSA in this study would have involved comparing
one defined current practice scenario to the imple-
mentation of a prediction tool. PSA results might be
context-specific and not reflect the broader variability
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in current practice. We believe a PSA would give an
invalid reflection of uncertainty, as it is related only
to a limited selection of factors for which a quanti-
fication of uncertainty was available. We therefore
focused on scenario-based analyses to better capture
the impact of different clinical contexts and input val-
ues. Fourth, cost estimates in the model are based on
Dutch healthcare costs, and results of the model using
cost prices of other countries could therefore change.
The interactive dashboard provides the possibility to
study the potential cost-effectiveness with costs that
are applicable in other countries or settings as well.
Fifth, although advanced care planning is one of the
benefits of early identification of subjects at high
risk of progression, both for the subjects and infor-
mal caregivers, we did not capture this in the model.
Research suggests that advanced care planning could
have positive effects on various aspects, such as qual-
ity of life; however, there is limited direct evidence
available specifically for subjects with MCI [51-53].
One of the benefits of estimating the risk of con-
version from MCI to dementia is the potential for
early intervention attributed to subjects where there
is a high risk of conversion. This helps limit the
costs associated with administration of present and
future drugs and, more important, limit the poten-
tial side effects, which can be severe and may not
be ethically justifiable for individuals at low risk of
conversion. In addition, some studies have shown
individuals with MCI express a desire to receive
information regarding the expected course of their
symptoms [54, 55]. The objective of this study was
to evaluate the potential cost-effectiveness of imple-
menting a prediction tool—here, the AI-Mind tool—
for the conversion of MCI to dementia. This study
demonstrates that the effect of receiving a dementia
risk prediction on health-state utility has a signifi-
cant impact on the potential cost-effectiveness, espe-
cially the negative impact of a high predicted con-
version risk, regardless of whether that prediction is
correct or incorrect, has a significant impact on the
outcomes. We show, however, that under very spe-
cific conditions, depending on the prediction hori-
zon and treatment options, the AI-Mind tool has
the potential to become cost-effective. Our analyses
show that the outcome of the model is sensitive to
variations in input values for conversion rate from
MCI to dementia, sensitivity, and specificity of the
prediction tool, and (dis)utility values associated
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with the risk prediction. Moreover, the outcome
is sensitive to variations in the scenarios that were
evaluated. The clinical relevance of scenarios in
which the AI-Mind tool or other dementia risk pre-
diction tools appear to result in a cost-effective alter-
native should be critically evaluated for clinical rel-
evancy. If a prediction tool is considered clinically
relevant and is implemented in practice, the demand
for health services associated with risk prediction is
likely to increase. Our study focuses on participants
referred to a memory clinic or similar specialized
setting. However, many MCI cases are currently not
referred to specialized centres. This might change
when risk prediction would become a standard of
care. This underscores the importance of evaluat-
ing whether implementation in practice would be
feasible, in addition to demonstrating the potential
cost-effectiveness.

To conclude, under the current clinical conditions,
implementing a dementia risk prediction tool similar
to AI-Mind is not likely to result in a cost-effective
alternative due to an overall decrease in quality of life
resulting from information on conversion risk. How-
ever, under specific circumstances and assumptions, a
risk prediction tool has the potential to become a cost-
effective alternative compared to current practice. We
recommend to critically evaluate the clinical relevance
of cost-effective scenarios with respect to locally avail-
able treatment options and costs before considering
further development and eventual implementation.
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