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ABSTRACT

Within our ageing population, the prevalence of Amnestic Mild Cognitive Impairment (aMCI) is rising, under-
scoring a need for early detection strategies to mitigate potential progression to dementia. Traditional pen-and-
paper cognitive tests remain standard but often fail to capture subtle early impairments. Digital episodic memory
tasks have emerged as a promising alternative, offering automated scoring, increased accessibility, and poten-
tially better sensitivity to cognitive decline.

We systematically evaluated the diagnostic accuracy of digital episodic memory assessments for aMCI. Thir-
teen studies met inclusion criteria, with six (n =510 participants) providing sufficient data for meta-analysis.
Pooled estimates showed sensitivity of 0.78 (95% CI: 0.65-0.87), specificity of 0.79 (95% CI: 0.66-0.89), and
AUC of 0.86, with low to moderate heterogeneity (I = 36.1%), largely reflecting differences in task design and
administration.

Both quantitative and qualitative findings suggest digital episodic memory tasks can provide accessible,
scalable, and effective tools for early aMCI detection. However, design variability and construct differences
highlight the need for further validation across diverse populations and improved methodological stand-
ardisation before clinical implementation.

1. Introduction

AD, those with positive biomarkers, such as amyloid-f} (Ap) aggregation,
show an accelerated risk of conversion (Alves et al., 2021; Wolk et al.,

Amnestic Mild Cognitive Impairment (aMCI) represents an inter-
mediate stage between normal ageing and dementia, characterised by
episodic memory deficits linked to a significant increase in risk of pro-
gression to Alzheimer’s disease (AD) (Albert et al., 2013; Petersen,
2004). The prevalence of aMCI increases with age, affecting approxi-
mately 6.7% of individuals aged 60-64 and rising to 25.2% in those over
80 (Lawrence et al., 2017). While not all individuals with aMCI develop

2009).Given the increasing availability of disease-modifying treatments
targeting early AD pathology, an important clinical priority is to identify
individuals with aMCI who are most likely to progress to AD. Reliable
discrimination between aMCI and healthy ageing nevertheless remains a
necessary upstream step in this process. In clinical settings, memory
complaints are common in older adults and often reflect
non-pathological ageing or affective conditions rather than
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neurodegenerative disease (Petersen, 2016). Accurate cognitive
discrimination therefore serves as an initial triage step to identify in-
dividuals who may warrant further biomarker assessment, longitudinal
monitoring, or inclusion in prognostic studies (Hansson, 2021).

Currently, aMCI diagnosis relies on a combination of clinical in-
terviews, neuropsychological testing, and potentially biomarker evalu-
ation (Petersen, 2016). Of all cognitive tests, performance on episodic
memory tasks consistently demonstrates predictive value for progres-
sion from aMCI to AD, underscoring a need for refined, behaviour-based,
diagnostic tools (Gustavson et al., 2020; Summers and Saunders, 2012).
Additionally, treatment is recognized as effective when it is associated
with changes in clinically meaningful endpoints, whether cognitive or
functional, underscoring a need for measures that can reliably capture
such changes.

Traditional pen-and-paper neuropsychological assessments suffer
many limitations, including low sensitivity to early-stage impairments,
cultural and educational biases, lengthy administration times, and sus-
ceptibility to practice and ceiling effects (Kourtis et al., 2019). While
biomarker-based approaches (e.g., cerebrospinal fluid analysis and
amyloid PET imaging) offer valuable diagnostic insights, their high cost,
invasiveness, and limited accessibility restrict their widespread use in
routine clinical settings (Ossenkoppele et al., 2022). These constraints
highlight an urgent need for scalable, accessible, and non-invasive
diagnostic tools to detect aMCI before significant cognitive decline
ensues.

Digital/computerised cognitive assessments have emerged as one
potential solution, leveraging computerised episodic memory tasks to
enhance sensitivity, accessibility, and automation in detecting subtle
cognitive impairments. Several commercially available platforms,
including CogState (Cogstate: Simplifying the Measurement of
Cognition, n.d.), CAMCI (Saxton et al., 2009), CANTAB (Egerhézi
et al., 2007), CNS Vital Signs (Gershon et al., 2010), and the NIH
Cognition Battery (Gershon et al., 2010), in effect digitise traditional
neuropsychological tasks, while offering real-time scoring and adaptive
difficulty adjustments. However, evidence regarding their diagnostic
accuracy is mixed, and their ability to discriminate early-stage aMCI
from healthy ageing has not been systematically assessed.

Beyond traditional digital testing, newer findings in cognitive
neuroscience have sought to refine episodic memory assessment by
focusing on relational memory, temporal context, and multi-step deci-
sion-making, features that may offer a better proxy of hippocampal
dysfunction in early aMCI (Delhaye et al., 2019a, 2019b; Guillery-Girard
et al., 2013; Shadlen and Shohamy, 2016; Shohamy and Daw, 2015).
Tasks that assess associative and relational memory, rather than simple
recall may offer improved sensitivity by capturing deficits that precede
standard episodic memory impairments(Gershon et al., 2010). However,
these advanced paradigms, and their translational potential, have yet to
be validated fully in clinical populations.

No prior systematic review has evaluated the diagnostic efficacy of
digital episodic memory assessments for aMCI, nor synthesised their
differences in sensitivity and specificity against reference traditional
methods.

The literature search focuses on studies of episodic memory, defined
broadly to include episodic retrieval, associative memory, event mem-
ory, and context memory. Studies using spatial memory tasks are
included when the task is conceptually linked to episodic processes (e.g.,
spatial context learning, navigation within episodic paradigms, or maze
tasks testing event-place associations), recognizing the close neuro-
cognitive relationship between episodic and spatial memory (Shohamy
and Daw, 2015). This review characterises such tasks and evaluates
their ability to distinguish cognitively unimpaired (CU) older adults
from individuals with aMCI. In doing so, we organise the literature along
a conceptual continuum ranging from direct digital translations of
traditional episodic memory tests to newer paradigms grounded in
contemporary cognitive neuroscience models. By synthesising available
evidence, this study aims to determine whether digital episodic memory
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tasks offer a reliable and scalable complement to traditional neuropsy-
chological assessments and to identify gaps in current methodologies
that warrant further research.

2. Methods
2.1. Search strategy

This review was registered with PROSPERO (CRD42024622135) and
conducted in accordance with the Preferred Reporting Items for Sys-
tematic Review and Meta-analyses (PRISMA-DTA) guidelines (Mclnnes
etal., 2018; Salameh et al., 2020) (Supplementary Table 1). Two authors
(ARM, CS) searched the following databases PubMed, Scopus, Web of
Science, Cochrane Library, IEEE, ACM for retrospective and prospective
cohort studies, cross-sectional studies, and randomised clinical trials
that use episodic memory digital tasks to diagnose patients with
cognitive decline, cognitive impairment from each database’s inception
to 11 of April 2025. The full search strategy is included in
Supplementary Tables 3-7 in the Supplement. Two authors (ARM, CS)
independently screened abstracts and titles followed by full texts to
check the eligibility for inclusion, with disputes being resolved through
consensus from a third independent author (IF) OR discussion. Article
screening was done using the online platform Rayyan (Ouzzani et al.,
2016).

The methodology and reporting of this review followed guidance set
out by the Cochrane Handbook for Diagnostic Test Accuracy Reviews.
The keywords advanced search used were ("computational task*" or
"Computer-assisted" or "computational" or "digital" or "web-based" or
"mobile application" or "smartphone application" or "mobile" or
"smartphone" or "app" or "apps" or "application*" or "computer*" or
"computational test*" or "digital biomarker") AND (diagnos* or Stratifi*
or Classifi* or Assess* or predict* or detect* or identif*) AND ("Amnestic
Mild Cognitive Impairment" or "amnestic MCI" or "aMCI" or "Aging" or
"ageing" or "older adults" or "elderly" or "amnestic Cognitive Dysfunc-
tion" or "amnestic memory cognitive impairment" or "amnestic cognitive
impairment" or "amnestic cognitive decline") AND ("Episodic Memory"
or "episodic retrieval" or "associative memory" or "event memory" or
"autobiographical memory" or "context memory" or "recollection" or
"memory for events" or "memory for experiences").

2.2. Eligibility

The inclusion criteria of this study are as follows: 1) Original research
article, 2) An observational study conducting a qualitative and/or
quantitative evaluation of the diagnostic performance in a digital/
computerised episodic memory test for the identification of aMCI vs
healthy ageing, 3) Healthy participants and participants with aMCI
diagnosed with standardised diagnostic criteria, including the Petersen
criterion, the report of the International Working Group on Mild
Cognitive Impairment (Winblad et al., 2004), the recommendations of
the National Institute on Aging and the Alzheimer’s Association, the
National Institute of Neurological and Communicative Disorders and
Stroke (NINCDS), the Alzheimer’s Disease and Related Disorders Asso-
ciation, any version of the Diagnostic and Statistical Manual of Mental
Disorder, consensus by qualified clinicians, or standardised neuropsy-
chological tests like the MoCA 4) Healthy/control participants assessed
as cognitively healthy by clinicians, CDR, or standardised neuropsy-
chological tests, 5) To be included in the quantitative meta-analysis the
study should further report or allow for an estimate of diagnostic per-
formance in terms of sensitivity and specificity, or provide sufficient
data to derive these metrics. Studies lacking the necessary performance
information were considered for qualitative review but excluded from
the quantitative meta-analysis.

The exclusion criteria were as follows: 1) Languages other than En-
glish, Spanish, French, Italian, and Portuguese, 2) The digital test was
administered for diseases other than aMCI or cognitively healthy
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participants, such as patients with brain injury, 3) Patients with other
psychiatric comorbidities, 4) The digital test was not a cognitive test, 5)
The digital test’s primary cognitive target was a domain other than
episodic memory (e.g., prospective memory or metamemory para-
digms), even when episodic processes were known to contribute. 5)
Tests delivered via immersive platforms were excluded. Desktop- or
laptop-class computers, including laboratory touchscreen systems, were
eligible. Smartphone-implementations were excluded a priori and 6)
Case studies, commentaries, editorials, and reviews.

The selection of studies for this review included those that utilised
computerised tasks designed to assess episodic memory and provided
diagnostic performance data, such as sensitivity and specificity. Atten-
tion was given to a subset of studies that incorporated Receiver Oper-
ating Characteristic (ROC) curve analysis and an associated AUC value
(as a proxy statistic for both effect size and well-calibrated decision’s
confidence) that evaluated an ability to distinguish accurately between
amnestic Mild Cognitive Impairment (aMCI) and healthy adults. Studies
reporting diagnostic accuracy metrics (e.g., sensitivity, specificity, AUC)
were included in the quantitative meta-analysis, whereas experimental
paradigms without such metrics were included in the qualitative syn-
thesis only.

2.3. Data extraction and study characteristics

Relevant data were extracted into a standardised template inde-
pendently by two reviewers (ARM, CS), covering author, year, study
design, sample size, index test, comparator tests, setting, participant
demographics, diagnostic criteria, and technical details of the index tests
(e.g., platform, administration method, duration, tester expertise).
Diagnostic efficacy metrics for meta-analysis were also extracted.
Summary tables (Tables 1-3) provide an overview of study populations,
interventions, test platforms, and diagnostic outcomes. A third reviewer
(DM) verified data extraction. For studies lacking confusion matrix data
these were reconstructed from reported sensitivity, specificity, and case-
control sample sizes.

2.4. Risk of bias assessment

Quality assessment was conducted independently by two in-
vestigators (ARM, CS) and disagreements were resolved by consensus or
appeal to a third author (FM). with the Quality Assessment of Diagnostic
Accuracy Studies 2 (QUADAS-2) checklist (Whiting et al., 2011).
QUADAS-2 evaluates risk of bias across four core domains: Patient se-
lection assesses whether study participants were recruited in a way that
could introduce bias, including the use of case—control designs, inap-
propriate exclusion criteria, or non-representative sampling. Index test
evaluates whether the digital memory test under investigation was
conducted and interpreted without knowledge of the reference standard
results, and whether diagnostic thresholds were pre-specified rather
than determined post hoc. Reference standard examines whether the
method used to classify aMCI (e.g., neuropsychological assessment,
clinical diagnosis) is likely to correctly identify the target condition, and
whether its interpretation was blinded to the index test. Flow and timing
evaluate whether all participants received both the index test and the
reference standard, whether exclusions were appropriate, and whether
the time interval between tests was sufficiently short to minimise disease
progression bias. Each domain was rated as having low, high, or unclear
risk of bias in accordance with QUADAS-2 guidance. Applicability
concerns were assessed for the first three domains (patient selection,
index test, and reference standard) to evaluate how well included
studies matched the review question with respect to population, test
characteristics, and diagnostic criteria.

2.5. Data synthesis and meta-analysis

The statistical analysis followed the Cochrane Guidelines for
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Systematic Reviews of Diagnostic Test Accuracy, Version 1.0 (Bossuyt
et al.,, 2023) and the Methods Guide for Authors of Systematic Re-
views of Medical Tests by the Agency for Healthcare Research and
Quality (chapter 8) (Lipsey, 2001).

2.5.1. Diagnostic accuracy meta-analysis

We summarized study characteristics in structured tables
(Tables 1-3) and performed meta-analyses when at least three studies
reported comparable diagnostic metrics (e.g., sensitivity, specificity,
AUQC). For each study, we computed the true positive (TP), false positive
(FP), true negative (TN), and false negative (FN) counting using data
from the index test (Doebler and Holling, 2015). For studies that did not
explicitly report confusion matrix data, the true positives, false posi-
tives, true negatives, false negatives were recovered from reported
sensitivity, specificity, sample sizes, and prevalence when available
(Doebler and Holling, 2015).

For studies reporting only model-based estimates from composite
scores combining multiple cognitive domains (e.g., memory, executive,
attention), we qualitatively summarized findings but excluded them
from the meta-analysis. This approach ensured comparability across
studies focusing specifically on digital episodic memory tests.

We used random-effects models with 95% confidence intervals and
assessed heterogeneity using I?, interpreting 25%, 50%, and 75% as low,
moderate, and high heterogeneity (Higgins et al., 2003). Publication
bias was investigated using Deeks’ funnel plot by conducting a sample
size-weighted regression of the log odds ratio against the inverse of the
square root of the sample size (Deeks et al., 2005). Analyses were con-
ducted using mada(Schwarzer et al., 2015) and metafor package
(version 4.6.0) (Viechtbauer, 2010) in R. Statistical tests are two-sided,
and the confidence threshold for statistical significance at p < 0.05.

2.6. Certainty of evidence (GRADE)

Certainty of evidence for pooled outcomes was evaluated using
GRADE criteria, considering risk of bias, inconsistency, indirectness,
imprecision, and publication bias. Overall certainty was rated as
moderate.

2.7. Synthesis of results

When synthesising results, studies that reported different thresholds
for defining positive test results are highlighted. When studies included
indeterminate or missing test results, we followed what the authors of
the study had defined. For the inclusion of spatial memory tasks, we
focused only on tasks that were conceptually linked to episodic pro-
cesses, such as spatial context learning or maze navigation with event-
place associations. We explicitly excluded purely working memory or
spatial memory tasks without an episodic memory component to stay
aligned with our primary research question.

3. Results
3.1. Study selection

A systematic review following PRISMA-DTA 2020 guidelines and the
established inclusion criteria was conducted. Studies were eligible if
they evaluated digital or computerised memory tests in older adults with
aMCI compared to HC or other cognitive groups. We included studies
reporting test characteristics, sample demographics, cognitive domains,
and diagnostic outcomes. Sample sizes and diagnostic classification
counts (TP, FP, TN, FN) per study are presented in supplementary
Table 5.

A systematic search yielded 208 potentially relevant articles. After
deleting the deduplicates, 135 articles were retained for further review,
with three additional reports identified through citation tracking
(Junkkila et al., 2012; Paterson et al., 2022; Wang et al., 2013). Title and



Table 1

Characteristics of Included Studies. Summary of included studies evaluating digital cognitive assessments for amnestic Mild Cognitive Impairment (aMCI). This table presents key characteristics of 13 studies included in
the systematic review. It outlines the digital cognitive test used, sample composition, geographic and clinical setting, mean age of the aMCI group, targeted cognitive domain, and whether diagnostic accuracy metrics (e.g.,
sensitivity, specificity, area under the curve [AUC]) were reported.

Author, Year Country/ Study Sample Mean Age Gender Mean Condition aMCI Digital Index  Cognitive  Reference/ Diagnostic Method of Details of Test Time
Setting Design Size (SD, (% Male) Education (s) Criteria Test Domain Traditional Tests Metrics Administration Platform Used (min)
(Groups) Range) (SD, Reported
Range)
Alegret et al.  Spain, Cross- 276 total aMCI: 67.7 aMCIL: aMCI: 10.2 HC, Petersen FACEmemory® Associative MMSE; Sensitivity, Self-administered on Tablet-based ~ ~30 min
(2020) Memory sectional (HC = (7.9) 37.7% (4.0) years naMClI, criteria; (computerized episodic Neuropsychological specificity, tablet with minimal application
clinic 154, aMCI male (23/ aMCI CDR =0.5; Face-Name memory Battery of Fundaci6 AUC supervision with
(Fundacio =61, 61) MMSE > 24; Associative (face-name- ACE (NBACE); S- touchscreen
ACE, naMCI = preserved  Memory Exam, occupation) FNAME (for and voice
Barcelona) 61) ADLs; short form) convergent validity) recognition;
objective automatic
memory scoring;
impairment Android-based
custom
software
Belliart-Guérin France, Retrospective 90 (SCC, aMCL:67 aMCI:53% aMCI:12 SCC, DSM-5, Mnemonic Episodic MMSE, FAB Sensitivity, Individual administration, Computer, 13
and Planche Hospital aMCI, (49-76) (5-22) naMCI, Petersen Similarity Task memory specificity, minimal supervision details not
(2023) clinic naMCI, aMClI, AUC specified
dementia) dementia
Junkkila et al.  Finland, Cross- 58 (HC, aMCL73 aMCL65 aMCI:8 HC, aMCI, Petersen CANTAB PAL Visual- WLMT AUC Individual, supervised Touchscreen  Not
(2012) Neurology  sectional aMCI, AD) (6.3) (3.0) AD et al., 2001 spatial administration computer specified
clinic associative
Kroft et al. Canada, Cross- 40 (HC, aMCIL:65.8 Not aMCIL:16.2 HC, aMCI DSM-5 OST Memory Episodic None No Individual administration Computer Not
(2022) Hospital sectional aMCI) (11.1) reported  (3.2) Task memory + Serial specified
Response Box
(E-Prime
software)
Lee et al. South Korea, Cross- 60 (HC, aMCIL:70.7 aMCL:45% aMCI:11.0 HC, aMCI, Petersen Virtual Radial ~ Spatial None (neuropsych No Individual administration Computer- Not
(2014) Hospital sectional, aMCI, AD) (5.0) 4.2) AD et al., 1999 Arm Maze working/ tests used only for based, joystick- specified
longitudinal reference correlation) operated
virtual
environment
Paterson et al. Canada, Cross- 91 (HC, aMCL75 aMCI:51% aMCI:15 HC, aMCI NIA-AA Brain Health Episodic/ MoCA Sensitivity, Individual, unsupervised Laptop with 20-30
(2022) Community sectional aMCI) (5.7) (2.5) criteria Assessment working specificity, administration mouse
memory AUC
Pirogovsky USA, Cross- 30 (HC, aMCL76.8 Not aMCI:15 HC, aMCI Petersen Temporal Temporal None No (group Individual administration Not specified Not
etal. (2013) Research sectional aMCI) (2.3) reported  (0.9) etal, 2001 Sequence sequence differences specified
center Learning Task ~ memory only)
Ramratan et al. USA, Cross- 390 (HC, aMCI:81.7 aMCIL:53% aMCIL:13.1 HC, aMCI Petersen CRRST Cued-recall FCSRT, WMS-R AUC (no Individualadministration Computer + E- Not
(2012) Community- sectional aMCI) (5.5) (3.4) et al., 1999 speed cut-off, no  with research assistant Prime specified
based binary stats) present program; oral
responses with
mic
Rigby et al. USA, Cross- 158 total aMCI(72.1 aMCI: 24 aMCI: 15.6 HC and NACC NIH Toolbox Episodic NACC Unified Data No Individual administration NIHTB-CB ~30 min
(2024) Community- sectional (HC = 96; (6.8)) (38.7%) (2.4) aMCI consensus  Cognition memory Set on tablet (iPad), tablet version;
dwelling aMCI = diagnosis  Battery (NIHTB- (primary)  neuropsychological supervised research norm-adjusted
older adults 62) (Unified CB), tablet battery (used for setting and unadjusted
(Michigan Data Set version consensus diagnosis, scores analysed
Alzheimer’s v3); Primary not as comparator
Disease amnestic discriminant test)
Research features subtest: Picture
Center) required Sequence
Memory

(continued on next page)
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Table 1 (continued)

Details of Test Time

Diagnostic Method of

Metrics

Reference/

Cognitive
Domain

Digital Index

Condition aMCI
Test

Mean
(% Male) Education (s)

Mean Age Gender

(SD,

Sample
Size

Country/ Study

Setting

Author, Year

Platform Used (min)

Administration

Traditional Tests

Criteria

Design

Reported

(SD,

(Groups) Range)

Range)

Not

Computer

Visual tasks, manual

specificity ~ keypress, oral recall

None (classification Sensitivity,

based on logistic

model)
None

Oddball & Von Novelty

aMCI:69.9 aMCIL:43% aMCI:13.7 HC, aMCI Petersen

(7.1

43 (HC,
aMCI)

Belgium/ Cross-

France,

Servais,

specified

(OpenSesame
software)

detection

and Negash, Restorff

3.3)

sectional

Barbeau and

Paradigms memory

2008

Bastin (2024) Clinic

Not

Computer,
custom

Individual, self-paced

No

Associative
memory

Associative

et al.,, 2003 Recognition

Knopman

aMCIL:76.1 aMCIL:37% aMCI:14.2 HC, aMCI

(7.6)

45 (HC,
aMCI)

Cross-

Canada,

Troyer et al.

specified

with keypress responses

(2.5)

Geriatric unit sectional

(2016)

software
Individual administration Touchscreen

in home setting

Not

None No

CANTAB Eclipse Visual/

HC, aMCI, Petersen

aMCI:77.1 aMCI:50% Not

aMCI, AD) (4.0)

45 (HC,

UK, Hospital Cross-

Wams et al.

specified

computer

(CANTAB

Eclipse)

Individual administration Computer

verbal

etal.,, 1999 Battery

AD

reported

sectional

(2017)

memory

15-20

Sensitivity,
specificity,

Spatial, WLMT
AUC

Spatial-Context

etal.,, 1999 Memory Test
+ battery

HC, aMCI, Petersen
m-DAT

Cross- 90 (HC, aMCIL:73.7 aMCIL:47% aMCI:8.4
aMCI, (7.4)

Taiwan,

Wang et al.

associative

memory

B4

sectional

Hospital

(2013)

mild

dementia)

AUC: Area Under the Curve, SCC: Subjective Cognitive Complaint, naMCI: Non-Amnestic Mild Cognitive Impairment, aMCI: Amnestic Mild Cognitive Impairment, CH: Cognitively Healthy, MCI: Mild Cognitive
Impairment, MMSE: Mini-Mental State Examination, FAB: Frontal Assessment Battery, PAL: Paired Associate Learning, CERAD: Consortium to Establish a Registry for Alzheimer’s Disease, CRRST: Cued-Recall Retrieval

Speed Task, FACEmemory®: Face-Name Associative Memory Test.
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abstract screening reduced the pool to 17 articles for full-text review,
ultimately resulting in thirtheen studies (Belliart-Guérin and Planche,
2023; Alegret et al., 2020, Rigby et al., 2024; Junkkila et al., 2012; Kroft
et al., 2022; Lee et al., 2014;Paterson et al., 2022; Pirogovsky et al.,
2013; Ramratan et al., 2012; Servais et al., 2024; Troyer et al., 2016;
Wams et al., 2017 and Wang et al., 2013) included in the qualitative
synthesis. Of these, six studies were eligible for the meta-analysis
(Alegret et al., 2020; Belliart-Guérin and Planche, 2023; Junkkila
et al., 2012; Paterson et al., 2022; Servais et al., 2024; Wang et al.,
2013); the remaining studies were excluded due to missing or insuffi-
cient diagnostic data. Three studies were excluded at the full-text
screening stage: The study by (Pagan et al., 2023) was excluded due
to its focus on attention and executive function via a go/no-go error--
monitoring paradigm rather than episodic memory; Chi et al. (2014)
was excluded due to its primary focus on prospective memory, a
cognitive construct conceptually distinct from episodic memory; Plan-
che, 2023 was excluded because it used a paper-based booklet with
computer-generated images; LaPlume et al. (2021) was excluded due to
sample overlap with Paterson et al., 2022, identified during citation
tracking; the latter was retained as the primary reference. The PRISMA
flow diagram (Fig. 1) provides a detailed overview of the study selection
process.

3.2. Study characteristics

Thirteen studies evaluating digital tools for assessing episodic
memory in aMCI populations were included (Tables 1-2). Most used
cross-sectional designs, with sample sizes ranging from 30 to 390 par-
ticipants. Participant groups included healthy controls or individuals
with subjective memory complaints (Belliart-Guérin and Planche, 2023)
and individuals with aMCI, with mean ages ranging from 65.8 to 81.7
years. aMCI diagnosis was based on established criteria, including
Petersen (Petersen, 2004), National Institute on Aging — Alzheimer’s
Association (NIA-AA)(Albert et al.,, 2011) or DSM-5 definitions
(Diagnostic and statistical manual of mental disorders, 2013).

The studies encompassed a range of settings, including memory
clinics, neurology departments, and community samples, across Europe,
North America, and Asia. A variety of episodic memory domains were
assessed, including episodic, associative, and spatial memory as can be
consulted in Tables 1-3. Spatial memory tasks were analysed alongside
episodic memory tasks when they measured overlapping cognitive
processes relevant to aMCI.

3.3. Results of individual studies

Table 3 summarizes index test characteristics, platforms, adminis-
tration methods, durations, and tester expertise. Tests were imple-
mented on computers, touchscreens, or joystick-controlled computers.
Administration methods ranged from fully self-administered tasks with
minimal supervision (e.g., Brain Health Assessment) to supervised de-
livery by neuropsychologists or trained research staff. Test durations
varied from ~10-45 min, while administration modes varying from self-
administered tasks to fully supervised assessments by trained personnel.

Different episodic memory tasks were used where Pirogovsky et al.
(2013) assessed temporal sequence learning through a visuospatial
task in which participants had to memorise and reproduce fixed se-
quences of circles on a maze. Wams et al. (2017) used selected tasks from
the CANTAB battery to evaluate visual and episodic memory, visuo-
spatial memory, and verbal object recognition. Wang et al. (2013)
administered a modified spatial context memory test comprising three
subtests: spatial location, event-place association, and place-object as-
sociation, to evaluate spatial memory based on real-world mapping and
object-scene pairing. Troyer et al. (2016) employed two associative
recognition tests, one using word-word pairs and another using face-
—name pairs, to investigate recognition memory with accuracy and re-
action time measures. Servais et al. (2024) examined novelty detection
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Summary of Diagnostic Accuracy Metrics for Digital Episodic Memory Tests in Identifying aMCI. AUC: Area Under the Curve, SCC: Subjective Cognitive Complaint,
naMCI: Non-Amnestic Mild Cognitive Impairment, aMCI: Amnestic Mild Cognitive Impairment, CH: Cognitively Healthy, MCI: Mild Cognitive Impairment, MMSE:
Mini-Mental State Examination, FAB: Frontal Assessment Battery, PAL: Paired Associate Learning, CERAD: Consortium to Establish a Registry for Alzheimer’s Disease,
CRRST: Cued-Recall Retrieval Speed Task, FACEmemory®: Face-Name Associative Memory Test. NA = Not available; data were not reported or could not be derived

from the publication.

Author, Year Index Test
Belliart-Guérin and Planche (2023) Mnemonic Similarity Task
Junkkila et al. (2012) CANTAB PAL

Junkkila et al. (2012)

Paterson et al., 2021

Servais, Barbeau and Bastin (2024)
Servais, Barbeau and Bastin (2024)
Wang et al. (2013)

Alegret et al. (2020)

CANTAB PAL and CERAD as covariate

Brain Health Assessment

Oddball Paradigms/ Target Stimuli RT

Von Restorff Paradigms/Gain Factor (90-pt target)
Spatial-Context Memory Test

FACEmemory®

Cut-off / Classification Metric Sensitivity (%) Specificity (%)  AUC
Lure discrimination index 12 87 64 0.77
Total errors adjusted > 42 71 95 0.803
Total errors adjusted > 42 and score >6 76 95 0.906
Single ROC-based cut-point 57 83 0.76
Logistic regression 71 59 0.61
Logistic regression 33 86 0.56
Total score <15 97 93 0.99
Total score < 31.5 80.5 80 0.85

Table 3

Confusion matrix outcomes for each study reviewed. TP = true positives; FN
= false negatives; TN = true negatives; FP = false positives. AUC: Area Under the
Curve, SCC: Subjective Cognitive Complaint, naMCI: Non-Amnestic Mild
Cognitive Impairment, aMCI: Amnestic Mild Cognitive Impairment, CH:
Cognitively Healthy, MCI: Mild Cognitive Impairment, MMSE: Mini-Mental
State Examination, FAB: Frontal Assessment Battery, PAL: Paired Associate
Learning, CERAD: Consortium to Establish a Registry for Alzheimer’s Disease,
CRRST: Cued-Recall Retrieval Speed Task, FACEmemory®: Face-Name Asso-
ciative Memory Test. * Participants with AD and aMCI were grouped for the
purpose of disease classification analyses.

Author, Year TP FN TN FP aMCI HC
() ()
Belliart-Guérin and Planche (2023) 26 4 21 12 30 33
Alegret et al. (2020) 49 12 123 31 61 154
Junkkila et al. (2012) (PAL only) 12% 5 21 1 17 22
Junkkila et al. (2012) (PAL and 13* 4 21 1 17 22
CERAD as covariate)
Paterson et al. (2021) 29 22 33 7 51 40
Servais, Barbeau and Bastin (2024) 15 6 13 9 21 21
(Oddball)
Servais, Barbeau and Bastin (2024) 7 17 18 3 21 21
(Von Restorff Paradigms/Gain
Factor (90-pt target))
Wang et al. (2013) 29 1 28 2 30 30

using an oddball paradigm and a Von Restorff task to evaluate atten-
tional responses to novel versus repeated stimuli. Ramratan et al. (2012)
used a verbal learning task with cued recall and reaction time mea-
surement, requiring participants to match category cues with correct
exemplars. Paterson et al. (2022) applied the online Brain Health
Assessment (BHA), which includes tasks measuring spatial working
memory, executive function, and associative recognition Alegret et al.
(2020) introduced FACEmemory®, a tablet-based associative memory
task focused on face-name learning and recall, designed as a digital
screening tool for early Alzheimer’s disease and amnestic MCL.

Lee et al. (2014) used a virtual radial-arm maze (VRAM) to assess
working and reference memory through spatial navigation and reward
retrieval. Kroft et al. (2022) recreated a memory task originally designed
by Babb and Johnson (2010) to test object, spatial, and temporal
memory through visual scene recall. Junkkila et al. (2012) employed the
CERAD Word List Learning Task for verbal episodic memory and the
CANTAB Paired Associate Learning (PAL) task to assess visual associa-
tive learning across increasing levels of difficulty. Finally,
Belliart-Guérin and Planche (2023) applied the Mnemonic Similarity
Task to evaluate pattern separation abilities by distinguishing between
repeated, novel, and similar visual stimuli. Rigby et al. (2024) used the
tablet-based NIH Toolbox Cognition Battery, with a primary focus on the
Picture Sequence Memory Test, to assess episodic memory under
standardised, norm-referenced conditions in community-dwelling older
adults.

3.4. Risk of bias and applicability

Risk of bias was assessed using the QUADAS-2 tool, which showed
generally moderate to high risk across studies. Most studies applied
appropriate patient selection and valid reference standards, but several
lacked blinding in index test interpretation or prespecified diagnostic
thresholds. Although task administration was typically automated and
unsupervised, risk of bias in the index test domain mainly reflected post-
administration processes, including data cleaning, threshold derivation,
feature selection, and analytic decisions that were not always clearly
independent of diagnostic status. A detailed risk of bias is provided in
Figs. 4 and 5.

3.5. Diagnostic accuracy and exploratory meta-analysis

Given the limited number of eligible studies and the heterogeneity in
task design, populations, and reference standards, the following meta-
analysis is presented as an exploratory pooled estimate intended to
characterise the current state of evidence rather than to provide a
definitive diagnostic benchmark. Pooled estimates should not be used to
guide clinical decisions at this stage. Six studies provided sufficient
diagnostic data for inclusion in the quantitative synthesis. Diagnostic
efficacy was analysed using forest plots to visualise sensitivity and
specificity across studies (Fig. 2). The six unique studies included a total
of 510 participants, with sample sizes ranging from 39 to 215 per study.
Across studies, both aMCI and healthy control participants were
enrolled with varying group compositions (Table 1). Where diagnostic
accuracy metrics were not reported, authors were contacted to request
additional data. Additional estimates were obtained for one study
(Servais et al., 2024), while no further information was received for the
remaining studies during the revision period.

Sensitivity ranged from 0.57 (95% CI: 0.43-0.70) to 0.97 (95% CI:
0.80-1.00); specificity ranged from 0.59 (95% CI: 0.38-0.77) to 0.93
(95% CI: 0.77-0.98). The area under the summary receiver operating
characteristic (SROC) curve was 0.84, indicating good overall discrim-
inative ability (Figs. 3 and 4).

A bivariate random-effects meta-analysis (Reitsma method) yielded
a pooled sensitivity of 0.78 (95% CI: 0.65-0.87) and specificity of 0.79
(95% CI: 0.66-0.89), accounting for between-study variability.
Between-study heterogeneity was low to moderate, with an I estimate
of 36.1% using the Zhou and Dendukuri approach, and between
53.7-69.8% and 3.8-5.8% using Holling’s unadjusted and adjusted ap-
proaches (Doebler and Holling, 2015).

The observed pooled sensitivity and specificity of episodic memory
tasks in discriminating aMCI from other groups (e.g., healthy controls,
mild dementia) were comparable to published estimates for widely used
screening measures such as the MMSE and MoCA (Li et al., 2018;
Malek-Ahmadi and Nikkhahmanesh, 2024), suggesting that episodic
memory paradigms may offer a viable digital alternative for cognitive
screening. The certainty of evidence was rated as moderate using the
GRADE framework, primarily due to concerns regarding inconsistency
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Fig. 1. PRISMA 2020 Flow Diagram of study selection and inclusion.

(moderate heterogeneity) and risks of bias (lack of blinding in some
studies) (Supplementary Table S4).

4. Discussion
4.1. Cross-study considerations

This systematic review and meta-analysis serve as a guiding frame-
work for understanding diagnostic capacity of current digital episodic
memory assessment tools for detecting aMCI. Pooled sensitivity was
0.78 (95% CI: 0.65-0.87), specificity of 0.79 (95% CI: 0.66-0.89), and
AUC of 0.86, providing an exploratory pooled estimate of diagnostic
performance across a small and heterogeneous set of studies. Hetero-
geneity was low to moderate (I*> = 36.1%), although all studies were
rated as having high risk of bias, which warrants cautious interpretation
and precludes treating these pooled estimates as a stable diagnostic
benchmark.

The literature includes both purpose-built diagnostic tools and
experimental computerized paradigms originally developed to investi-
gate memory mechanisms. While the latter were not designed as clinical
diagnostic tools, they provide insight into cognitive processes relevant to
early aMCI detection. This distinction is important when interpreting
the evidence synthesised here: some digital tools aim primarily to
operationalise clinical screening, whereas others explore mechanisti-
cally informed paradigms that may represent earlier stages in the
development of diagnostic assessments. The heterogeneity observed
across studies likely reflects the early developmental stage of digital
cognitive assessment for aMCI, where rapid digital implementation has
often preceded theoretical integration and clinical validation.

Despite wide variation in task design, administration, and scoring
thresholds, one consistent finding emerged: tools grounded in
hippocampal-dependent memory processes, particularly spatial context
episodic and relational memory, tended to show stronger diagnostic

utility than broader cognitive screeners. These processes are thought to
be relevant for episodic memory function and might show earlier signs
of impairment in Alzheimer’s disease (Eichenbaum, 2017; Jack et al.,
2000), aligning them with the goals of early detection and recent calls to
re-centre behaviour in neuroscience to bridge mechanistic advances
with clinically meaningful outcomes (Cirulli and Easton, 2022).

Consistent with this, meta-analytic evidence from non-digital
cognitive assessments reports an overall AUC of 0.84 (95% CL:
0.81-0.87), alongside large group-level effects (Hedges’ g ~ 1.5), indi-
cating substantial separation between aMCI and cognitively unimpaired
individuals at the group level (Malek-Ahmadi and Nikkhahmanesh,
2024). The pooled diagnostic accuracy observed here (SROC AUC =
0.87) therefore falls within a similar range. This comparison is intended
to provide contextualisation rather than direct equivalence, given dif-
ferences in task structure, populations, and reference standards.

Across studies, two broad categories of digital assessments could be
distinguished: (i) digital implementations of traditional neuropsycho-
logical paradigms and (ii) novel paradigms designed to probe specific
episodic memory mechanisms such as associative binding or pattern
separation. These approaches differ both in theoretical grounding and
level of clinical validation. The included studies demonstrate that spe-
cialised digital paradigms hold promise:

o Belliart-Guérin et al. (2023) employed the Mnemonic Similarity Task
(MST), a pattern separation paradigm where participants view ob-
jects during an initial encoding phase and later must classify each
item in a three-alternative forced-choice format: “old,” “lure,” or
“new”. This test yielded moderate accuracy in distinguishing aMCI
from subjective cognitive complaints (SCC) with a lure discrimina-
tion index cut-off of 12, sensitivity reached 87% and specificity 64%
(AUC = 0.77), comparable to the MMSE (AUC = 0.77). This suggests
that MST, despite being a brief digital tool, may match conventional
screens for detecting subtle memory impairment.
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Study Proportion [95% CI] Study Proportion [95% CI]
Belliart-Guerin, Planche, 2023 - - 4 0.87 [0.69, 0.95] Belliart-Guerin, Planche, 2023 [t 0.64 [0.46, 0.78]
Alegret et al., 2020 Som 0.80 [0.68, 0.88] Alegret et al., 2020 — 0.80 [0.73, 0.85]
Junkkilla et al., 2012 (PAL and CERAD as cov)+ - 0.76 [0.51,0.91] Junkkilla et al., 2012 (PAL and CERAD as cov) - - 4 0.95[0.74, 0.99]
Paterson et al., 2021 — 0.57 [0.43, 0.70] Paterson et al., 2021 . 0.82[0.68, 0.91]
Servais, Barbeau & Bastin, 2024 (Oddball) ——&— 0.71[0.49, 0.87] Servais, Barbeau & Bastin, 2024 (Oddball) ——@—— 0.59 [0.38, 0.77]
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Fig. 2. A. Forest plots of diagnostic performance of digital episodic memory tests for detecting amnestic Mild Cognitive Impairment (aMCI). (A) Sensitivity estimates
across included studies. (B) Specificity estimates across included studies. Squares represent study-level point estimates, with size proportional to study weight;
horizontal lines indicate 95% confidence intervals (CI). Diamonds represent pooled estimates from random-effects models. The overall pooled sensitivity was 0.78

(95% CI: 065-0.87), and pooled specificity was 0.79 (95% CI: 0.66-0.88).
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Fig. 3. Summary Receiver Operating Characteristic (SROC) curve based on a
bivariate random-effects model. The SROC curve provides a global summary of
diagnostic performance across studies evaluating digital episodic memory as-
sessments for aMCI. Points represent study-level sensitivity and false positive
rates. The solid black curve shows the fitted SROC, and the ellipse denotes the
95% confidence region surrounding the pooled estimate (open circle).

o Junkkila et al. (2012) assessed the diagnostic utility of the CANTAB
Paired Associates Learning (PAL) task, a computerised visual mem-
ory test where participants learn and recall the locations of abstract
patterns within boxes on a screen, with increasing levels of difficulty.
The PAL total errors adjusted score effectively distinguished aMCI
from healthy controls, achieving an AUC of 0.803 with an optimal
cut-off of 42. While this was slightly lower than the CERAD Wordlist
Learning Delayed Recall (AUC = 0.906), the PAL task still demon-
strated strong discriminatory power as a standalone digital measure.
When used in combination with the CERAD delayed recall score,
classification accuracy improved to 84.5%, highlighting the com-
plementary value of integrating computerised visuospatial tasks with
traditional verbal memory measures in the detection of aMCI. To
summarize, the data in this study supports the notion of the PAL total
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Fig. 4. Risk of bias assessment across included studies using the QUADAS-2
tool. Each study was evaluated across four domains: D1 - Patient selection,
D2 - Index test, D3 — Reference standard, and D4 — Flow and timing. Judge-
ments were categorized as Low risk (green, “+”), Some concerns (yellow, “-7),
or High risk (red, “x). Most studies demonstrated high risk of bias in at least
one domain, particularly in patient selection and reference standard.

errors adjusted being the most valuable variable when attempting to
distinguish between normal controls, aMCI patients and AD patients.
Using ROC analysis, cut-off scores were calculated: a score of 42 best
differentiated aMCI from healthy controls, while a score of 71 best
differentiated aMCI from AD patients.

o Troyer et al. (2016) employed two computerised associative memory
tasks to probe episodic memory in individuals with aMCI: a word—-
word association test and a face-name association test. In the
word-word task, participants studied semantically unrelated word
pairs and later completed a recognition test in which they had to
identify whether pairs were intact, recombined, or entirely new.
Similarly, in the face-name task, participants were presented with
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Fig. 5. Proportional summary of risk of bias across QUADAS-2 domains. This figure summarizes the distribution of risk of bias judgments across all included studies
for each of the four QUADAS-2 domains: Patient selection, Index test, Reference standard, and Flow & timing. Bars represent the proportion of studies rated as having
Low risk (green), Some concerns (yellow), or High risk (red) of bias per domain. Most studies were judged to have a high risk of bias in the Patient selection and Index
test domains. Flow & timing showed a more balanced distribution, while Reference standard was most frequently rated as low risk.

faces accompanied by spoken names during the study phase, fol-
lowed by a recognition test with intact, recombined, and novel
pairings. The results showed that associative recognition accuracy,
particularly for the word-word task, significantly differentiated in-
dividuals with aMCI from healthy controls, achieving 78% classifi-
cation accuracy. When intra-individual variability (IIV) in response
times was included as a feature, classification accuracy improved to
82%, suggesting that incorporating dynamic behavioural metrics
may enhance the diagnostic sensitivity of associative memory
paradigms.

o Servais et al. (2024) evaluated episodic memory through the Von
Restorff memory task, designed to assess the benefit of distinctive-
ness on recall. Participants studied a list of 20 words, of which 4 were
“distinctive” in either font, colour, or semantics. Following distrac-
tion, they performed a free recall test. The study found that while
healthy controls benefited from distinctiveness, participants with
aMCI recalled significantly fewer distinctive words, showing a
reduced Von Restorff effect. In diagnostic analyses, memory-based
indices derived from the task showed modest discriminative perfor-
mance, characterised by high specificity but limited sensitivity,
reflecting preserved recall of distinctive items in a subset of aMCI
participants. This suggests that paradigms probing novelty effects,
especially those leveraging salient cues, may detect early episodic
memory impairments tied to medial temporal lobe dysfunction.

o Paterson et al. (2021) directly compared BHA, a self-administered
digital tool, with the clinician-administered MoCA. Overall diag-
nostic performance was similar between the two (AUC = 0.76 for the
BHA vs. 0.71 for the MoCA; p = .36), but the BHA demonstrated a
higher corrected partial AUC (0.73 vs. 0.66), suggesting greater
sensitivity in detecting milder impairments. The BHA model incor-
porated key memory-related subtests such as Face-Name Association
and Spatial Working Memory which align closely with the mnemonic
deficits typically seen in aMCI. Notably, the BHA classified a signif-
icantly smaller proportion of participants into the indeterminate
probability category (56% vs. 70% with the MoCA; p = .004), which
could help reduce unnecessary follow-ups or referrals.

o Alegret et al. (2020) developed FACEmemory®, a tablet-based
associative memory task focused on face-name learning and recall,
designed as a digital screening tool for early Alzheimer’s disease and
aMCI. Using a total score cut-off of 31.5, the test demonstrated good
diagnostic accuracy in discriminating aMCI from cognitively unim-
paired participants (AUC = 0.85), with balanced sensitivity (80.5%)
and specificity (80%). The task targets associative binding processes
known to be vulnerable in prodromal Alzheimer’s disease and offers
a brief, standardised, and clinically deployable digital alternative to
traditional memory screening instruments.

o Among the included studies, Wang et al. (2013) demonstrated high
diagnostic accuracy using a modified spatial-context memory task
(SCMT), with an AUC of ~0.97, and sensitivity and specificity in the
mid-90% range, strongly outperforming standard screening tools in

distinguishing aMCI from healthy ageing. Their computerised spatial
context paradigm presented participants with a city map showing
multiple blocks and highlighted one with a flashing dot; participants
subsequently learned to associate specific buildings with that block
and were later cued to recall each building’s location on the map.
This task explicitly tests spatial context memory. This suggests that
spatial context paradigms, grounded in hippocampal-dependent
memory processes, may hold superior diagnostic value compared
to more traditional episodic memory assessments. Highlighting these
findings supports the argument that more targeted associative or
relational memory tasks (such as spatial context or event-place as-
sociation) could offer notable gains in sensitivity and specificity.

Our review builds on previous work (Germine et al., 2019; Thomp-
son et al., 2023) by providing the first meta-analytic synthesis focused
specifically on digital episodic memory tools. While the number of
eligible studies remains limited, our pooled estimates offer a provisional
benchmark for future validation. Study quality, assessed via QUADAS-2,
often flagged selection bias and unclear reporting of reference standards,
potentially inflating performance estimates. Furthermore, heterogeneity
in task design, delivery, and lack of normative data, combined with
small, non-diverse samples, limits generalisability.

Few of the included studies employed paradigms grounded in
contemporary cognitive-neuroscience models in which episodic mem-
ory actively supports decision-making through retrieval of past experi-
ences to guide future reasoning. (Shadlen and Shohamy, 2016). Instead,
most tasks assessed episodic memory in isolation, without explicitly
modelling its role in future-oriented or value-guided behaviour. The
recent proposition on the function of memory in prospective inference
(Buckner, 2010), the formation of associative links (Davachi, 2006;
Rudy and Sutherland, 1989) and constructive episodic simulation
(Addis et al., 2007) suggest that hippocampal activity can also have an
active role in constructing de novo experiences in spatial and non-spatial
contexts.

Newer tasks that assess higher-order cognitive domains, such as
linking experiences across time, context, and features, processes thought
to rely on memory and hippocampal-prefrontal circuitry, could hold
translational potential into a clinical setting. By highlighting this
neuronal mechanism and building insights into the neuronal computa-
tions underlying flexible behaviours that are difficult to study in animal
models, but dominate human decision-making, we could identify subtler
deficits that precede frank memory loss, a technique that could be
especially valuable in recognising prodromal AD (Buzsaki, 2015; Jones
et al., 2019). Future research should prioritise mechanistically informed
paradigms such as associative binding, relational memory, and pattern
separation tasks, which may better capture hippocampal dysfunction in
early Alzheimer’s disease.

In addition, the digital delivery of memory tasks enables collection of
process-level data (e.g., response latencies, confidence ratings) that can
be analysed using computational models. Such approaches could
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quantify latent parameters of memory performance (Ratcliff and
McKoon, 2022), offering a more fine-grained and mechanistic under-
standing of cognitive decline. Despite this potential, none of the
included studies leveraged computational modelling, highlighting a key
opportunity for future research.

Taken together, the present body of evidence on the diagnostic value
of digital episodic memory tools for aMCI is currently characterised by
substantial inconsistency. Reported sensitivities and specificities span a
wide range across studies, reflecting differences in the cognitive
construct being probed (e.g., associative recognition, pattern separation,
spatial context, novelty detection), in the reference standards used to
define aMCI, in sample composition and recruitment strategies, and in
the analytic decisions used to derive cut-offs and diagnostic thresholds.
Therefore, even when individual studies report promising performance,
it remains difficult to determine whether comparable accuracy would be
obtained in independent samples or in routine clinical settings. The
exploratory pooled estimate reported above should therefore be read
against this background of methodological heterogeneity, and as a
description of where the literature currently stands rather than as a
stable benchmark for digital episodic memory assessment.

4.2. Recommendations for future research

Several concrete steps would help resolve the inconsistencies iden-
tified above and move the field towards more comparable, clinically
informative diagnostic accuracy work. First, future studies should adopt
harmonised reporting of diagnostic accuracy metrics, including sensi-
tivity, specificity, and AUC together with full confusion matrices, in line
with STARD and emerging STARD-AI recommendations (Bossuyt et al.,
2015). Second, the field would benefit from convergence on a small
number of well-defined reference standards for aMCI, with explicit
reporting of the criteria applied (e.g., Petersen, NIA-AA, Jak-Bondi
actuarial criteria) and of the neuropsychological battery used to oper-
ationalise them. Third, cut-off thresholds for the digital index test should
be pre-specified rather than derived post hoc in the same sample, with
external validation in independent cohorts whenever possible. Studies
should report the psychometric properties of the digital tool (test-retest
reliability, learning effects, equivalence across hardware and language
versions) alongside diagnostic performance, since these properties bear
directly on real-world deployability. Also, the sample size should be
planned with diagnostic accuracy estimation in mind, recognising that
small case—control samples can yield unstable and optimistic perfor-
mance estimates. Finally, mechanistically informed paradigms (e.g.,
associative binding, relational memory and high order cognitive func-
tions that recruit episodic memory) should be evaluated alongside more
traditional digital screeners in the same participants, to allow direct
comparison and to clarify which features of episodic memory carry the
greatest diagnostic signal in early aMCI.

5. Conclusions

This systematic review indicates that digital tools for measuring
episodic memory yield moderate to high diagnostic accuracy for diag-
nosing aMCI, with AUC values generally above 0.80. Episodic memory
tests can offer a finer-grained, more sensitive and specific alternative to
traditional, multi-domain test batteries, as episodic memory is
frequently the first domain to decline in Alzheimer’s disease (Rizzolo
et al., 2021).

Traditional neuropsychological assessment comprises multiple
domain-specific tests, with diagnosis based on patterns of impairment
and sparing. In contrast, brief cognitive screening instruments (e.g.,
MMSE, MoCA) rely on global composite scores and may be less sensitive
to focal or early episodic memory deficits. In heterogeneous patient
groups, reliance on global screening scores may therefore dilute sensi-
tivity to early pathological change and increase false-positive classifi-
cations (Edmonds et al., 2015; Ganguli et al., 2011; Hobart et al., 2013;
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Kim et al., 2024a,b). Accordingly, there is growing interest in targeted,
mechanistically informed tasks, particularly those probing
hippocampal-dependent processes such as episodic and relational
memory as complements to screening tools, with the potential to
improve diagnostic precision and translational relevance.

While digital and computerised episodic memory tests show prom-
ise, at present they cannot replace clinical judgment and should not be
used in isolation (Aslam et al., 2018). However, computerised methods
allow for remote testing and scalability, providing bigger sample sizes
taken from more diverse populations, as well as higher volumes of data.
This could prove useful for screening and innovation in AD diagnosis.
Multiple studies show provisional supportive evidence towards the
feasibility and validity of computerised assessments in both supervised
(Ding et al., 2022; Thompson et al., 2023) and unsupervised (Geddes
et al., 2020) settings. Digital episodic-memory tasks may also serve as
scalable triage tools, analogous to emerging blood-based biomarkers (e.
g., plasma Ap/tau), by identifying individuals who would benefit from
comprehensive neuropsychological evaluation or biomarker testing
rather than acting as stand-alone diagnostic instruments.

Further research should prioritise diverse samples, standardised task
designs, and integration of tasks that assess higher-order cognitive
functions. Developing tools sensitive to prodromal changes in Alz-
heimer's disease could improve screening accuracy and individualised
care. In clinical settings, higher cut-off thresholds prioritise sensitivity to
reduce false negatives and avoid missing true cases. In research contexts,
lower thresholds can improve specificity and minimise false positives,
thereby refining group-level comparisons.

Overall, digital episodic memory assessments may be particularly
well-suited for early aMCI and early AD detection by assessing neuro-
biologically grounded mechanisms making them compelling targets for
digital biomarkers.
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