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Abstract

INTRODUCTION: Word-list recall tests are routinely used for cognitive assessment,
and process scoring may improve their accuracy. We examined whether Alzheimer’s
Disease Assessment Scale-Cognitive subscale (ADAS-Cog) derived, process-based
digital cognitive biomarkers (DCBs) at baseline predicted Clinical Dementia Rating
(CDR) longitudinally and compared them to standard metrics.

METHODS: Analyses were performed with Alzheimer’s Disease Neuroimaging Ini-
tiative (ADNI) data from 330 participants (mean age = 71.4 + 7.2). We conducted
regression analyses predicting CDR at 36 months, controlling for demographics and
genetic risk, with ADAS-Cog traditional scores and DCBs as predictors.

RESULTS: The best predictor of CDR at 36 months was M, a DCB reflecting recall abil-
ity (area under the curve = 0.84), outperforming traditional scores. Diagnostic results
suggest that M may be particularly useful to identify individuals who are unlikely to
decline.

DISCUSSION: These results suggest that M outperforms ADAS-Cog traditional met-
rics and supports process scoring for word-list recall tests. More research is needed to
determine further applicability with other tests and populations.

KEYWORDS
Alzheimer’s Disease Assessment Scale-Cognitive subscale, Clinical Dementia Rating, cognitive
assessment, digital cognitive biomarkers

Highlights

* Process scoring and latent modeling were more effective than traditional scoring.

* Latent recall ability (M) was the best predictor of Clinical Dementia Rating decline at
36 months.

» The top digital cognitive biomarker model had odds ~ 90 times greater than the top
Alzheimer’s Disease Assessment Scale-Cognitive subscale model.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided

the original work is properly cited.
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 Particularly high negative predictive value supports literature on cognitive testing

as a useful screen.

* Consideration of both cognitive and pathological outcomes is needed.

1 [ BACKGROUND

Word list recall tests are routinely used in clinical practice for the
assessment of verbal memory ability, including in individuals with
Alzheimer’s disease (AD) and other dementias.! Most commonly used
neuropsychological tests of word-list recall were developed for the
purposes of identifying individuals with well-defined memory loss pre-
dating dementia.?2 However, the promise of disease-modifying drugs
for AD puts emphasis on identifying individuals who present subtle
signs of underlying pathology at the earliest stages, as they may ben-
efit the most from pharmacological interventions. Therefore, together
with advancements in neuroimaging and fluid biomarkers, there is
also a need for the development of more accurate neuropsychological
testing, including with word lists, particularly as cognitive assessment
typically is cost-effective and requires relatively little training, com-
pared to neuroimaging and fluid biomarkers capture.® Process scoring
and latent modeling of cognitive tests, which allow for the identifi-
cation of underlying neurocognitive mechanisms of test performance,
including word-list recall tests, have shown potential to enhance test
accuracy without requiring test redesign.3-?

One example is the use of hidden Markov modeling (HMM), a class
of established cognitive models.1%1! |n the context of word-list recall
tests, an HMM characterizes episodic memory for a list item as exist-
ing in one of a set of latent storage states upon each observation of
recall or non-recall during the test. Retrieval parameters are associ-
ated with each storage state from which an item is capable of being
recalled, and encoding parameters describe the transitions among the
storage states.!? The sequence of encoding and retrieval transitions
cannot be directly observed and is therefore “hidden” but quantifiable
as probabilities of recall.

A hierarchical Bayesian cognitive processing (HBCP) model is an
HMM that has been applied to word-list recall. The HBCP model posits
that an item exists within one of three states upon each observation:
pre-task storage (p), which contains only semantic memory; transient
storage (T), which contains temporarily stored episodic memory and
enables immediate free recall (IFR); and durable storage (D), which
contains episodic memory additionally available for delayed free recall
(DFR) tasks. Three retrieval parameters quantify the probability of
recall from the latter two states: Transient retrieval (R4), from Ton IFR
tasks; durable retrieval (R,), from D on IFR tasks; and delayed retrieval
(R3), from D on DFR tasks. Four encoding parameters quantify the
probability of an item transitioning from one state to another during
each task: one-shot encoding (N4), from p to D; transient encoding (N5),
from p to T; consolidated encoding (N3), from T to D on a task subse-

quent to its encoding into T; and testing effect encoding (N4), from T

to D upon successful recall from T. In the HBCP, these parameters are
used as probabilities for each branch of a multinomial processing tree
that reproduces the observed recall behavior (see Figure 1).13

Subsequent to generating the encoding and retrieval parameters,
measures of recall ability can be estimated by recombining specific
subsets of the multinomial processing tree branches comprising these
parameters. Word recall through T (M) includes the probabilities for
N, and R4; word recall through D on IFR tasks (M) includes N4, No,
N3, N4, and R,; and word recall through D on DFR tasks (M3) includes
N1, Ny, N3, Ng, and R3. These memory (M) values represent generalized
recall rates via various processes across words and tests. For example,
anindividual with an M3 of 0.7 1 is expected to recall 7.1 words out of 10
on average across DFR tests. Collectively, the N, R, and M parameters
are referred to as digital cognitive biomarkers (DCBs).

In this article, we test whether HBCP-derived DCBs are useful
predictors of cognitive decline, as measured by Clinical Dementia
Rating (CDR). In particular, we aim to ascertain whether baseline esti-
mates of N, R, and M yield more predictive power than the traditional
Alzheimer’s Disease Assessment Scale-Cognitive subscale (ADAS-
Cog) memory measures, such as immediate and delayed recall scores.

2 | METHODS
2.1 | Participants

Data were drawn from the Alzheimer’s Disease Neuroimaging Ini-
tiative (ADNI) database, which has detailed methods'* reported
elsewhere.!>1¢ The ADNI is a longitudinal study launched in 2003
with measures of cognitive impairment and AD including clinical and
neuropsychological assessment. To be included in this secondary data
analysis study, participants had to have: ADAS-Cog scores at baseline,
from which traditional scores and DCBs were extracted; a CDR score
at baseline and after a 36-month follow-up; and a polygenic hazard
score (PHS) to determine genetic risk. The initial reference pool com-
prised 3418 participants, then reduced to 330 participants (mean age
at baseline = 71.4, standard deviation [SD] = 7.2), after applying the
inclusion criteria above. Of these, 184 were male and 146 were female.
At baseline, 29 participants had a CDR score of 0, 300 scored 0.5, and
1 participant scored 1. At the 36-month follow-up visit, 64 participants
had a CDR score of 0, 214 scored 0.5, 39 scored 1, 12 scored 2, and
1 participant scored 3. All activities for this study were approved by
the ethics committees of the authors’ universities and completed in
accordance with the Declaration of Helsinki. All participants provided
informed consent before testing.
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2.2 | Materials

ADAS-Cog'” is a neuropsychological test battery consisting of 13
subtests, including immediate and delayed word recall. In the word
recall task, participants are visually and audibly presented with a list
of 10 words and then asked to recall as many words as possible over
three tasks: the order of presentation is varied across tasks, and the
score is calculated as the mean number of words not recalled across
the three tasks. After a 10-minute delay with distraction, participants
are once more asked to recall as many words as possible, this time
without presentation, and the score is calculated as the number of

words not recalled.

The CDR scale’® is a semi-structured clinical interview that assesses
six cognitive areas: memory, orientation, judgment and problem-
solving, community affairs, home and hobbies, and personal care.
Each cognitive domain is then scored between O and 3, and to
obtain a global score, the sum of each of the domains is calcu-
lated with equal weightings. The global CDR stages are O, indi-
cating normal cognition; 0.5, indicating mild cognitive impairment;
and 1, 2, and 3, indicating mild, moderate, and severe dementia,
respectively.

23 | DCB

DCB scores were generated using ADAS-Cog Word Recall item
response data with the HBCP model, using Bayesian inference with a
Markov chain Monte Carlo (MCMC) algorithm.'3 Each assessment’s
observed sequence of recall and non-recall was used to update prior
information on DCB distributions for typical individuals in the general
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RESEARCH IN CONTEXT

1. Systematic review: The authors of the present study
reviewed the literature (e.g., PubMed) on cognitive
assessment scoring approaches and their ability to pre-
dict cognitive decline. Prior research indicates that pro-
cess scoring and latent modeling approaches can improve
cognitive test accuracy over traditional scoring.

2. Interpretation: Use of the M score, a digital cognitive
biomarker derived from Alzheimer’s Disease Assess-
ment Scale-Cognitive subscale Word Recall test item
responses with a hierarchical Bayesian cognitive process-
ing model, enables more accurate prediction of cognitive
decline at 36-month follow-up (model odds ~ 90 times
greater) than traditional immediate or delayed scores do.
In particular, a greater negative predictive value indicates
efficacy for ruling out patients not likely to decline.

3. Future directions: Cognitive testing should use process
scoring or latent modeling to extract more information
from participant responses. With enhanced information,
these tests can be useful as screening tools to aid in
clinical and research settings.

population who come from demographic groups (age, sex, and educa-
tion level) specific to the participant who performed the assessment.
The HBCP model additionally included adjustment for word presenta-
tion position effects on each of the three ADAS-Cog English word lists.
These DCBs are proprietary (Embic Corporation).
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P

Pre-task
Storage

Y

Q Storage State
—>» Encoding Process
------ » Retrieval Process

[ | Observed Behavior
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Durable
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FIGURE 1 HBPC model. The model has three episodic memory storage states (p, T, and D), four processes of encoding into them (N4, N», N3,
and Ny), and three processes of retrieval from them (R4, Ro, and R3) that episodic memory of a word may exist in or transition through during each
immediate and delayed free recall task. HBCP, hierarchical Bayesian cognitive processing; p, pre-task storage; T, transient storage; D, durable
storage; N1, one-shot encoding; N,, transient encoding; N3, consolidated encoding; Ny, testing effect encoding; Ry, transient retrieval; R,, durable

retrieval; Rz, delayed retrieval.
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24 | PHS

The Desikan AD PHS was computed based on a Cox propor-
tional hazard regression model combining 31 AD-associated single
nucleotide polymorphisms (SNPs) with two apolipoprotein E vari-
ants (c2/¢4), trained with genetic data from an independent cohort.
The PHS, composed of a weighted score of 33 risk- or protection-
conferring SNPs, was calculated for each participant as previously
described.'?

2.5 | Analysis plan

First, we carried out a longitudinal Bayesian linear regression anal-
ysis with CDR score at 36 months as outcome. Predictors were N
(as average of N4, No, N3, Ny), R (as average of Ry, Ry, and R3), and
M (as average of My, My, and M3), and the traditional ADAS-Cog
memory scores (immediate and delayed recall), all measured at base-
line, and control variables were years of education, sex, PHS, age at
baseline, and baseline CDR score. Credible intervals (Cls) were set
to 95%. The prior was set to Jeffreys-Zellner-Siow, and the model
prior was set to Uniform. One thousand MCMC simulations were
conducted to determine parameters and compensate for possible
violations of normality, but we also evaluated Q-Q plots of residu-
als to estimate normality. After that, we carried out two sensitivity
tests. We conducted a frequentist ordinal regression analysis with
the same outcome and covariates but limited predictors to those that
emerged from the initial Bayesian regression as strongest. Finally, to
evaluate clinical validity of these predictive metrics, we conducted a
frequentist logistic regression analysis: we used the increase in CDR
score between baseline and 36 months of at least 0.5 as outcome
and used the same predictor(s) and covariates (minus the baseline
CDR score, already included in the change score) as in the ordinal
analysis. Analyses were conducted using JASP (0.18.3)2° and SPSS
(29.0; IBM).

3 | RESULTS

Table 1 reports demographics, CDR, and memory scores in the cohort
under examination.

Results indicated that the CDR score at 36 months was best pre-
dicted by a model including only M (extreme evidence: BF ¢ > 1 billion,
BFinciusion = 26.9)—this model’s odds were about three times as high
(BFpm = 9.3 vs. BFy = 3.2) as the next best model, including M and
R. Compared to models including the traditional ADAS-Cog immedi-
ate and delayed recall scores, the model with M alone performed >
3.5 times better than the model with immediate recall and M com-
bined (BFy = 9.2 vs. BF = 2.6, respectively), and > 5 times better than
the model with delayed recall and M combined (whose BFy was 1.7).
The best model without DCBs (including both immediate and delayed
recall) had a BFy of 0.1: this finding indicates that the top model, with
M alone, had model odds ~ 90 times greater than the best model with

only traditional ADAS-Cog metrics.

TABLE 1 Meansand SD for demographics, CDR score at baseline
and 36-month follow-up, and memory scores, including DCBs N, R, and
M.

Mean SD
Years of education 16.333 2.636
Age at baseline 71.397 7.247
PHS 0.339 0.779
Immediate recall 4.064 1.442
Delayed recall 4748 2.569
N 0.431 0.054
R 0.593 0.048
M 0.710 0.083
CDR at baseline 0.458 0.145
CDR at 36 months 0.524 0.423

Note: N, R, and M are DCBs.
Abbreviations: CDR, Clinical Dementia Rating; DCB, digital cognitive
biomarker; PHS, polygenic hazard score; SD, standard deviation.

The higher the M score, the lower the CDR score at 36 months (mean
coefficient = -2.38, SD = 0.79): a cross-sectional difference of 0.2 M
points corresponds to a CDR difference of ~ 0.5 (95% Cls: -4.52 to -
1.05).

Given that the Q-Q plot for the analysis above displayed some
degree of non-normality, we also carried out the same analysis on
square-root-transformed follow-up CDR scores, which gave us more
linear Q-Q plots. The overall pattern of results was unchanged.

The sensitivity ordinal (frequentist) regression confirmed the over-
all findings above. The model fit was significant (¥2 [6] = 122.8,
p < 0.001; Nagelkerke pseudo-R2 = 0.36), as was M (coefficient esti-
mate = -12.92, standard error = 1.79, Wald coefficient = 52.32,
p <0.001).

Finally, the frequentist logistic regression (269 individuals did not
increase their CDR score by > 0.5, and 61 did) showed that adding M
to the model reduced the Akaike information criterion from 293.95
to 245.24. M was a significant predictor in this analysis (unstandard-
ized coefficient estimate = -14.94, standardized coefficient estimate
=-1.23, Wald coefficient = 39.75, odds ratio < 0.001, p < 0.001). Set-
ting M at ~ 0.58 yielded the following performance diagnostics: the
area under the curve (AUC) was 0.84 (without M and only covariates
the AUC was 0.71), the negative predictive value was 0.87 (258 cor-
rect rejections vs. 38 misses), and positive predictive value was 0.68
(23 hits vs. 11 false alarm). Furthermore, specificity was very high (0.96;
258 correct rejections vs. 11 false alarms), while sensitivity was lower
(0.38; 23 hits vs. 38 misses). Figure 2 displays the association between
the baseline M score and the probability of declining by at least 0.5
CDR points at follow-up (36 months), and Figure 3 reports the receiver
operating characteristic (ROC) curve.

4 | DISCUSSION

In this analysis of ADNI data, we examined how HBCP-derived DCBs

(N, R, and M, indexing encoding, retrieval, and recall, respectively) com-
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FIGURE 2 Conditional estimates plot with 95% confidence
intervals (shaded area). The y axis represents the probability of CDR
decline at follow-up (36 months). The x axis represents M scores at
baseline. Gray circles represent unique individuals’ data points. Circles
at the bottom represent individuals who did not show CDR decline at
follow-up, whereas circles at the top represent CDR decliners at
follow-up. CDR, Clinical Dementia Rating.
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FIGURE 3 ROC plot comparing true positive rate (y axis) to false
positive rate (x axis) in the frequentist logistic analysis. AUC = 0.84.
ROC, receiver operating characteristic; AUC, area under the curve.

pared to the traditional ADAS-Cog assessment metrics (immediate
and delayed recall scores) in predicting CDR score over a 36-month
span. Our analysis included 330 individuals and showed that DCB M
was the better overall predictor in the test. These findings are in line
with recent efforts demonstrating the validity of process metrics for
early detection of cognitive impairment.3-7-21-25

One observation is that the M metric, comparably to other cogni-
tive tools in recent literature,32>2% appears more useful to exclude
false negatives than to identify targets correctly, as indexed by the high
negative predictive value and specificity. In other words, individuals
scoring at M = 0.58 or higher at baseline were unlikely to decline after
36 months. While identification of positive cases appears more difficult
with process scoring compared to, for example, fluid biomarkers,27:28
a high negative predictive value still yields great utility. Typically, cog-
nitive assessment is cost- and resource-effective compared to most

THE JOURNAL OF THE ALZHEIMER’S ASSOCIATION

biomarker assessments, as cognitive assessments are cheaper (many
are non-proprietary), require less administrator training, and are less
invasive for delivery. Therefore, especially in addressing global need
where biomarker assessment is cost restrictive, there is value in cogni-
tive screening which may help exclude individuals who, despite possible
subjective concerns, are unlikely to be on a disease trajectory. Future
assessments of M and related DCBs should include direct comparisons
to state-of-the-art fluid and imaging biomarkers.

Further research should also use the latest in process scoring and
latent modeling. In the time since these analyses were performed, a
second generation of DCBs was generated and included in the ADNI
database as quantified cognitive processes (qCP). These qCPs account
for additional differences in word features across the alternative lists
of the ADAS-Cog Word Recall test and include alternative M parame-
ters representative of recall on specific immediate and delayed tasks.
Future analyses can be performed to evaluate the predictive capability
of these qCPs.

This secondary and preliminary assessment of HBCP-derived DCBs
has a definite limitation worth noting. The outcome (CDR score) is
based upon clinical assessment of primarily cognitive function, and
the predictors (N, R, M, and traditional immediate and delayed recall
scores) are also measures of cognitive function, specifically memory,
which risks issues of circularity. However, note: (1) the memory scores
are not contributors to the CDR score, and (2) M outperformed other
measures of recall performance. In addition to measures of cognitive
function, further confirmation of the utility of HBCP-derived DCBs
should come from tests comparing this score to measures of pathology.
Moreover, further studies should consider adding more demographic
variety, such as including younger cohorts (as the present cohort was
on average 70+ at baseline) and more ethnic diversity.

To conclude, word list memory tests are widely used for evaluat-
ing cognitive function, especially in AD research and screening. These
tests vary in their elements, such as list length, number of learning
attempts, sequence of presentation across attempts, and inclusion of
semantic categories. Traditionally, scoring techniques, such as over-
all scores and more recently composite scoring, have not adequately
addressed differences among these elements or their impact on learn-
ing and memory during the test.2? Recent advancements in process
scoring and latent modeling offer promise in overcoming these limita-
tions to provide better ways to assess cognitive performance. In this

study, we show a specific example in HBCP-derived DCBs, M.

ACKNOWLEDGMENTS

We wish to thank all ADNI participants. ADNI data can be requested
at: https://adni.loni.usc.edu/data-samples/access-data/. D.B.and A.J.Z.
have not received any funding from Embic, nor have any other relevant
funding to disclose for this project. Data collection and sharing for the
Alzheimer’s Disease Neuroimaging Initiative (ADNI) is funded by the
National Institute on Aging (National Institutes of Health Grant U19
AG024904). The grantee organization is the Northern California Insti-
tute for Research and Education. In the past, ADNI has also received
funding from the National Institute of Biomedical Imaging and Bioengi-
neering, the Canadian Institutes of Health Research, and private sector

85U80|7 SUOWWIOD 3AIa.D 3|qeoljdde auy Aq peusenob aJe sajone O ‘88N 4O SajnJ 10} Arlq1T8UlUQ /]I UO (SUOIPUOD-pUe-SWWB}/W00" A 1M *Ale.q 1 [BUI|UO//:SANY) SUORIPUOD Pue SWie | 841 89S *[202/60/72] U0 A%eiqiauljuo A8|IMm ‘881 Ad ETZKT Z[e/200T 0T/10p/wo0 A8 |1m Arelq 1 pul|uo'S[euIno -z e//sdny wioij papeojumoq ‘0 ‘6.25255T


https://adni.loni.usc.edu/data-samples/access-data/

6 | Alzheimer’s & Dementia®

BRUNO ET AL.

THE JOURNAL OF THE ALZHEIMER’S ASSOCIATION

contributions through the Foundation for the National Institutes of
Health (FNIH) including generous contributions from the following:
AbbVie; Alzheimer’s Association; Alzheimer’s Drug Discovery Founda-
tion; Araclon Biotech; BioClinica, Inc.; Biogen; Bristol-Myers Squibb
Company; CereSpir, Inc.; Cogstate; Eisai Inc.; Elan Pharmaceuticals,
Inc.; Eli Lilly and Company; Eurolmmun; F. Hoffmann-La Roche Ltd and
its affiliated company Genentech, Inc.; Fujirebio; GE Healthcare; IXICO
Ltd.; Janssen Alzheimer Immunotherapy Research & Development,
LLC; Johnson & Johnson Pharmaceutical Research &Development
LLC; Lumosity; Lundbeck; Merck & Co., Inc.; Meso Scale Diagnostics,
LLC; NeuroRx Research; Neurotrack Technologies; Novartis Pharma-
ceuticals Corporation; Pfizer Inc.; Piramal Imaging; Servier; Takeda

Pharmaceutical Company; and Transition Therapeutics.

CONFLICT OF INTEREST STATEMENT
D.B. and A.J.Z. have no conflicts of interest. J.R.B. is an employee of
Embic Corporation whose assessment outcomes were evaluated in this

project. Author disclosures are available in the supporting information.

CONSENT STATEMENT

ADNI data collection was approved by the ethics committees of the
participating institutions, and completed in accordance with the Dec-
laration of Helsinki. All participants provided informed consent before
testing.

ORCID

Davide Bruno ) https://orcid.org/0000-0003- 1943-9905

Ainara Jauregi-Zinkunegi " https://orcid.org/0000-0003-1307-2989

Jason R. Bock ") https://orcid.org/0000-0002-5415-2910

REFERENCES

1. De Simone MS, Perri R, Fadda L, et al. Different deficit patterns
on word lists and short stories predict conversion to Alzheimer’s
disease in patients with amnestic mild cognitive impairment. J Neu-
rol.  2017;264(11):2258-2267.  doi:10.1007/s00415-017-8623-
8

2. Mueller KD, Du L, Bruno D, et al. Item-level story recall predic-
tors of amyloid-beta in late middle-aged adults at increased risk
for Alzheimer’s disease. Front Psychol. 2022;13:908651. doi:10.3389/
fpsyg.2022.908651

3. Bruno D, Jauregi Zinkunegi A, Pomara N, et al. Cross-sectional asso-
ciations of CSF tau levels with Rey’s AVLT: a recency ratio study.
Neuropsychology. 2023;37(6):628-635. d0i:10.1037/neu0000821

4. Bruno D, Reiss PT, Petkova E, Sidtis JJ, Pomara N. Decreased recall
of primacy words predicts cognitive decline. Arch Clin Neuropsychol.
2013;28(2):95-103.d0i:10.1093/arclin/acs 116

5. Bruno D, Koscik RL, Woodard JL, Pomara N, Johnson SC. The recency
ratio as predictor of early MCI. Int Psychogeriatr. 2018;30:1883-1888.
doi:10.1017/s1041610218000467

6. Mueller KD, Koscik RL, Du L, et al. Proper names from story recall
are associated with beta-amyloid in cognitively unimpaired adults at
risk for Alzheimer’s disease. Cortex. 2020;131:137-150.d0i:10.1016/j.
cortex.2020.07.008

7. Talamonti D, Koscik R, Johnson S, Bruno D. Predicting early mild cog-
nitive impairment with free recall: the primacy of primacy. Arch Clin
Neuropsychol. 2020;35(2):133-142. doi:10.1093/arclin/acz013

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

. Bruno D, Jauregi Zinkunegi A, Pomara N, et al. Cross-sectional asso-

ciations of CSF tau levels with Rey’s AVLT: a recency ratio study.
Neuropsychology. 2023;37(6):628-635. doi:10.1037/neu0000821

. Bruno D, Gicas KM, Jauregi-Zinkunegi A, Mueller KD, Lamar

M. Delayed primacy recall performance predicts post mortem
Alzheimer’s disease pathology from unimpaired ante mortem
cognitive baseline.  Alzheimer's  Dement. 2024;16:€12524.
doi:10.1002/dad2.12524

Greeno JG, Bjork RA. Mathematical Learning Theory and the new
“mental forestry.”. Annu Rev Psychol. 1973;24:81-116. doi:10.1146/
annurev.ps.24.020173.000501

Wickens TD. Models for Behavior: Stochastic Processes in Psychology.
Freeman and Company; 1982.

Alexander GE, Satalich TA, Shankle WR, Batchelder WH. A cog-
nitive psychometric model for the psychodiagnostic assessment of
memory-related deficits. Psychol Assess. 2016;28(3):279-293. doi:10.
1037/pas0000163

Lee MD, Bock JR, Cushman |, Shankle WR. An application of multino-
mial processing tree models and Bayesian methods to understanding
memory impairment. J Math Psychol. 2020;95:102328. doi:10.1016/j.
jmp.2020.102328

Alzheimer’s Disease Neuroimaging Initiative. ADNI. Accessed April
2024. https://adni.loni.usc.edu

Weiner MW, Veitch DP. Introduction to special issue: overview
of Alzheimer’s Disease Neuroimaging Initiative. Alzheimers Dement.
2015;11:730-733.d0i:10.1016/j.jalz.2015.05.007

Weiner MW, Veitch DP, Aisen PS, et al. The Alzheimer’s Disease Neu-
roimaging Initiative 3: continued innovation for clinical trial improve-
ment. Alzheimers Dement. 2017;13:561-571. doi:10.1016/j.jalz.2016.
10.006

Rosen WG, Mohs RC, Davis KL. A new rating scale for Alzheimer’s dis-
ease. Am J Psychiatry. 1984;141(11):1356-1364. doi:10.1176/ajp.141.
11.1356

Morris JC. Clinical dementia rating. Neurology. 1994;44(10):1983.
doi:10.1212/wnl.44.10.1983-b

Desikan RS, Fan CC, Wang Y, et al. Genetic assessment of age-
associated Alzheimer disease risk: development and validation of a
polygenic hazard score. PLoS Med. 2017;14:e1002258. doi:10.1371/
journal.pmed.1002258

JASP - A Fresh Way to Do Statistics. Accessed April 2024. https://jasp-
stats.org/

Thomas KR, Edmonds EC, Eppig J, Salmon DP, Bondi MW. Using neu-
ropsychological process scores to identify subtle cognitive decline and
predict progression to mild cognitive impairment. J Alzheimers Dis.
2018;64(1):195-204.doi:10.3233/JAD- 180229

Turchetta CS, De Simone MS, Perri R, et al. Forgetting rates on the
recency portion of a word list predict conversion from mild cognitive
impairment to Alzheimer’s disease. J Alzheimers Dis. 2020;73(4):1295-
1304. doi:10.3233/JAD- 190509

Gicas KM, Honer WG, Wilson RS, et al. Association of serial posi-
tion scores on memory tests and hippocampal-related neuropatho-
logic outcomes. Neurology. 2020;95(24):e3303-3312. doi:10.1212/
wnl.0000000000010952

Gicas KM, Honer WG, Leurgans SE, et al. Longitudinal change in
serial position scores in older adults with entorhinal and hippocampal
neuropathologies. J Int Neuropsychol Soc. 2023;29(6):561-571. doi:10.
1017/s1355617722000595

Bruno D, Jauregi Zinkunegi A, Kollmorgen G, et al. A comparison
of diagnostic performance of word-list and story recall tests for
biomarker-determined Alzheimer’s disease. J Clin Exp Neuropsychol.
2023;45(8):763-769. doi:10.1080/13803395.2023.2240060

Bruno D, Jauregi Zinkunegi A, Kollmorgen G, et al. The recency ratio
assessed by story recall is associated with cerebrospinal fluid levels

85U80|7 SUOWWIOD 3AIa.D 3|qeoljdde auy Aq peusenob aJe sajone O ‘88N 4O SajnJ 10} Arlq1T8UlUQ /]I UO (SUOIPUOD-pUe-SWWB}/W00" A 1M *Ale.q 1 [BUI|UO//:SANY) SUORIPUOD Pue SWie | 841 89S *[202/60/72] U0 A%eiqiauljuo A8|IMm ‘881 Ad ETZKT Z[e/200T 0T/10p/wo0 A8 |1m Arelq 1 pul|uo'S[euIno -z e//sdny wioij papeojumoq ‘0 ‘6.25255T


https://orcid.org/0000-0003-1943-9905
https://orcid.org/0000-0003-1943-9905
https://orcid.org/0000-0003-1307-2989
https://orcid.org/0000-0003-1307-2989
https://orcid.org/0000-0002-5415-2910
https://orcid.org/0000-0002-5415-2910
https://doi.org/10.1007/s00415-017-8623-8
https://doi.org/10.1007/s00415-017-8623-8
https://doi.org/10.3389/fpsyg.2022.908651
https://doi.org/10.3389/fpsyg.2022.908651
https://doi.org/10.1037/neu0000821
https://doi.org/10.1093/arclin/acs116
https://doi.org/10.1017/s1041610218000467
https://doi.org/10.1016/j.cortex.2020.07.008
https://doi.org/10.1016/j.cortex.2020.07.008
https://doi.org/10.1093/arclin/acz013
https://doi.org/10.1037/neu0000821
https://doi.org/10.1002/dad2.12524
https://doi.org/10.1146/annurev.ps.24.020173.000501
https://doi.org/10.1146/annurev.ps.24.020173.000501
https://doi.org/10.1037/pas0000163
https://doi.org/10.1037/pas0000163
https://doi.org/10.1016/j.jmp.2020.102328
https://doi.org/10.1016/j.jmp.2020.102328
https://adni.loni.usc.edu
https://doi.org/10.1016/j.jalz.2015.05.007
https://doi.org/10.1016/j.jalz.2016.10.006
https://doi.org/10.1016/j.jalz.2016.10.006
https://doi.org/10.1176/ajp.141.11.1356
https://doi.org/10.1176/ajp.141.11.1356
https://doi.org/10.1212/wnl.44.10.1983-b
https://doi.org/10.1371/journal.pmed.1002258
https://doi.org/10.1371/journal.pmed.1002258
https://jasp-stats.org/
https://jasp-stats.org/
https://doi.org/10.3233/JAD-180229
https://doi.org/10.3233/JAD-190509
https://doi.org/10.1212/wnl.0000000000010952
https://doi.org/10.1212/wnl.0000000000010952
https://doi.org/10.1017/s1355617722000595
https://doi.org/10.1017/s1355617722000595
https://doi.org/10.1080/13803395.2023.2240060

BRUNOET AL.

Alzheimer’s & Dementia® K

27.

28.

29.

of neurodegeneration biomarkers. Cortex. 2023;159:167-174. doi:10.
1016/j.cortex.2022.12.004

Rissman RA, Langford O, Raman R, et al. Plasma AB42/A340 and
phospho-tau217 concentration ratios increase the accuracy of amy-
loid PET classification in preclinical Alzheimer’s disease. Alzheimers
Dement. 2024;20(2):1214-1224.doi:10.1002/alz.13542

Barthélemy NR, Salvadd G, Schindler SE, et al. Highly accurate blood
test for Alzheimer’s disease is similar or superior to clinical cere-
brospinal fluid tests. Nat Med. 2024;30:1085-1095. doi:10.1038/
s41591-024-02869-z

Bock JR, Russell J, Hara J, Fortier D. Optimizing cognitive assess-
ment outcome measures for Alzheimer’s disease by matching wordlist
memory test features to scoring methodology. Front Digit Health.
2021;3:750549. doi:10.3389/fdgth.2021.750549

THE JOURNAL OF THE ALZHEIMER’S ASSOCIATION

SUPPORTING INFORMATION
Additional supporting information can be found online in the Support-
ing Information section at the end of this article.

How to cite this article: Bruno D, Jauregi-Zinkunegi A, Bock
JR; for the Alzheimer’s Disease Neuroimaging Initiative.
Predicting CDR status over 36 months with a recall-based
digital cognitive biomarker. Alzheimer’s Dement. 2024;1-7.
https://doi.org/10.1002/alz.14213

85U80|7 SUOWWIOD 3AIa.D 3|qeoljdde auy Aq peusenob aJe sajone O ‘88N 4O SajnJ 10} Arlq1T8UlUQ /]I UO (SUOIPUOD-pUe-SWWB}/W00" A 1M *Ale.q 1 [BUI|UO//:SANY) SUORIPUOD Pue SWie | 841 89S *[202/60/72] U0 A%eiqiauljuo A8|IMm ‘881 Ad ETZKT Z[e/200T 0T/10p/wo0 A8 |1m Arelq 1 pul|uo'S[euIno -z e//sdny wioij papeojumoq ‘0 ‘6.25255T


https://doi.org/10.1016/j.cortex.2022.12.004
https://doi.org/10.1016/j.cortex.2022.12.004
https://doi.org/10.1002/alz.13542
https://doi.org/10.1038/s41591-024-02869-z
https://doi.org/10.1038/s41591-024-02869-z
https://doi.org/10.3389/fdgth.2021.750549
https://doi.org/10.1002/alz.14213

	Predicting CDR status over 36 months with a recall-based digital cognitive biomarker
	Abstract
	1 | BACKGROUND
	2 | METHODS
	2.1 | Participants
	2.2 | Materials
	2.3 | DCB
	2.4 | PHS
	2.5 | Analysis plan

	3 | RESULTS
	4 | DISCUSSION
	ACKNOWLEDGMENTS
	CONFLICT OF INTEREST STATEMENT
	CONSENT STATEMENT
	ORCID
	REFERENCES
	SUPPORTING INFORMATION


