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Abstract—Quantum machine learning (QML) has been
advanced as a route to faster and more accurate
diagnosis of Alzheimer’s disease (AD), and a rapidly
growing body of primary studies reports near-perfect
classification accuracies. This paper systematically
identifies peer-reviewed primary studies applying
genuine quantum methods to AD or mild cognitive
impairment diagnosis and critically appraises the
evidential basis of their quantum-advantage claims.
Following PRISMA 2020, six databases were searched,
yielding 865 records; fifteen studies met all criteria.
Everyone was executed on a classical simulator, none
reported unambiguous results on real quantum
hardware, and only one modelled device noise. Datasets
were frequently very small and ten of the eleven MRI-
based studies used slice-level rather than subject-level
splits, creating a tangible data-leakage risk. Seven
studies reported accuracies at or above 98%, yet classical
baselines were weak or effectively absent in a substantial
minority, and only five of fifteen reported any measure
of statistical uncertainty. The most methodologically
careful study found an advantage smaller than its own
error bars, and another reported near-chance
performance. The AD-specific QML literature does not
currently provide credible evidence of a quantum
advantage; we propose a reporting standard to place the
field on a sounder evidential footing.

Index Terms—Alzheimer’s disease, data leakage,
neuroimaging, quantum machine learning, systematic
review.

[. INTRODUCTION

Alzheimer’s disease is a progressive
neurodegenerative disorder and the most common
cause of dementia. Early and accurate diagnosis is
clinically valuable, and machine learning applied to
neuroimaging and other biomarkers has consequently
become a large and mature research field [3,17].
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Quantum computing has more recently been proposed
as a way to extend these methods. Quantum machine
learning encompasses variational quantum classifiers,
quantum kernel methods, quantum neural networks,
and hybrid quantum-classical architectures [5]. The
theoretical appeal is twofold: quantum feature maps
can embed data into high-dimensional Hilbert spaces
that may be hard to access classically [11], and under
specific, well-characterised  conditions certain
quantum learning routines carry provable advantages
[19]. These arguments have motivated a fast-growing
stream of primary studies that apply QML to AD
diagnosis, many reporting classification accuracies
approaching or exceeding 99%.

Such results, taken at face value, would imply that
quantum methods already outperform mature classical
pipelines on a clinically important task. This claim
warrants scrutiny for two reasons. First, contemporary
quantum hardware is noisy and limited in qubit count,
and most QML experiments are run on classical
simulators; training variational circuits is itself
difficult, with vanishing-gradient “barren plateau”
effects a recognised obstacle [18]. Second, the AD
neuroimaging field has
methodological hazards — small cohorts, dataset
overlap, and information leakage between training and
test partitions — that can inflate apparent performance
independently of the learning algorithm [16,27]. A
recent scoping review found that such leakage
produces a pervasive illusion of near-perfect
performance in classical deep-learning studies of AD
[4].

Existing reviews have not resolved this tension.
Current syntheses of QML in neurology and
healthcare are predominantly descriptive, and the
single most rigorous critical review of QML in digital

well-documented
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health deliberately excluded the neuroimaging-based
AD literature [9]. This review addresses that gap: we
provide the first systematic, AD-specific corpus of
peer-reviewed QML primary studies under a
transparent PRISMA 2020 protocol; we critically
appraise each study on the dimensions that determine
whether a quantum-advantage claim is credible; and
we test whether the critical conclusion reached for
digital-health QML replicates in the AD-specific
setting.

II. RELATED REVIEWS AND THE RESEARCH
GAP

Surveys of QML in medical image analysis and of
QML in healthcare provide useful taxonomies but treat
reported accuracies largely as given, with AD
appearing only incidentally [32,33]. Reviews of
quantum computing in clinical care and of simulated
quantum computing in neurological disease are
broader in scope and moderately critical — noting the
reliance on simulators — but are not AD-specific and
do not audit baselines, partitioning, or uncertainty
[8,14]. A systematic review of quantum deep learning
in neuroinformatics is closest in subject matter but
reports only a slight aggregate advantage and presents
study-level accuracies without a study-by-study
methodological critique [21].

Two reviews are strongly critical. A survey of QML in
medicine and healthcare warns that headline
accuracies of 95-99% should not be read as proof of
quantum superiority, but covers general healthcare
rather than AD [12]. The one rigorous systematic
critique of QML in digital health concluded that there
is no consistent evidence of empirical quantum utility,
but deliberately scoped to electronic health records
and excluded the neuroimaging-based AD work that
constitutes most of the corpus examined here [9]. No
review has applied a comparably critical lens to QML
for Alzheimer’s disease specifically. Table I
summarises this landscape.

TABLE I Comparison of Existing Reviews

Review (focus) AD-spec. | Stance Gap left

Sim. QC neuro Partly Mod. crit. | Disease-broad

disease

QDL Partly Mod. crit. | No study

neuroinformatics critique

QML medicine Partly Strong crit. | Not AD-specific

QML digital health | No Strong crit. | Excludes AD
imaging

This review Yes Strong crit. | — (fills gap)

Review (focus) AD-spec. | Stance Gap left

QML medical No Descr. No AD focus
imaging

QML healthcare No Descr. Catalogue only
QC clinical care No Mod. crit. | Not AD-specific
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III. METHODS

A. Search strategy

Six bibliographic databases were searched: ACM
Digital  Library, IEEE  Xplore, = PubMed,
ScienceDirect, Scopus, and Springer Nature. The
search combined a quantum-computing concept block
with an Alzheimer’s/dementia concept block, adapted
to each database’s syntax and restricted to peer-
reviewed journal articles and reviews.

B. Eligibility criteria

A primary study was included only if it: (1) addressed
AD or MCI as a separately evaluated diagnostic target;
(2) applied a genuine quantum method using qubits,
quantum circuits, or quantum kernels; (3) reported at
least one quantitative performance metric; (4) was a
peer-reviewed journal article; (5) was published 2017—
2026; (6) was in English; and (7) had an available full
text. Studies were never excluded for being
methodologically weak — quality is the object of this
review, not an eligibility filter.

C. Study selection and extraction

The database searches returned 865 records (ACM
303, IEEE Xplore 41, PubMed 21, ScienceDirect 315,
Scopus 109, Springer Nature 76). Removing 38
duplicates (33 by DOI, 5 by title) left 827 records.
Screening excluded 724 and retained 103: 22 reviews
and 81 primary studies. Of the 81, 17 could not be
retrieved and 64 were assessed at full text; 49 were
excluded (28 wrong disease, 10 wrong type, 7 not
genuine quantum computing, 4 no empirical results).
Fifteen studies met all criteria. Each was extracted on
a 34-field template covering dataset, quantum
architecture, execution environment, pre-quantum
processing, evaluation protocol, baseline quality, and
reported outcome. Fig. 1 presents the PRISMA flow.
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Fig. 1. PRISMA 2020 flow of study selection.

IV. RESULTS

A. Overview of the corpus

The 15 included studies were published between 2022
and 2026, with 12 in 2025-2026. Eleven used
magnetic resonance imaging — ten structural MRI and
one resting-state functional MRI — two used EEG,

one handwriting dynamics, and one gene-expression
data. Quantum architectures varied: hybrid quantum-
classical convolutional networks, variational quantum
classifiers, quantum support vector machines, and
quantum neural networks all appeared. Table II
summarises the corpus, and Fig. 2 abstracts the
common pipeline.

TABLE Il The 15 Included Primary Studies and Their Principal Characteristics

Modality QML architecture

Study (year)

Dataset / size Execution Accuracy

Amin et al. (2025) MRI

Hybrid quantum-classical CNN

ADNI-1 / ADNI-1 6400 Simulator 99.78%

MRI slice
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Study (year) Modality QML architecture Dataset / size Execution Accuracy

Nagajyothi & Chirra MRI Optimized quantum CNN OASIS-Kaggle dementia/ | Simulator 99.0%

(2025) Not reported

Islam et al. (2025) MRI Hybrid classical-quantum CNN OASIS-2 / OASIS-2: 150 | Simulator 97.5%
subjects

Belay et al. (2024) MRI Ensemble CNN feat. + QSVM ADNI-1 and ADNI-2 / Sim. (unclear) |99.89%
Not fully reported

Princy et al. (2026) Genomic Hybrid CNN + VQC GEO transcriptomic data / | Simulator 91.0%
AD: 240 samples

Ho et al. (2025) EEG VQC/QSVM/QNN Temple University Hosp / | Simulator 96.58%
120 subjects

Radhi et al. (2025) MRI Hybrid quantum-classical net Kaggle Alzheimer's MRI/ | Simulator 99.67%
Kaggle ~5,121

Ramesh et al. (2025) EEG Graph-attention + hybrid QCNN | CAUEEG / Very small - | Simulator 99.96%
AD 12,

Sabari Vasan & MRI Quantum deep neural network The Best Alzheimer's M/ | Simulator 98.0%

Jayalakshmi (2026) 11,519 axial MRI image

Shankar et al. (2025) MRI Classical GNN + QAOA tuning ADNI/ 12,000 MR Sim. (unclear) |98.10%
images

Cappiello & Caruso Handwriting | Quantum-kernel SVC (+ QNN) DARWIN handwriting Simulator 88.29%

(2025) data / 174 participants

Kaewta et al. (2026) MRI Hybrid quantum CNN (+ QGAN) | AMD dataset / AMD 6400 | Simulator 93.0%
images

Choi et al. (2025) fMRI Hybrid 1D-CNN + QCNN ADNI / 365 individuals Simulator 58.1%%*

Shahwar et al. (2022) MRI ResNet34 transfer + quantum Kaggle Alzheimer MRI d / | Simulator 97.2%%t
6400 labelled MRI image

Alsharabi et al. (2023) MRI AlexNet transfer + quantum ADNI/ AD task Simulator 94.0%

Accuracy is each study’s representative headline figure as a percentage. *Choi et al. report balanced accuracy 0.581 (= 58.1%), near chance. {Shahwar et al.’s test
accuracy is shown, not the higher training accuracy.
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Fig. 2. Generic QML pipeline for AD diagnosis, annotated with corpus statistics. All quantum stages were simulated (15/15), one modelled
noise, none were hardware-validated.
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B. Execution environment

The single most consistent finding concerns where
these experiments were run. All 15 studies were
executed on classical simulators — most commonly
Qiskit Aer or PennyLane default devices. Not one
reported unambiguous result on real quantum
hardware: 13 explicitly used simulators, one described
its backend ambiguously, and one did not specify.
Only one study modelled device noise; the remaining
14 assumed noiseless execution or did not address
noise. A classifier that performs well on a noiseless
simulator has not demonstrated that a physical device
would do so, nor that the computation could not be
reproduced classically [11]. A literature in which
every result is simulator-based cannot by itself
establish a quantum advantage.

C. Datasets, partitioning, and leakage

Sample sizes were frequently very small — in the most
extreme case on the order of thirty subjects across
three classes. Fig. 3 shows that near-perfect accuracies
are reported across the full range of cohort sizes, and
the only near-chance result was obtained under careful
subject-level evaluation. Many image-based studies
partitioned MRI data at the level of slices rather than
subjects; when slices from the same patient appear in
both partitions, accuracy is inflated by leakage
[16,27], a problem documented specifically for deep-
learning studies of AD [4]. Our extraction flagged
leakage-prone partitions in the majority of MRI
studies.

Islam e
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100.0% o 14
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o 58.1% 3
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4
50 1 — chance level
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Fig. 3. Reported accuracy vs. cohort size for the seven studies reporting a genuine subject count; point size/colour encode qubit count. The near-
chance result (circled) used subject-level evaluation.

D. Dimensionality reduction

Reported registers ranged from two to sixteen qubits,
with several studies using only two to six. High-
dimensional inputs cannot be fed directly into such
circuits, so every image- and genomics-based study
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applied substantial classical pre-processing to
compress the input to a few features. In one genomics
study, more than twenty thousand features were
reduced to sixteen, and in several imaging studies a
classical convolutional network reduced images to as
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few as two to four features — leaving most
representational work to classical components.

E. Baselines, uncertainty, and outcomes

Baseline quality was uneven. In a substantial minority
of studies, the baseline was weak or effectively absent
— the only comparison being accuracy figures quoted
from other papers. An advantage measured against a
weak baseline is not evidence of a quantum advantage
[11]. Only five of the 15 studies reported any measure
of wvariability; the remaining ten reported point
estimates only. Nine studies claimed a clear advantage
and two a marginal one, while four provided no proper
classical comparison. Among those reporting a
comparison, seven reported accuracies at or above
98%, several reaching 99.6-99.99%.

Two studies illustrate why these numbers should be
read cautiously. The most methodologically careful
study — using subject-level partitioning and standard
deviations across twenty splits — reached 88.3%
(+4.7%) against a best classical model at 85.3%
(£7.5%); the advantage is smaller than the overlapping

Execution
(hardware-validated)

Device-noise
modelling

Uncertainty
reporting

Classical
baseline (adequate)

standard deviations. Conversely, a study evaluating a
hybrid model on a deliberately hard task reported a
balanced accuracy of only about 0.58 — barely above
chance. The studies that evaluated themselves most
rigorously found either a negligible advantage or near-
chance performance — the opposite of what a genuine,
robust quantum advantage would produce.

F. Synthesis

The corpus consists of simulator-only experiments,
almost never noise-modelled, frequently trained on
small and potentially leakage-prone datasets, heavily
dependent on classical pre-processing, and often
compared against weak baselines without uncertainty
quantification. Fig. 4 summarises this profile; on every
dimension except adequate baselines, the corpus is
dominated by studies that do not meet the standard a
credible claim would require. Fig. 5 locates each risk
at the pipeline stage where it is introduced. On the
evidence assembled here, the AD-specific QML
literature does not currently demonstrate a quantum
advantage for Alzheimer’s diagnosis [9].

15

12

B Adequately addressed
Emm Absent / not reported

8 10 12 14 16

Number of studies (of 15)

No study reported hardware-validated results; only one modelled device noise; ten reported no uncertainty;
baselines were weak or effectively absent in a substantial minority of studies.

Fig. 4. Methodological profile of the 15-study corpus across the four dimensions most relevant to a quantum-advantage claim.
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Fig. 5. Where methodological risk enters the QML-for-AD pipeline; each marker indicates the stage at which a threat to validity is introduced.

V. DISCUSSION

It should be stated clearly what this conclusion is not.
It is not a claim that quantum methods cannot help
with AD diagnosis, nor a criticism of exploratory
work. It is a claim about evidential status: the current
literature establishes feasibility and motivates further
work, but does not yet license the strong quantum-
advantage claims that many individual papers make.

A. Why the claims outrun the evidence

Several structural factors explain the gap. Publication
incentives favour positive results; the convenience of
slice-distributed MRI datasets makes leakage-prone
partitioning easy to overlook [4]; small qubit counts
make heavy classical pre-processing unavoidable,
blurring the classical/quantum boundary; and
accessible noiseless simulators make it natural to
report simulator results without flagging their distance
from hardware reality. None of these implies bad faith,
but together they produce a literature that
systematically overstates the maturity of the evidence.

B. A reporting standard for QML-for-AD studies

Future studies should state the execution environment
explicitly (simulator or hardware, with noise model or
device and qubit count); partition at the subject level;
report statistical uncertainty for every headline metric;
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compare against a fair classical baseline of comparable
capability evaluated under an identical pipeline;
isolate the quantum contribution with an ablation; and
provide a full circuit specification with, where
possible, public code and data. Adopting these
practices would ensure that a reported advantage, if
found, is credible — and that a reported null result is
informative.

C. Limitations

The search was restricted to peer-reviewed journal
articles in English. The corpus of 15 studies is small,
reflecting the youth of the field. Extraction involved
reviewer judgement, mitigated by an explicit 34-field
template. We deliberately do not pool accuracies into
a meta-analytic estimate, which given the
heterogeneity and leakage concerns would be
misleading rather than informative.

VI. CONCLUSION

This systematic critical review of 15 peer-reviewed
primary studies finds that quantum-advantage claims
for AD diagnosis are not, at present, supported by
credible evidence. The corpus is simulator-only,
almost never models device noise, frequently relies on
small and potentially leakage-prone datasets, depends
heavily on classical pre-processing, and often
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compares against weak baselines without quantifying
uncertainty. These are largely fixable problems of
design and reporting. Until they are addressed,
quantum-advantage claims in this field should be
regarded as hypotheses awaiting rigorous test, not as
established results.
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