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Abstract

INTRODUCTION: We aimed to develop an algorithm to predict the individualized risk
of future dementia using brief cognitive tests suitable for primary care.

METHODS: We included 612 participants with subjective cognitive decline (SCD) or
mild cognitive impairment (MCI) from the Alzheimer’s Disease Neuroimaging Initiative
(ADNI) study, assessed for at least 4 years or until progression to dementia. A logistic
regression model, using cognitive tests as predictors and dementia progression as an
outcome, stratified participants into low, intermediate, or high risk. A second model,
including 1-year cognitive test changes, was applied to the intermediate group. The
models were replicated in 392 SCD/MCI participants from the BioFINDER-1 study.
RESULTS: The best two-step model for predicting dementia incorporated Trail Mak-
ing Test B (attention/executive function), Animal Fluency (verbal fluency), Mini-Mental
State Examination (global cognition), and 10-word list recall (memory). The model’s
positive predictive value in ADNI was 85.8% and negative predictive value was 92.2%
versus 62.5% and 95.6%, respectively, in BioFINDER-1.

DISCUSSION: This two-step model accurately predicts individualized dementia risk.

KEYWORDS
cognitive impairment, dementia, mild cognitive impairment, prediction dementia, subjective
cognitive decline, two-step model
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Highlights

1 | BACKGROUND

Dementia, or major neurocognitive disorder, is a clinical syndrome
characterized by changes in cognition and behavior as well as impair-
ments of activities in daily living.! The syndrome affects more than 50
million people worldwide and is anticipated to double by 2050.2 The
most common cause of dementia is Alzheimer’s disease (AD), while
less common causes are vascular disease, Parkinson’s disease, demen-
tia with Lewy bodies (DLB), and frontotemporal dementia (FTD).3#
Regardless of whether the treatment is focused on lifestyle and mul-
timodal interventions or novel anti-amyloid treatment for AD, it is
hypothesized that such interventions should be started as early as
possible.>” It is therefore crucial to optimize the early diagnostic pro-
cess. Though there are now available blood-based biomarkers, such as
phospho-tau217 and neurofilament light for early detection of neu-
rocognitive disorders,® 1! they are not widely available for diagnostic
workup or screening. Further, the best performing biomarkers are pri-
marily studied for assessing AD. However, the diagnostic landscape for
cognitive impairment is highly diverse, encompassing various cognitive
disorders that may eventually lead to dementia.

There is already approved anti-amyloid treatment for AD in the
United States and elsewhere.!?2 With available disease-modifying
treatment for AD, there will expectantly be a significant increase in
the number of patients seeking healthcare for evaluation of their cog-
nitive symptoms. Therefore, in everyday clinical practice, clinicians
urgently need accessible and brief decision-support algorithms, espe-
cially in primary care, where the triaging of patients with cognitive
impairment first takes place. These algorithms could help identify two
groups: patients at high risk of progressing to dementia, who require
further evaluation to determine the underlying cause, and those at low
risk, who can either be reassured or monitored in primary care, with
follow-up risk assessments to optimize symptom management and plan
effectively for the future.'®

Although previous studies investigated predictors of future

dementia,?14-22

none developed algorithms utilizing easily accessible
measures for individualized prognosis in individuals seeking care for

cognitive symptoms. Furthermore, these studies do not reflect a real
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* To our knowledge, this is the first algorithm for predicting all-cause dementia using
a novel two-step model utilizing brief cognitive tests.

* Applying avalidated model including the Trail Making Test B, Animal Fluency, MMSE,
Alzheimer’s Disease Assessment Scale delayed, and immediate recall can robustly
and accurately categorize individuals into low, intermediate, or high risk of dementia
progression and can facilitate clinical decision-making and personalized patient care.

* We created an app that is available for research and educational purposes at https://
brainapps.shinyapps.io/PredictAllCauseDementia to provide an individualized risk

score for dementia progression.

clinical setting where people with subjective or objective cognitive
symptoms seek healthcare. External validation of existing dementia
prediction models has highlighted the need for updated models due
to high variability in discriminative power (area under the curve
[AUC] ranging from 0.55 to 0.81).2 Repeated measures over time
allow for dynamic prediction models that can be updated as new
information becomes available. Previous research suggested that
multiple serial measurements over time can enhance the predictive
accuracy of AD.24"26 However, to our knowledge, no previous models
created practical tools for clinicians to predict individual progression
to dementia based on longitudinal cognitive test results.

Patients seek healthcare at various stages of their cognitive decline,
ranging from having subtle subjective symptoms to clear objective
impairment.2” Some individuals may present with an evident low or
high risk of progressing to dementia based on the initial assessment.
However, for other patients, the initial evaluation may be inconclu-
sive, necessitating follow-up with repeated testing. Such a two-step
workflow has been applied in the screening for AD using plasma
biomarkers and proved to effectively reduce the need for confirma-
tory testing in some cases.2® Thus, we hypothesized that a two-step
model for cognitive testing would align well with clinical practice and
current workflows. We aimed to develop a model for predicting all-
cause dementia at 4 years by analyzing existing longitudinal data in
individuals with cognitive symptoms from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) study. We planned to replicate our
findings in the BioFINDER-1 study. We also aimed to develop an app
that calculates individualized risk scores.

2 | METHODS
2.1 | Participants

In Table 1, we present the demographics of the participants. For the
training cohort, where the models were developed, we included 612
participants with subjective cognitive disorder (SCD) and with mild
cognitive impairment (MCI) from ADNI1, ADNI2, and ADNI3 within
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RESEARCH IN CONTEXT

1. Systematic review: We reviewed the literature using
PubMed. We found no previous studies for individual-
ized prediction of all-cause dementia based on data from
people with subjective cognitive decline or mild cognitive
impairment using brief cognitive tests.

2. Interpretation: In a cohort from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) study, a logistic regres-
sion model was trained using baseline brief cognitive tests
and progression to dementia as outcome to identify those
at low, intermediate, and high risk of future dementia, at
4 years from baseline. A second model, including addi-
tional follow-up tests at 1 year from baseline, was trained
in those at intermediate risk. We replicated the two-
step model in the BioFINDER-1 study, where it had a
high total negative predictive value (95.6%) and a mod-
erate positive predictive value (62.5%). This approach
could, for example, assist primary care physicians in
developing a patient care plan based on the initial visit.
For intermediate-risk patients, it may involve scheduling
follow-up cognitive testing a year later, while high-risk
patients could be referred to secondary care for fur-
ther evaluation. For low-risk patients, the focus could
shift to identifying other possible causes of cognitive
symptoms, such as psychiatric disorders or medication
side effects. An app was developed for calculating the
individualized risk for progression to all-cause demen-
tia using these models (https://brainapps.shinyapps.io/
PredictAllCauseDementia).

3. Future directions: Further studies should validate the
models on larger, more diverse populations. Additional
tests, including novel digital cognitive tests, could

improve their accuracy.

the prospective and longitudinal ADNI study (https://adni.loni.usc.
edu/). All participants from ADNI had complete data for all the exam-
ined cognitive assessments. The models, with cutoffs established using
the training cohort, were then applied to a validation cohort from
the prospective and longitudinal BioFINDER-1 study (NCT01208675).
Participants with cognitive complaints were included consecutively
in BioFINDER-1 and were categorized as having SCD or MCI. We
included 176 participants from BioFINDER-1 with SCD and 216 with
MCI, all of whom were followed for at least 4 years or until they
progressed to dementia (AD or other dementia types) within that time-
frame, according to our previously published methodology.® Figure 1
describes the selection of participants in ADNI and BioFINDER-1
at the different steps. Inclusion and exclusion criteria for ADNI and
BioFINDER-1 studies are outlined in Supplementary File 1. We chose
the ADNI dataset as a training study due to its larger cohort size

RIGHTSE LI MN iy

THE JOURNAL OF THE ALZHEIMER’S ASSOCIATION

(612 participants compared to 392 in BioFINDER-1). Additionally, the
BioFINDER-1 cohort more closely mirrors real-world scenarios, as
study participants were recruited from a memory clinic while seeking
help for cognitive symptoms.

2.2 | Cognitive tests and other predictors of future
dementia

The cognitive tests included in the model selection were the
Alzheimer’s Disease Assessment Scale (ADAS) immediate recall,
ADAS delayed word recall, Naming Objects and Fingers and Con-
structional Praxis parts from ADAS-cog, Animal Fluency, Mini-Mental
State Examination (MMSE), Trail Making Test A and B (TMTA and
TMTB), Clock Drawing Test, and Copy Clock Test. In ADAS immediate
recall, participants are given 10 words printed on white cards and
are asked to read the words aloud and remember them. Participants
then attempt to recall as many words as possible from the list. The
procedure is repeated for two additional learning and recall trials. The
ADAS immediate recall score is the average of the three learning trials.
The ADAS delayed recall trial is the number of words remembered
after a short delay. For both the ADAS delayed recall and ADAS
immediate recall subscales, points are counted as the number of
words the participant does not recall, with higher points indicating
worse performance.?? In the Naming Objects and Fingers subscale
of ADAS, participants are asked to name 12 randomly presented real
objects, which vary in frequency from high to low, as well as name
the fingers on his/her dominant hand. In the Constructional Praxis
subscale, participants are asked to copy four geometric forms, ranging
from a simple circle to a more complex cube.®® In Animal Fluency,
participants are asked to name as many animals as they can in 60 s.51
The MMSE is a widely recognized global cognitive assessment with
a maximum score of 30 points.32 In TMTA, participants draw lines
between numbers in ascending order. In TMTB, participants alternate
between letters and numbers in the correct order. The result is the
time it takes participants to complete the tests. TMTA and TMTB
assess visual scanning, processing speed, and mental flexibility.33
In the BioFINDER-1 study, TMTB was performed every other year.
Therefore, the TMTB results at the 1-year follow-up were calculated
by taking the difference in baseline and 2-year follow-up results
divided by 2 to determine a mean annual change. In the Clock Drawing
Test, participants are asked to draw a clock, fill in all the numbers, and
set the hands for 10 past 11. Following this, participants are asked to
copy a clock from a model, referred here to as the Copy Clock Test.
The Clock Drawing Test assesses auditory comprehension, planning,
visual memory and reconstruction, visuospatial abilities, and motor
programming and execution.®*

Other predictors included in the model were sex, age, and years of
education. Since magnetic resonance imaging (MRI) is often included
in the initial work-up, we included cortical thickness from temporal
regions (which are prone to atrophy caused by AD3>3%) in a sec-
ondary analysis. Cortical thickness was quantified using FreeSurfer

version 5.1 (http://surfer.nmr.mgh.harvard.edu). The temporal compos-
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TABLE 1 Demographics for participants in ADNI and BioFINDER-1.

ADNI BioFINDER-1

Progressing Not Progressing Not

to dementia progressing p to dementia progressing p
No. participants 7SCD, 294 103SCD, 208 <0.001 245SCD, 117 152 SCD, <0.001
included at baseline MCI MCI MCI 99 MCI
No. participants 0SCD, 76 5SCD, 89 MCI 0.1 12SCD, 26 48 SCD, 51 0.09
included at 1-year MCI MCI MCI
follow up
Education, years (SD) 16.0(2.8) 16.5(2.6) <0.001 11.3(3.4) 12.0(3.5) 0.06
Age (SD) 74.1(7.1) 71.8(6.3) <0.001 72.2(5.2) 70.2(5.5) <0.05
Sex 124 female, 177 female, 0.1 80 Male, 61 122 Male, 0.14

150 male 161 male Female 129 Female
Tests at baseline (mean,
SD)
MMSE 26.9(1.8) 28.8(1.4) <0.001 27.1(1.8) 28.1(1.7) <0.001
ADAS delayed recall 7.0(2.2) 34(2.2) <0.001 7.0(2.0) 4.0(2.4) <0.001
ADAS immediate 5.9(1.6) 3.6(1.5) <0.001 54(1.2) 3.7(1.5) <0.001
Animal fluency 15.2 (4.6) 20.4(5.1) <0.001 13.0(5.0) 19.3(6.0) <0.001
TMTA 47.9 (23.6) 33.2(11.7) <0.001 63.3(23.0) 46.8 (16.5) <0.001
TMTB 144.4(78.0) 79.9(35.3) <0.001 133.4(29.5) 104.7 (27.6) <0.001

Abbreviations: ADAS, Alzheimer’s Disease Assessment Scale; BL, baseline; MCI, mild cognitive impairment; MMSE, Mini-Mental State Examination; SCD,
subjective cognitive decline; SD, standard deviation; TMTA, Trail Making Test A; TMTB, Trail Making Test B.

612 included with SCD or
MCI for analysis in step 1

392 included with SCD or
MCI for analysis in step 1

204 participants with
low risk

226 participants with

182 participants with
high risk

106 participants with
low risk

170 participants with

64 participants with
high risk

16 excluded due to lack
of data

40 excluded due to
progressing to dementia

within one year

38 excluded due to lack
of data

6 excluded due to
progressing to dementia

within one year

170 participants included
(A) in step 2

126 participants included
(B) in step 2

FIGURE 1 Selection of participants and numbers at each step in ADNI (A) and in BioFINDER-1 (B).

ite was calculated based on the cortical thickness in the entorhinal,
inferior temporal, middle temporal, and fusiform regions, as described
elsewhere.?” In the ADNI study, MRI scans were conducted with 1.5T
or 3T scanners, and for this study we used non-accelerated T1 images.
All participants from BioFINDER-1 were imaged with a 3T Siemens Trio

Scanner.

2.3 | Outcome

The outcome variable was progression to any dementia within 4 years.
In the ADNI study, participants undergo a series of tests repeated
at intervals over subsequent years, including clinical evaluation, neu-

ropsychological testing, genetic testing, lumbar puncture, MRI, and
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positron emission tomography (PET) scans. Based on these measures,
a physician determines progression to dementia (see study proto-
cols for ADNI at https://adni.loni.usc.edu/methods/documents/). In
BioFINDER-1, dementia was diagnosed through clinical consensus
assessments according to the Diagnostic and Statistical Manual of
Mental Disorders, Fifth Edition (DSM-5) criteria for major neurocog-
nitive disorders®® by physicians at the Memory Clinic, as previously
described.®

2.4 | Statistics

Logistic regression and receiver operating characteristic (ROC) analy-

ses were used to predict future dementia. The outcome variable was
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progression to dementia within 4 years (yes/no, ie, presence of demen-
tia at 4 years). The predictors examined in the first step were age
at baseline, sex, years of education, and total scores for the cogni-
tive assessments MMSE, ADAS delayed recall, ADAS immediate recall,
ADAS Naming Objects and Fingers, ADAS Constructional Praxis, Clock
Drawing Test, Copy Clock Test, TMTA, TMTB, and Animal Fluency.
Model selection was data-driven, using the MuMIn package (Multi-
model Inference) in R. This approach tested all possible predictor
combinations to identify the model with the lowest Akaike information
criterion (AIC) and the fewest predictors, as previously described.3? If
several were found, the model with the fewest variables was chosen to
keep the model as parsimonious as possible. Using the probability out-
put from this logistic regression model, we applied thresholds to define
high and low probability (of progression to dementia). These were set
at 95% specificity and 95% sensitivity, following a previously described
stratification method.*%4! To verify that the model was not overfit-
ted due to the many combinations tried, we utilized an independent
replication cohort for validating the model.

For participants with intermediate risk (probabilities between the
cutoffs for high and low probability), a second model selection was
performed, now also including 1-year changes in test results. Figure 1
describes the selection of participants in ADNI and BioFINDER-1 for
the different steps. The probability cutoff for low risk of progres-
sion to dementia in this second step was set at 90% sensitivity to
ensure a high negative predictive value (NPV), which is important in
an initial work-up in primary care to rule out underlying dementia.
Note that this second step only included one cutoff, thereby elimi-
nating the intermediate risk. All statistical analyses were performed
using the R programming language (version 4.2.2). p values for com-
parisons between ADNI and BioFINDER-1 and between progressing
versus non-progressing groups were calculated using a t test for age
and education, Fisher’s exact test for sex, progression to dementia,
and SCD/MCI and Spearman’s rank correlation test for associations
between test results. Additionally, we created an online tool for pre-
dicting an individual’s risk of progression to all-cause dementia within
4 years by inserting results from the logistic regression models.

3 | RESULTS
3.1 | Demographics

We included 612 participants from the ADNI study who were classi-
fied as either SCD or MCI. The mean age of the total cohort was 72.9
years (SD 6.8), 338 (55.2%) were men, and the mean number of edu-
cation years was 16.3 (SD 2.7). Out of these participants, 301 (49.2%)
progressed to dementia within 4 years. We replicated our findings
in 392 participants from the BioFINDER-1 study. The mean age for
the total cohort was 70.9 years (SD 5.5), 202 (51.5%) were men, and
the mean level of education was 11.8 (SD 3.5) years. A total of 141
(36.0%) participants in BioFINDER-1 progressed to dementia within
4 years (see Table 1 for demographics). Comparisons of demographic
factors between ADNI and BioFINDER-1 are detailed in Table S1. In
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BioFINDER-1, 298 (76.0%) were referred to the Memory Clinic from
primary care and 37 (9.4%) from other specialist clinics, and 32 (8.2%)
were self-referrals. Referral method data were missing for 25 partici-
pants (6.4%). The participants were followed for an average of 5.2 years
(SD 2.8). Among the 141 who progressed to dementia within 4 years,
the mean time to progression was 3.4 years (SD 2.1). Additionally, 80
participants progressed to dementia later than the 4-year follow-up
period, doing so within a mean of 5.8 (SD 1.4) years. The 171 partici-
pants who did not progress to dementia were followed for a mean of
7.4 years (mean 1.7).

3.2 | First model selection step in training cohort
(ADNI)

Inthe first step (Figure 2A), the MuMIn model identified the best model
for predicting progression to dementia within 4 years in ADNI based
on the lowest AIC. The best model included the following variables:
ADAS delayed recall, ADAS immediate recall, Animal Fluency, TMTA,
and TMTB (Supplementary File 2A). None of the demographic vari-
ables, age, sex, or education, were selected using the MuMIn package
in R. All remaining variables were statistically significant (p < .05). The
final model gave an AUC of 0.91 (95% confidence interval [Cl]: 0.89 to
0.94) in ADNI. When applying upper and lower cutoffs at 95% sensitiv-
ity and 95% specificity from the logistic regression model, the resulting
positive predictive value (PPV) was 91.8% (with 29.7% of subjects
above the upper cutoff), the NPV was 92.6% (with 33.3% of subjects
below the lower cutoff), and accuracy was 92.2% (excluding partic-
ipants with an intermediate probability between the cutoffs, which
comprised 36.9% of subjects). A total of 122 participants in ADNI pro-
gressed to dementia within 1 year, five of these were screened as being
at low risk, 40 as being at intermediate risk, and 77 as being at high risk
at the first step. We present baseline test results for these individuals in
Table S2. Among the 110 participants with SCD, 87 (79.1%) were clas-
sified as low risk for progression to dementia, two (1.8%) as high risk,
and 21 (19.1%) as intermediate risk. In contrast, of the 502 participants
with MCl, 117 (23.3%) were identified as low risk, 180 (35.9%) as high
risk, and 205 (40.8%) as intermediate risk.

3.3 | Second model selection step in training
cohort (ADNI)

For the second step in ADNI (Figure 2B), representing a 1-year
follow-up visit with new cognitive testing, we included the partici-
pants with intermediate risk/probability of progressing to dementia
according to the model in the first step (ie, those between the two
cutoffs) (Supplementary File 2B). Participants with intermediate risk
were included if they had undergone cognitive testing at a 1-year
follow-up visit and were excluded if they had progressed to dementia
by that time. Out of the initial cohort, 226 individuals (36.9%) fell
within the intermediate-risk range. Of these, 40 participants were

excluded due to progression to dementia at the 1-year follow-up, and
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FIGURE 2 Two-step model predicting progression to dementia in ADNI and BioFINDER-1. (A) Probabilities of progressing to dementia within
4 years in Step 1 according to model (N = 612). (B) Intermediate group shows probability of progressing to dementia within 3 years (N = 170). (C)
Probabilities of progressing to dementia within 4 years in BioFINDER-1 using Step 1 model and cutoffs derived in ADNI (N = 392). (D) Probabilities
of progressing to dementia within 3 years in intermediate group in BioFINDER-1 using Step 2 model and cutoff derived in ADNI (N = 126).

16 were excluded due to missing data (Figure 1A). This resulted in 170
remaining participants for the second step of the model selection. In
the second step of the two-step model, we identified the best model
for predicting progression to dementia within the remaining 3 years
(while dementia status at 4 years remained the outcome of the model).
The model included the tests TMTB, MMSE, ADAS delayed recall,
and ADAS immediate recall, along with the changes in these test
results over the 1-year follow-up period. In the logistic regression
analysis, all predictors were statistically significant apart from the
difference/change in TMTB (p = .06). The model demonstrated an AUC
of 0.92 (95% Cl: 0.87 to 0.96), a PPV of 74.2%, a NPV of 90.9%, and an
accuracy of 81.9% using a cutoff at 90% sensitivity in ADNI. Figure 3A
illustrates the changes in the probability of progression to dementia

from Step 1 to Step 2 for individuals with intermediate risk in ADNI.
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The figure shows how intermediate probabilities in Step 1 are largely
refined into more accurate and distinct probabilities (either lower or
higher) in Step 2, facilitating clearer differentiation between those
likely to progress to dementia and those expected to remain stable.
Additionally, we present mean baseline cognitive test scores for all
included participants in ADNI, categorized by their risk levels (low,

intermediate, or high) for future dementia in Table S3.

3.4 | Two-step model replicated in validation
cohort (BioFINDER-1)

We then applied the two-step model to the BioFINDER-1 cohort,

using the estimates from the logistic regression model and the cutoffs

85U80| 7 SUOWIWIOD 3A1e8.D 3|qeol(dde ay) Aq pausenob e sajofe YO 88N JO 3Nl Joj AXIq1T8UIIUO AB]IA UO (SUORIPUOD-PUR-SWLBI W00 A3 | 1M Afeiq | puljuo//:Sdny) SUORIPUOD PUe swiie 1 8U3 88S *[¢202/0T/G5e] uo A%eiqiauliuo A|im 1uioyieD JO AIseAIIN AQ SOEYT ZIe/200T OT/I0p/wod A8 |1m Atelq pul|uoS uINo -z [e//Sdiy Wouy papeo|umoq ‘0 ‘6/252SST


https://alz-journals.onlinelibrary.wiley.com/action/rightsLink?doi=10.1002%2Falz.14305&mode=

Alzheimer’s & Dementia® K

BORLAND ET AL.
THE JOURNAL OF THE ALZHEIMER’S ASSOCIATION
ADNI BioFINDER-1

1.00 ’ 1.00

0.75 H 0.75
= s =

m

% 0.50 é 0.50
o ! o} !
i 1 E
& o2 i 0.25

0.00 b 0.00 '

Step 1 Step 2 Step 1 Step 2

FIGURE 3 Probabilities of progressing to dementia within 4 years in Steps 1 and 2 for individuals with intermediate risk in ADNI (N = 170) and
BioFINDER-1 (N = 126). Blue = non-progressors, red = progressors. The bold line shows mean probabilities for progression to dementia.

established in ADNI. In the first step (Figure 2C), the model achieved
an AUC of 0.86 (95% ClI: 0.82 to 0.89). In this analysis, among 176
individuals with SCD, 100 were classified as low risk, nine as high risk,
and 67 as intermediate risk. Of the 216 individuals with MCI, 18 were
classified as low risk, 95 as high risk, and 113 as intermediate risk.
Among those predicted to be at high risk of progression to dementia,
74 individuals did progress to dementia within 4 years, while 30 did
not (PPV = 71.2%). Among those predicted to be at low risk, 115 did
not progress to dementia, and only three did progress within 4 years
(NPV =97.5%).

A total of 170 individuals from BioFINDER-1 fell in between the
thresholds of 95% sensitivity and specificity and were included in the
1-year follow-up if they had not progressed to dementia within the first
year (six individuals progressed within 1 year) and had available cogni-
tive assessment data (38 individuals had missing data) (Figure 1B). To
replicate the second step (Figure 2D), we included the 126 participants
from BioFINDER-1 who were classified as intermediate risk in the first
step and had predictor data. In this replication, the model achieved
an AUC of 0.79 (95% ClI: 0.70 to 0.88). Among these participants, 31
individuals classified as high risk progressed to dementia within 4
years, while 33 were at high risk but did not progress (PPV 48.4%).
Fifty-seven participants classified as low risk did not progress within
4 years, while five individuals classified as low risk did progress within
4 years (NPV 91.9%). The total accuracy (proportion of correctly
classified participants out of all participants) from both models in
BioFINDER-1 (Step 1 + Step 2) was 79.6%, with a NPV of 95.6%, a PPV
of 62.5%, a sensitivity of 92.9%, and a specificity of 73.2% (Tables 2
and 3). Figure 3B shows the changes in the probability of progression
to dementia from Step 1 to Step 2 for individuals at intermediate risk
in BioFINDER-1. We present the number of individuals screened as
high risk for dementia within 4 years depending on follow-up diagnosis
in BioFINDER-1 in Table S4. In a subanalysis, we observed a numer-
ically slightly higher PPV but lower NPV when testing the model on
individuals followed for 6 or 8 years, respectively, or who progressed
before (Tables S5 and S6). We also conducted a subanalysis to compare

our two-step model with a one-step model, setting the probability
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threshold at 0.5 for conversion to dementia. The one-step model
showed lower overall accuracy: 83.2% versus 89.0% in the two-step
model in ADNI and 74.5% versus 79.6% in BioFINDER-1 (Table S7).

3.5 | Supplementary model selection using MRI

As a supplementary analysis, we compared the two-step model with
a one-step model that included MRI data (cortical thickness in a tem-
poral composite region)®” (Supplementary File 2C, Tables $8-59, and
Figure S1). The best model included the temporal composite as well as
test results of ADAS immediate recall, ADAS delayed recall, Animal Flu-
ency, MMSE, and TMTB. The overall accuracy of the one-step model
for ADNI was 85.3%, with a PPV of 80.5% and a NPV of 90.5%. For
BioFINDER-1, the model had an accuracy of 65.0%, a PPV of 50.0%, and
aNPV of 97.4%.

3.6 | Using the two-step model for individualized
prediction of future dementia

To provide an individualized risk of progressing to dementia
using this two-step approach, we developed an app available for
research and educational purposes at https://brainapps.shinyapps.
io/PredictAllCauseDementia. This app aids in predicting whether
individuals are at low, intermediate, or high risk of progressing to
dementia. To use the application, simply enter the individual’s cogni-
tive test results from the ADAS delayed recall, ADAS immediate recall,
TMTB, MMSE, and Animal Fluency. The application then calculates the
probability of the individual progressing to dementia within 4 years.
Additionally, there is a tab for entering 1-year follow-up scores for
the first four tests, based on the logistic regression model. The app
uses logistic regression models to fit with the ADNI data described
in the paper. Predicted probabilities for new data (defined by the
user) are calculated using the coefficients from the logistic regression

models.
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TABLE 2 Participants stratified by risk according to model and progression to dementia at each step in ADNI and BioFINDER-1. Step 1 shows
number of individuals progressing versus not progressing to dementia within 4 years in groups at >95% sensitivity and >95% specificity level in
ADNI and BioFINDER-1 in Step 1. Step 2 shows number of individuals progressing versus not progressing to dementia within 3 years in the groups
at the >90% sensitivity level in ADNI and BioFINDER-1 in Step 2. Combined steps show number of individuals progressing versus not progressing
to dementia within 4 years in the groups at the >95% sensitivity and >95% specificity level in ADNI and BioFINDER-1 in Step 1 combined with

the >90% sensitivity level within 3 years in Step 2.

Study
ADNI BioFINDER-1
Progress Progress Total Progress Progress Total
within 4 within 1 Not pro- progressors + within 4 within 1 Not pro- progressors +
years year gressing non-progressors  years year gressing non-progressors
Step 1
High risk 167 77 15 182 74 9 30 104
Low risk 15 5 189 204 3 0 115 118
Total (high or low risk) 182 82 204 386 77 9 145 222
Intermediate risk 119 40 107 226 64 6 106 170
Step 2°
High risk 69 - 24 93 31 = 88 64
Low risk 7 = 70 77 5 = 57 62
Total 76 = 94 170 36 = 90 126
Combined steps
High risk 236 - 39 275 105 - 63 168
Low risk 22 - 259 281 8 - 172 180
Total 258 - 298 556 113 - 235 348

2Note: that number of participants at Step 2 differs from the intermediate group at Step 1 due to missingness in follow-up test data.

TABLE 3 Step 1shows levels calculated from individuals progressing versus not progressing to dementia within 4 years in groups at >95%
sensitivity and >95% specificity level in ADNI and BioFINDER-1 in Step 1. Step 2 shows levels calculated from individuals progressing versus not
progressing to dementia within 3 years in groups at >90% sensitivity level in ADNI and BioFINDER-1 in Step 2. Combined steps show levels
calculated from individuals progressing versus not progressing to dementia within 4 years in groups at >95% sensitivity and >95% specificity level
in ADNI and BioFINDER-1 in Step 1 combined with >90% sensitivity level within 3 years in Step 2.

Step 1 Step 2 Combined steps

ADNI BF-1 ADNI BF-1 ADNI BF-1
Prevalence of dementia progression 47.2% 34.7% 44.7% 28.6% 46.4% 32.5%
Sensitivity 91.8% 96.1% 90.8% 86.1% 91.5% 92.9%
Specificity 92.6% 79.3% 74.5% 63.3% 86.9% 73.2%
PPV 91.8% 71.2% 74.2% 48.4% 85.8% 62.5%
NPV 92.6% 97.5% 90.9% 91.9% 92.2% 95.6%
Accuracy 92.2% 85.1% 81.8% 69.8% 89.0% 79.6%

Abbreviations: ADNI, Alzheimer’s Disease Neuroimaging Initiative; BF-1, BioFINDER-1; NPV: negative predictive value; PPV, positive predictive value.

4 | DISCUSSION

1). The PPV was moderate, meaning it showed a reasonable ability

to identify individuals who will progress to dementia within 4 years

We have developed a novel two-step model designed to aid in the
prognostic evaluation of patients presenting with cognitive symptoms,
preferably to be used in primary care settings (Figure 2A-D and Sup-
plementary Files 2A-B). The total two-step model had a high NPV for
individuals not progressing to dementia within 4 years, meaning the
model effectively identified individuals who were unlikely to progress
to dementia (92.2% in ADNI and 95.6% when replicated in BioFINDER-
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(85.8% in ADNI and 62.5% when replicated in BioFINDER-1). Patients
identified as being at high risk of dementia using this two-step model
should thus be further evaluated, for example, in specialized care, to
identify those with a prodromal dementia.

Already at the first step (initial test visit), a high NPV was achieved,
which is particularly relevant in clinical practice for reassuring patients
they are at low risk of developing dementia. This is especially important
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in primary care (>76% of participants in the validation cohort were
referred directly to primary care). The overall lower PPV indicates
that this workflow alone is not sufficient for identifying those with
underlying prodromal dementia. Instead, it can be used to identify
individuals at increased risk who would likely benefit from a more
thorough secondary care work-up involving advanced biomarker
investigations, which typically exhibit high PPVs, thereby enhancing
overall diagnostic accuracy.

Those at intermediate risk in this workflow are recommended
to undergo a second cognitive test visit after 1 year. The second
step of the model incorporated changes in cognitive testing into the
best predictive model, aligning with previous research showing that
the prediction of progression to dementia is improved if longitudi-
nal information is incorporated.?*-2¢ Regarding the composition of
cognitive stages at the second step, there were few individuals with
SCD included in ADNI (five individuals), as many SCD individuals were
screened as low risk in the first step (N = 87 out of 103), while two
were screened as high risk. Although the second step increased the
overall accuracy, it came with the drawback that some individuals had
already progressed to dementia when it was time for the 1-year follow-
up testing needed for Step 2. In an era where new disease-modifying
treatment is being implemented, it is important to identify patients as
early as possible to achieve the best treatment effect. In countries or
regions where secondary care allows for a higher number of referrals,
it could thus be an option for primary care physicians to refer patients
at either high or intermediate risk already after Step 1.

To our knowledge, no previous studies utilized two-step cognitive
test models to assess the individual risk of developing future dementia.
Previous studies investigated which predictors were most important
for assessing the risk of progression to dementia, often showing that
a combination of memory tests, executive tests, and an instrumental
activities of daily living (IADL) scale are significant factors.*? Other
studies highlighted the importance of the MMSE, verbal fluency tests,
and an IADL scale.*® However, these studies did not present models
that, following adequate validation, could be used in clinical prac-
tice to discriminate between individuals with low versus high risk of
progression to dementia.

One study investigated a model for the prediction of AD demen-
tia using scores of global cognitive function (MMSE and Cambridge
Cognitive Examination-Revised), a test of verbal episodic memory and
psychomotor speed (TMTA), including changes in test scores over a 1-
year follow-up.** While our study included some similar tests covering
global cognitive assessment, verbal episodic memory, and psychomotor
speed (MMSE, ADAS delayed recall, and TMTB), our battery addition-
ally included markers of verbal fluency (Animal Fluency) and learning
memory (ADAS immediate recall). Additionally, our study used TMTB,
which assesses cognitive flexibility and executive function, offering
more information compared to TMTA.*> The broader, data-driven
selection of tests in our study might reflect the differences in outcomes,
enabling the prediction of progression to non-AD neurodegenerative
diseases as well (Table S4).

Cognitive decline in dementia affects patients differently depend-

ing on the underlying pathology. In AD, patients typically present with
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episodic memory complaints, which progress to difficulties in speech
production, orientation, calculation, and learning disabilities over
time.*¢47 Previous studies identified TMTB, MMSE, and ADAS delayed
recall as accurate for predicting AD dementia.83? For vascular cog-
nitive impairment, individuals often experience declines in executive
function, speed, or attention,*® with TMTB frequently affected.*?:50
DLB often impacts attention, executive function, language, behavior,
visuospatial function, and memory.’? In Lewy body disease, the ADAS
delayed recall test is affected in already asymptomatic stages®? as well
as in MCI and dementia,>® and TMTB is clearly affected in DLB.>*
Patients with behavioral variant FTD (bvFTD) typically show declinesin
executive function while generally retaining memory and visuospatial
function.®® In prodromal FTD, TMTB shows early changes.>®

Previous studies assessed individualized risk of all-cause dementia
using CSF biomarkers, hippocampal volume (visualized on MRI scans),
and cognitive assessments using the application: https://www.adappt.
health/.>” However, this method is not suitable for triaging in primary
care where CSF biomarkers are not available. MRI is, however, some-
times used in initial work-ups. We therefore performed a supplemental
analysis including MRI in a one-step model for comparison with our
two-step cognitive test model. When incorporating temporal cortical
thickness in the model and replicating in BioFINDER-1, the PPV was
low (50.0%), and overall accuracy was 65.0%, indicating that MRI might
not contribute to predicting all-cause dementia (Tables S8 and S9).

An advantage of our method is that it is a non-invasive and inex-
pensive triaging method. The selected cognitive tests in the model
are relatively few (five brief cognitive tests) and are easily imple-
mented in a primary care setting, as was done, for example, in the
BioFINDER-Primary Care study (NCT06120361). Such an algorithm
could be valuable in clinical scenarios where an increasing popula-
tion seeks medical help for cognitive symptoms and wishes to conduct
blood tests to examine for AD and receive anti-amyloid therapies.
The study included participants with subjective and objective cognitive
impairment and was replicated in a group of individuals seeking health-
care for actual subjective or objective cognitive impairment, similar to
the population intended for the method. Future studies should investi-
gate whether our model could aid in identifying which patients should
be tested with blood markers, potentially improving the overall PPV
regarding progression to dementia.

In a subanalysis, we investigated the performance of the two-step
model in BioFINDER-1, including participants followed for either 6
or 8 years or who progressed before these time points. Due to the
small number of non-progressors in the later years (182 for the 6-year
follow-up and 86 for the 8-year follow-up), the results should be inter-
preted with caution. However, the PPV increased numerically from
62.2% in the 4-year prediction to 77.3% in the 6-year prediction and
94.1% for the 8-year follow-up. Conversely, the NPV decreased from
95.6% in the 4-year prediction to 83.8% in the 6-year prediction and
67.3% in the 8-year prediction. These results indicate that individuals
at high risk are highly likely to progress to dementia, if not within 4
years, then at least within 6 to 8 years. Conversely, low-risk individu-
als can be reassured for the next 4 years, but they should be advised to

seek care again if symptoms progress.
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A limitation of the study is the rather small sample sizes from ADNI
and BioFINDER-1 during the second step of the model (N = 126 to
170), predicting dementia for individuals at intermediate risk at base-
line. This limitation is mainly caused by missing data from cognitive
tests at follow-up. Although a lower number of individuals at this stage
is expected and desired for clinical practice, the reduced sample size is
a constraint. Despite these smaller sample sizes, our results were well
replicated in the validation cohort, which minimized the risk of chance
findings.

Another limitation of the study is the limited number of cogni-
tive tests available for inclusion in the model selection from both
ADNI and BioFINDER-1. Although the selected cognitive tests are well
established and validated, other cognitive tests could have performed
equally or even better. Additionally, the results for TMTB at 1-year
follow-up were calculated from the difference in baseline and 2-year
follow-up scores, divided by 2 to estimate the mean annual change. This
approach may not accurately reflect the actual 1-year test difference,
as cognitive decline might occur in a stepwise fashion rather than a lin-
ear progression. However, as we used ADNI as the training study and
BioFINDER-1 to replicate the findings, this would not affect the pre-
diction model but could influence the AUC when replicating the model
in BioFINDER-1.

The ADNI and BioFINDER-1 cohorts differ in their average years
of education, with the ADNI cohort having a mean of 16.3 years (SD
2.7) and the BioFINDER-1 11.8 years (SD 3.5) (Table S1). This educa-
tional difference could have influenced the results, potentially leading
to better test scores in ADNI. However, demographic factors, including
education level, were included in the calculations, but they were not
selected in the MuMIn model selection for the best dementia predic-
tion model. Future studies should evaluate the reproducibility of the
model in more diverse cohorts with varying education levels.

To conclude, logistic regression models were developed and vali-
dated using brief cognitive tests to predict progression to dementia,
categorizing individuals into low-, intermediate-, and high-risk groups.
We also created an app to facilitate the entry of test results and pre-
dict future dementia progression. Future studies should examine these
findings in larger, more diverse cohorts to further validate and refine

the model.
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