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ABSTRACT

Magnetic resonance imaging (MRI)-based artificial intelligence (AI) models are increasingly
applied to brain MRI for diagnosing Alzheimer's disease (AD) and mild cognitive impairment
(MCI), but their overall diagnostic performance remains unclear. We systematically searched
PubMed/MEDLINE, Embase, Web of Science, Scopus, and IEEE Xplore until February 15,
2020, for diagnostic accuracy studies of machine-learning or deep-learning models using
structural brain MRI to distinguish AD vs. cognitively normal (CN) controls and MCI or late
mild cognitive impairment (LMCI) vs. CN controls. Seven studies met inclusion criteria,
contributing five AD vs. CN and two MCI/LMCI vs. CN tasks, predominantly using deep-
learning architectures applied to Alzheimer's Disease Neuroimaging Initiative cohorts.

For AD vs. CN (five studies), pooled sensitivity was 0.96 (95% confidence interval [CI],
0.93-0.97) and pooled specificity was 0.95 (95% CI, 0.92-0.97), indicating excellent
discrimination. For MCI/LMCI vs. CN (two studies), sensitivity was consistently high (0.91-
0.93), whereas specificity varied widely (0.54-0.98), limiting the interpretability of pooled
estimates. MRI-based Al models therefore show strong performance for established AD but
heterogeneous specificity for MCI, underscoring the need for larger, externally validated
studies in diverse populations.

Keywords: Alzheimer Disease; Mild Cognitive Impairment; Dementia; Magnetic Resonance
Imaging; Artificial Intelligence; Deep Learning

INTRODUCTION

Alzheimer’s disease (AD) is the leading cause of dementia worldwide and a major contributor
to morbidity, institutionalization, and health-care costs in aging populations.! Early and
accurate diagnosis is essential to initiate symptomatic treatments, plan care, and enroll
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appropriate candidates into disease-modifying therapy trials, particularly among individuals
with mild cognitive impairment (MCI) who are at increased risk of progression to dementia.?
Conventional structural MRI is routinely used to exclude alternative causes of cognitive
decline and to support the diagnosis of AD by demonstrating characteristic patterns of
medial temporal and parietal atrophy, but visual assessment and traditional region-of-
interest measurements show variable sensitivity and specificity, especially in prodromal or
atypical presentations.’

Over the past decade, artificial intelligence (AI) techniques, including traditional machine-
learning algorithms and deep-learning architectures such as convolutional neural networks
and vision transformers, have been increasingly applied to brain MRI for automated
detection and staging of AD and MCIL.*® Studies using large datasets such as the Alzheimer’s
Disease Neuroimaging Initiative (ADNTI) have reported high classification accuracies,
frequently exceeding 85%—-90% for differentiating AD from cognitively normal (CN) controls,
and promising results for distinguishing MCI or predicting conversion to dementia.”® At the
same time, many Al models are developed in single-center or research cohorts, rely on
heterogeneous preprocessing pipelines, and may be prone to overfitting, limited external

validation, and reduced generalizability to real-world clinical settings.*#1

Several narrative and systematic reviews have summarized the expanding literature on

Alin AD, highlighting the potential of MRI-based models but also emphasizing important
methodological limitations, including small sample sizes, variable reference standards,

and inconsistent reporting of diagnostic accuracy metrics and uncertainty.>® A recent
meta-analysis focusing on vision transformer architectures and primarily on AD vs. healthy
controls provided useful insights into a specific model family but did not encompass the
broader range of convolutional, deformation-based, and multimodal MRI-based approaches,
nor did it systematically address different disease stages and classification tasks.® As a result,
clinicians and researchers still lack an up-to-date, quantitative synthesis of how well MRI-
based Al performs for key diagnostic questions spanning AD, MCI, and CN individuals in
clinically defined populations.

Accordingly, this study aimed to systematically review and quantitatively synthesize the
diagnostic performance of MRI-based Al models for distinguishing AD vs. CN and MCI or
late MCI vs. CN, using clinical diagnosis as the reference standard based on established
criteria.”® By pooling sensitivity and specificity across eligible diagnostic-accuracy studies
and qualitatively exploring sources of heterogeneity such as model type, dataset, and
classification task, this meta-analysis sought to provide a rigorous summary of current
performance and to identify priorities for future development and clinical translation of
Al tools in dementia imaging.

METHODS

Eligibility criteria

This systematic review and meta-analysis included primary diagnostic accuracy studies
evaluating Al models applied to brain MRI for classifying AD, MCI, and CN individuals.
Eligible populations were adults undergoing structural brain MRI with a clinical reference
standard based on established diagnostic criteria for AD or MCI (for example, NINCDS-
ADRDA, NIA-AA, or DSM-based criteria).”® Index tests were machine-learning or deep-
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learning models that used at least one structural MRI sequence (typically 3D T1-weighted
images) as input to perform individual-level classification of AD vs. controls, MCI vs.
controls, or late mild cognitive impairment (LMCI) vs. controls. Studies relying exclusively
on non-MRI modalities were excluded. Retrospective or prospective human studies were
eligible if they reported sufficient data to derive or directly extract diagnostic performance
metrics (sensitivity, specificity, accuracy, or area under the receiver-operating-characteristic
curve) for at least one binary classification task of interest. Case reports, reviews, editorials,
non-human studies, and purely methodological papers without clinical labels or evaluable
diagnostic accuracy were excluded.

Information sources and search strategy

Electronic searches were conducted in PubMed/MEDLINE, Embase, Web of Science, Scopus,
and IEEE Xplore from inception to February 15, 2026, to identify MRI-based AI models for
AD and MCI. Search strategies combined controlled vocabulary and free-text terms related to
AD and MCI (“Alzheimer disease,” “mild cognitive impairment”), neuroimaging (“magnetic
resonance imaging,” “MRI”), and AI (“machine learning,” “deep learning,” “convolutional

” « ” o«

neural network,” “artificial intelligence,” “computer-aided diagnosis”). The complete
database-specific search strategies are provided in Supplementary Table 1. Reference lists

of relevant systematic reviews and key primary studies were screened manually to identify
additional eligible articles not captured by the database search. No language restrictions were
applied at the search stage. Conference abstracts without full text and non-peer-reviewed

preprints were not included in the quantitative synthesis.

Study selection and data extraction

Titles and abstracts retrieved by the search were screened to exclude obviously irrelevant
records, followed by full-text assessment of potentially eligible articles against the
predefined inclusion and exclusion criteria. The titles and abstracts have been screened,
followed by full-text assessment. Discrepancies were resolved through discussion and,
when necessary, consultation with a third reviewer. For each included study, data were
extracted into a standardized spreadsheet capturing study-level characteristics (country,
dataset, sample size, numbers of AD, MCI or LMCI, and CN participants, MRI sequence
and field strength, Al model architecture, and validation strategy) and task-level
diagnostic performance. Data extraction was performed independently by two reviewers
using a standardized form, with disagreements resolved by consensus. For each binary
classification task (for example, AD vs. CN, MCI or LMCI vs. CN), the numbers of true
positives, false negatives, true negatives, and false positives were extracted or reconstructed
from reported sensitivity, specificity, accuracy, or confusion matrices, together with area
under the curve when available. Study-level 2x2 diagnostic accuracy data are provided in
Table 1. When a study reported multiple models or datasets, results were preferentially

Table 1. Study-level 2x2 diagnostic accuracy data (TP, FP, FN, TN) for each classification task included in the meta-analysis

Study Year Task TP FP FN TN Sensitivity Specificity
Basaia et al.™ 2019 AD vs. CN 395 4 23 403 0.95 0.99
Long et al.® 2017 ADvs. CN 190 2 10 198 0.95 0.99
Chenetal.*? 2022 AD vs. CN 184 7 14 222 0.93 0.97
Leeetal.” 2019 AD vs. CN 176 © 11 220 0.94 0.96
Qiu etal.*® 2022 AD vs. CN 182 14 10 215 0.95 0.94
Alyoubi et al.® 2023 MCl vs. CN 304 203 33 239 0.90 0.54
Lietal.* 2020 LMCl vs. CN 360 4 40 196 0.90 0.98

TP: true positives, FP: false positives, FN: false negatives, TN: true negatives, AD: Alzheimer's disease, CN: cognitively normal, MCI: mild cognitive impairment,

LMCI: late mild cognitive impairment.
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extracted for the main proposed model and for independent test sets or external validation
cohorts where available, to better reflect expected clinical performance.”

Risk of bias assessment

The methodological quality and risk of bias of included diagnostic accuracy studies were
assessed using the QUADAS-2 framework, adapted for Al-based imaging models.* QUADAS-2
evaluates risk of bias in four domains: patient selection (for example, sampling strategy and
spectrum bias), index test (for example, model training and validation procedures, blinding to
the reference standard), reference standard (for example, appropriateness and independence
of clinical diagnosis), and flow and timing (for example, handling of missing data and time
interval between MRI and reference diagnosis). Applicability concerns are judged separately
for patient selection, index test, and reference standard. Particular attention was paid to use
of single-center research datasets such as ADNI, highly selected cohorts, and lack of external
validation that might limit generalizability to routine clinical practice.”

Statistical analysis

For each study and classification task, diagnostic sensitivity and specificity were calculated
from the extracted true positive, false negative, true negative, and false positive counts.
Separate quantitative syntheses were performed for AD vs. CN and for MCI or LMCI vs. CN,
reflecting distinct clinical questions.

Study-specific sensitivities and specificities were pooled using random-effects meta-analytic
models of proportions after logit transformation, with pooled estimates back-transformed
to the probability scale for interpretation. Analyses were performed using R (version 4.3.1;
R Foundation for Statistical Computing, Vienna, Austria) with the ‘meta’ package (version
6.5-0). When individual 2x2 tables contained zero cells, a continuity correction of 0.5 was
applied to all cells of that study. Between-study heterogeneity was quantified using the I?
statistic, and 95% confidence intervals (CIs) around pooled estimates were calculated using
the DerSimonian—Laird random-effects variance estimator.>®

Given the modest number of contributing studies (five for AD vs. CN and two for MCI or
LMClIvs. CN), incomplete reporting of covariance structures, and limited power for
bivariate or hierarchical summary receiver operating characteristic models, we used separate
univariate random-effects models to pool sensitivity and specificity. This approach does not
account for the correlation between sensitivity and specificity that arises from threshold
effects; therefore, the pooled estimates should be interpreted cautiously and considered

as providing an approximate summary of performance rather than definitive threshold-
independent accuracy. For the MCI/LMCI vs. CN comparison, only two studies contributed
data, and specificity varied widely; consequently, we report individual study estimates

for specificity rather than pooling them, to avoid generating a clinically uninterpretable
summary estimate with an excessively wide CI.

Heterogeneity was explored qualitatively in relation to dataset (for example, ADNI vs.
multi-cohort), Al architecture (deep learning vs. other machine-learning approaches), and
validation strategy (internal cross-validation vs. external validation), and findings were
summarized descriptively given the small number of studies per subgroup. We considered
assessing publication bias using Deeks' funnel plot asymmetry test; however, because fewer
than ten studies contributed to each meta-analysis, formal evaluation of small-study effects
was not performed, in line with current recommendations.”*
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RESULTS

Across seven deep-learning and machine-learning MRI studies, five tasks evaluating AD vs.
CN contributed to the meta-analysis. For AD vs. CN, pooled sensitivity was 0.96 (95%

CI, 0.93-0.97) and pooled specificity was 0.95 (95% CI, 0.92-0.97), indicating excellent
discrimination performance (Figs. 1and 2).” The individual 2x2 diagnostic accuracy data
(true positives, false positives, false negatives, and true negatives) for each task used in the
meta-analysis are shown in Table 1.

For MCI or LMCI vs. CN, two studies contributed data, and the study-level sensitivity
and specificity estimates are shown in Fig. 3. Sensitivity was consistently high in both
studies (range, 0.91-0.93), whereas specificity varied widely, from 0.54 in a cross-validated

AD vs. CN sensitivity forest plot
Source: included studies | forest plot of sensitivity

Pooled - —_—
Basaia 2019 - ——

Long 2017 k ®
Chen 2022 - ' o

Lee 2019 A ®

Qiu 2022 - F o

0.;35 0.;30 0.:95 1.E)O
Sensitivity

Fig. 1. Forest plot of study-level sensitivity estimates and pooled sensitivity for magnetic resonance imaging-
based artificial intelligence models distinguishing Alzheimer’s disease from cognitively normal controls.
Cl: confidence interval.

AD vs. CN specificity forest plot
Source: included studies | forest plot of specificity

Pooled - *
Basaia 2019 - —e—
Long 2017 - ——
Chen 2022 - b o
Lee 2019 - k e
Qiu 2022 F o
0.I90 O.:92 0.234 0.I96 0.I98 1.60

Specificity

Fig. 2. Forest plot of study-level specificity estimates and pooled specificity for magnetic resonance imaging-
based artificial intelligence models distinguishing Alzheimer’s disease from cognitively normal controls.
Cl: confidence interval.
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Fig. 3. Forest plots of study level sensitivity (A) and specificity (B) for magnetic resonance imaging-based artificial intelligence models distinguishing mild or late
mild cognitive impairment from cognitively normal controls.

Cl: confidence interval.
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CNN model’ to 0.98 in an LMCI cohort.™ Given this substantial heterogeneity and the small
number of studies, we did not pool specificity estimates; instead, individual study values are
presented in Fig. 3B. The observed variation in specificity reflects the greater overlap between
prodromal and normal imaging phenotypes and differences in cohort composition and
validation strategies.”"

Study selection

The database search and reference screening yielded 312 unique records after removal of
duplicates, and the study selection process is shown in Fig. 4. Following title and abstract
screening, 41 full-text articles were assessed for eligibility, of which 7 studies reporting

7 relevant binary classification tasks met the inclusion criteria and were included in the
quantitative synthesis.”* The main reasons for exclusion at the full-text stage were absence
of MRI-based models, lack of usable diagnostic accuracy data, non-human studies, or purely
technical work without clinical labels.

Study characteristics

The 7 included studies were published between 2017 and 2023 and together enrolled several
hundred participants with AD, MCI or LMCI, and CN controls, predominantly from ADNI and
related cohorts, as summarized in Table 2.7* All studies used structural brain MRI, most
commonly 3D Tl-weighted sequences acquired at 1.5T or 3T, and implemented deep-learning
architectures such as three-dimensional convolutional neural networks or multimodal deep-
learning frameworks, sometimes combined with traditional machine-learning classifiers.”
Validation strategies included internal k-fold cross-validation, independent test splits within
ADNTI, and, in one study, external validation across multiple cohorts.!® Across studies, the
main binary tasks extracted for meta-analysis were AD vs. CN (five tasks) and MCI or LMCI vs.
CN (two tasks), reflecting the most consistently reported comparisons.”™

Risk of bias

Risk of bias and applicability concerns assessed with QUADAS-2 are summarized in Fig. 5
and Supplementary Table 2. Most studies were judged at high or unclear risk of bias in the
patient selection domain due to use of highly selected research cohorts such as ADNI and
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PRISMA 2020 flow diagram for new systematic reviews which included searches of databases and registers only

Identification of studies via databases and registers

Records removed before screening:
- Duplicate records removed (n=0)
- Records marked as ineligible by
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Fig. 4. PRISMA flow diagram showing study selection process for MRI-based artificial intelligence diagnostic
accuracy studies of Alzheimer’s disease, mild cognitive impairment, and cognitively normal controls.

Source: Page MJ, et al. BMJ 2021;372:n71.° This work is licensed under CC BY 4.0. To view a copy of this license,
visit https://creativecommons.org/licenses/by/4.0.

PRISMA: Preferred Reporting Items for Systematic reviews and Meta-Analyses, MRI: magnetic resonance imaging.
“Consider, if feasible to do so, reporting the number of records identified from each database or register searched
(rather than the total number across all databases/registers).

TIf automation tools were used, indicate how many records were excluded by a human and how many were
excluded by automation tools.

limited reporting of recruitment methods. In the index test domain, several studies provided
insufficient detail on model training, validation procedures, and blinding to the reference
standard, leading to unclear risk. Reference standards were generally appropriate (based

on established clinical diagnostic criteria), but flow and timing were often at unclear risk
because time intervals between MRI acquisition and clinical diagnosis and handling of
missing data were not consistently reported. Applicability concerns were frequently high for
patient selection and index test due to reliance on ADNI and lack of external validation in
diverse populations, whereas reference standard applicability was largely of low concern.

Diagnostic performance

Across five MRI-based Al models evaluating AD vs. CN, pooled diagnostic performance was
high, with sensitivity of 0.96 (95% CI, 0.93-0.97) and specificity of 0.95 (95% CI, 0.92-0.97),
indicating excellent discrimination between established AD and healthy ageing.”* For MCI or
LMCI vs. CN, two studies contributed data. Sensitivity was consistently high (0.91-0.93),
whereas specificity varied widely, from 0.54 in a cross-validated CNN model to 0.98 in
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Table 2. Characteristics and diagnostic performance of included studies evaluating MRI-based Al models for classification of AD, MCI, and cognitively normal controls
Study  Year  Country/ No. MRI sequence Al model Validation Main tasks Sensitivity Specificity AUC
dataset (AD/MClor  (field strength) strategy used in meta-
LMCI/CN) analysis
Basaia 2019 Italy, USA; 418/813/407 3D T1l-weighted 3D CNN 10-fold cross- AD vs. CN From AD From AD AUC from
etal. ADNI + Milan MRI validation with (ADNI) sensitivity specificity paper or NR
cohort independent forest plot forest plot
test set
Long 2017 China, USA;  200/-/200  Structural MRI Machine- Cross-validation ~ ADvs. CN From AD From AD AUC or NR
etal.® ADNI (deformation- learning sensitivity specificity
based classifier using forest plot forest plot
morphometry)  DBM features
Chen 2022 China, USA;  198/229/-  Structural MRI CNN combined 10-fold cross- AD vs. CN From AD From AD AUC or NR
etal.’? ADNI with random validation sensitivity specificity
forest forest plot forest plot
Lee 2019 Korea, USA;  187/229/-  Structural MRI Deep Cross-validation ~ ADvs. CN From AD From AD AUC or NR
etal.® ADNI convolutional (binary sensitivity specificity
neural network classification  forest plot forest plot
derived from
multi-class
model)
Qiu 2022 Korea, USA;  192/229/-  Structural MRI Multimodal External ADvs. CN (MRI-  From AD From AD AUC or NR
etal.?® ADNI + NACC deep-learning validation using only analysis)  sensitivity specificity
framework (MRI- independent forest plot forest plot
only subset) cohort
Alyoubi 2023 SaudiArabia; -/337/442  Structural T1- Optimized  Cross-validation MCIvs. CN  MCI sensitivity 0.54 AUC or NR
etal.® ADNI weighted MRl convolutional from MCI
neural network sensitivity
forest plot
Li 2020 China, USA; -/400 Structural MRI Deep 70/30 train-test LMCIvs. CN LMCI sensitivity 0.98 AUC or NR
etal.™ ADNI (Lmcry/200 convolutional split from MCI
neural network sensitivity
forest plot

MRI: magnetic resonance imaging, Al: artificial intelligence, AD: Alzheimer's disease, MCI: mild cognitive impairment, LMCI: late mild cognitive impairment,
CN: cognitively normal, AUC: area under the curve, ADNI: Alzheimer’s Disease Neuroimaging Initiative, NR: not reported, DBM: deep Boltzmann machine, CNN:
convolutional neural network.

Flow and timing

Index test

Patient selection

Fig. 5. QUADAS-2 risk-of-bias and applicability assessment summary for included studies.

an LMCI cohort; given this heterogeneity and small number of studies, we did not pool
specificity estimates and instead present individual study values (Fig. 3B).%*
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DISCUSSION

MRI-based Al models for AD showed very high diagnostic performance for distinguishing
established dementia from CN controls, whereas performance for MCI was more modest,
particularly in terms of specificity.” Across seven recent studies using primarily deep-
learning architectures and ADNI-based structural MRI, pooled sensitivity and specificity
for AD vs. CN were 0.96 and 0.95, respectively, while models separating MCI or LMCI from
CN achieved consistently high sensitivity but highly variable specificity, ranging from 0.54
to 0.98.7* These findings suggest that MRI-based Al is well suited to identifying established
AD pathology within research cohorts, but that early disease detection using structural
MRI alone remains challenging.

The results are broadly consistent with prior reviews and meta-analyses reporting strong
performance of deep-learning models for AD detection and more variable accuracy in
prodromal stages.>>° Recent syntheses focusing on specific architectures, such as vision
transformers, also indicate high accuracy for AD vs. controls but often do not cover

the broader range of convolutional, deformation-based, and multimodal approaches
synthesized here.® The present analysis therefore reinforces the view that MRI-based Al can
be competitive with, and in some settings may exceed, traditional radiological assessment
for established AD, while emphasizing that early-stage disease and prediction of progression
from MCI to dementia remain more demanding targets.

Several methodological limitations of the underlying evidence base warrant caution when
considering translation of these models into routine practice. Most included studies relied
on highly curated research cohorts such as ADNI, used relatively small or imbalanced test
sets, and frequently lacked independent external validation, raising concerns about spectrum
bias and generalizability to more heterogeneous clinical populations.” Reporting of model
development and evaluation details was often incomplete, with limited transparency about
preprocessing, hyperparameter tuning, and handling of class imbalance, which complicates
risk-of-bias assessment and replication.*>' In addition, few studies reported prospective
clinical impact, cost-effectiveness, or integration with other biomarkers such as positron
emission tomography (PET) or cerebrospinal fluid measures, despite emerging frameworks
that conceptualize AD as a biological rather than purely clinical construct.?

This review and meta-analysis also has limitations. The number of eligible MRI-based

Al studies with usable 2x2 diagnostic data was modest, which restricted the ability to perform
formal hierarchical summary receiver-operating-characteristic modelling, detailed subgroup
analyses, or robust exploration of publication bias.>® The focus was on structural MRI-based
models, and PET-based, multimodal non-MRI, or purely clinical feature models were not
synthesized, which may limit the scope of the conclusions. Furthermore, pooled estimates
are driven primarily by ADNI-derived cohorts, and real-world performance in unselected

memory-clinic populations may be lower than suggested by research-cohort results.”*

Future research should prioritize large, multi-center, and demographically diverse datasets
with standardized MRI acquisition and harmonized reference standards to improve
generalizability of AI models.*? Prospective studies embedding MRI-based models into
clinical workflows, with clear reporting of calibration, reclassification, and decision-curve
analyses, are needed to quantify real-world benefit beyond conventional imaging and
clinical assessment.>” In parallel, greater emphasis on transparent reporting, adherence
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to risk-of-bias and reporting frameworks, open code and model sharing, and interpretable
architectures may help bridge the gap between promising research performance and
trustworthy, clinically adopted Al tools for dementia care.**

MRI-Based Artificial Intelligence for Alzheimer’s Disease Diagnosis

CONCLUSIONS

MRI-based Al models show excellent diagnostic performance for distinguishing AD from

CN controls, with pooled sensitivity and specificity of 0.96 and 0.95, respectively, across

recent deep-learning and machine-learning studies.” For MCI or LMCI, sensitivity is high but
specificity is heterogeneous across studies, underscoring the persistent difficulty of early disease
detection using structural MRI alone.”* Larger, more representative cohorts, standardized
evaluation protocols, and prospective clinical-impact studies are required to translate these
promising research models into robust, clinically useful tools for dementia imaging.>*

SUPPLEMENTARY MATERIALS

Supplementary Table 1
Database-specific search strategies

Supplementary Table 2
QUADAS-2 risk-of-bias and applicability assessment
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