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ABSTRACT: Combining magnetic resonance imaging (MRI) with clinical information
requires reliable participant linkage and evaluation that controls diagnostic overlap and
data leakage. This study aims to describe an available Alzheimer’s Disease Neuroimaging
Initiative (ADNI) imaging inventory and propose a comparison of MRI—clinical fusion
with simpler models. We describe the supplied T1-weighted MRI catalogue and three
separate ADNI4 illustrative linkages. The proposed study uses demographic and APOE
predictors, with cognitive scores evaluated separately. Participant-level nested cross-
validation will assess discrimination, calibration and explanation stability. The catalogue
contains 7,263 MRI records from 824 participants: 1,325 screening, 274 baseline and
5,664 follow-up records. Phase labels comprise 7,213 ADNI1 and 50 ADNIGO
records. The three ADNI4 examples illustrate differences in clinical timing and missing
information. The final eligible cohort, quality-control exclusions and model-performance
results are not yet available. The available evidence supports an imaging-inventory
description and proposed analytical protocol. Completed participant-level linkage and
validation are required before concluding diagnostic performance or clinical usefulness.

Alzheimer disease causes progressive cognitive and functional impairment. Structural magnetic resonance imaging (MRI) can

characterise anatomical changes, including medial temporal atrophy and ventricular enlargement, but clinical syndromes and

underlying pathology are not interchangeable. A model trained on clinical diagnostic categories estimates agreement with

those categories. It cannot, by itself, establish Alzheimer pathology or predict future progression. These distinctions are

essential when defining the intended use of a diagnostic model. Evaluation must also identify which clinical information is

available at the intended assessment and whether the model adds value beyond that information [7, 8, 15, 18].

Multimodal approaches combine imaging and clinical information through discriminant scoring, feature fusion, joint

representations or feature selection. Published findings support investigation of these approaches, but differences in cohorts,

endpoints and validation prevent direct transfer of reported accuracy to another study. Gated fusion therefore requires

comparison with simpler models using identical participants and evaluation procedures [3, 4, 11, 23, 24].
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Recent work in this journal has also proposed multimodal Alzheimer classification using MRI, PET and clinical information.
NeuroFusion provides a conceptual precedent, but its numerical evaluation is explicitly illustrative and cannot establish a
performance benchmark for this study [6]. The present protocol focuses on a narrower, testable comparison: the incremental
contribution of MRI under participant-level separation and a clinical predictor set that limits direct overlap with diagnostic

scoring.

Longitudinal imaging resources create additional challenges. Repeated scans can place information from the same participant
in training and testing if partitioning occurs at the image level. Scanner differences, preprocessing decisions and model
selection can also influence performance. Participant-level separation and transpatent comparators are necessary for
interpreting the incremental contribution of MRI [12, 13].

Explanation methods introduce a separate evaluation requirement. Score-CAM highlights image regions associated with
model predictions, whereas LIME approximates predictions locally. Plausible-looking explanations do not establish causality
or clinical validity; stability, fidelity and parameter-randomisation checks remain necessary [1, 20, 29].

Related machine-learning applications in glaucoma, diabetes and heart disease provide examples of model development across
medical settings. Their findings do not validate an Alzheimer disease model, for which the population, target diagnosis,
predictor timing and evaluation must be specified independently [10, 14, 21].

This report describes an available ADNI imaging inventory and three separate illustrative MRI—clinical linkages, then specifies
a participant-level comparison of gated fusion, concatenation and unimodal models. The primary question is whether adding
MRI improves held-out classification beyond age, sex, education and APOE information under identical participant
partitions. A separate expanded analysis examines dependence on cognitive scores that may overlap with diagnostic
assignment. Reporting is planned with reference to TRIPOD+AI, STROBE and PROBAST+AIL The immediate
contribution is a traceable data inventory and an explicit evaluation protocol; benefits for diagnosis or community care remain
untested [5, 16, 28].

MRI provides a non-invasive structural view of brain anatomy and can support the study of atrophy patterns, ventricular
configuration and regional tissue contrast. In this protocol, the scans are treated as image inputs whose predictive
contribution must be evaluated against clinical predictors under participant-level separation. A displayed scan should
therefore be read as a documented acquisition example, not as a representative image of an entire diagnostic group.
Differences in slice orientation, acquisition timing, scanner protocol, motion and preprocessing can alter visual appearance

and may be mistaken for disease-related variation if they are not recorded.
2. MATERIALS AND METHODS
2.1 Design and study status

This report combines a descriptive imaging-catalogue inventory, three illustrative MRI—clinical linkages and a proposed
secondary-data analysis. ADNI is a longitudinal, multicentre resource for imaging, clinical and biological-marker research. Its
clinical research assessments are described here as structured clinical data, rather than assumed to be routine electronic health
records. The ADNI1/ADNIGO catalogue and the separately obtained ADNI4 examples have different roles and are not
pooled in the proposed primary analysis [17, 19, 30].

This protocol specifies a planned secondary analysis as of 28 September 2026. Model development and validation have not
yet been performed, and the protocol has not been registered. Before model fitting, the investigators will confirm feasibility,
record a dated analytical freeze and retain any subsequent deviations. The completed work reported here comprises the
imaging inventory and illustrative clinical linkages.

2.2 Data provenance and dates

The working imaging catalogue is dated 23 August 2026. The illustrative linkage uses September 2026 clinical extracts,
including APOERES_22Sep2026.csv and ADAS_228ep2026.csv. Acquisition dates, clinical assessment dates, file-download
dates and the eventual analytical-freeze date will remain separate fields. The full-cohort manifest will retain participant, phase,
visit, series and image identifiers, file hashes, source-table versions and a reconciliation log. The catalogue contains original
MRI records; correction and scaling form part of the planned preprocessing.
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2.3 Eligibility and selection of one MRI per participant

The candidate pool comprises the 824 participants repotted in the supplied ADNI1/ADNIGO catalogue. Eligibility will
require an original structural T1-weighted acquisition, an interpretable clinical diagnosis and successful image quality control.
The index clinical assessment will be the first available enrolment baseline visit; screening will be used when no baseline
diagnostic assessment exists. Later follow-up visits will not replace an unavailable enrolment assessment in the primary
analysis. Participants with unresolved identity, missing target diagnosis, another dementia syndrome or unresolved diagnostic

conflict will be excluded with an explicit reason.

The latest released diagnostic-summary source record will define cognitively normal (CN), mild cognitive impairment (MCI)
or Alzheimer disease (AD) dementia after dictionary-based harmonisation across phases. ADNIMERGE2 will support
linkage and consistency checks rather than silently override a contradictory source diagnosis. Discordant records for the same
nominal visit will be checked against source forms; unresolved cases will be excluded. Diagnosis will not be reconstructed
from MMSE, CDR, ADAS-Cog or FAQ thresholds.

Eligible MRI acquisitions must be coded screening or baseline and fall within 90 days before or after the index diagnostic
assessment. After quality control, select the scan with the smallest absolute date difference; ties will favour baseline over
screening, then the eatlier acquisition and finally the lowest numeric image identifier. One full volume, not one slice, will
represent each participant. Missing acquisition or diagnostic dates prevent primary inclusion. A 30-day matching-window

sensitivity analysis will examine temporal dependence. Figure 1 describes this planned sequence.

Supplied MRI catalogue
7,263 original records from 824 participants

v

Resolve participant and visit identities
Apply baseline or screening selection rules

v

Link source diagnosis and clinical records
Apply the specified date windows

v

Review MRI quality and processing
Record exclusions and resolve repeat acquisitions
v

Locked analytical cohort
One eligible scan per participant

Figure 1. Proposed cohort-construction workflow. The catalogue counts are available; clinical eligibility, image exclusions
and the final analytical sample remain to be established.

2.4 Predictor timing and diagnostic circularity

The primary clinical set will comprise age at the selected MRI, recorded sex, completed years of education and APOE &4
allele count. Sex and education will be obtained from participant-characteristic records at or before the index assessment; age
will use the scan-specific value or a documented date-based calculation. APOE is a stable genotype: a valid result from any
recorded date may be used for this retrospective classification study, with its test date and phase retained. Conflicting
genotypes will be coded unknown. Later genotype ascertainment will not be represented as evidence of prospective
availability.
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A secondary expanded clinical set will add ADAS-Cog 13, CDR sum of boxes and FAQ. For time-varying scores, select the
most recent assessment on or before the index diagnostic date within 90 days; later measurements are not predictors. The
expanded set will be evaluated separately because these measures may overlap with diagnostic assignment. MMSE and global
CDR in the illustrative table are descriptive and are not additional primary predictors. Primary and expanded analyses will use
the same eligible participants and outer-fold assignments.

Table 1. Predictor sets and handling in the proposed analysis

Domain Primary model Secondary addition or handling

MRI One eligible T'1-weighted volume | Same image in every model requiring MRI
Demographic | Age, recorded sex, education Training-fitted encoding and scaling
Genetic APOE &4 count: 0, 1 or 2 Unknown is a separate category
Cognitive Excluded ADAS-Cog 13

Clinical staging | Excluded CDR sum of boxes

Functional Excluded FAQ score

2.5 Missing clinical information

Missingness will be reported by variable and diagnostic group before modelling. Continuous predictors will receive training-
partition medians and missingness indicators, followed by training-fitted standardisation. If a variable has no observed
training values, its imputed value and scale will be fixed to 0 and 1, respectively, with the missingness indicator retained.
Recorded categorical values will be one-hot encoded using the documented dictionary; unknown or unseen values receive an
explicit unknown category. APOE will not be assigned an inferred biological genotype. Outcomes and MRI volumes will not
be imputed. Complete-case and no-APOE sensitivity analyses will assess dependence on missingness; their denominators will

be reported.
2.6 MRI processing and quality control

DICOM series will be converted to NIfTT with orientation and voxel spacing checked against the source headers. The
proposed fixed pipeline comprises N4 bias-field correction, FSLL BET brain extraction and a 12-degree-of-freedom affine
registration to the external MNI152 T1 brain template at 2-mm resolution. N4 will use a shrink factor of 2, a 200-mm B-
spline distance and four convergence levels of 50, 50, 30 and 20 iterations with a tolerance of 1076, BET will start with a
fractional threshold of 0.35 and vertical gradient 0; only 0.25 or 0.45 may be tried when blinded visual review identifies under-
or over-extraction. FLIRT will use correlation ratio, trilinear resampling and nearest-neighbour mask resampling. These
proposed settings draw on established processing methods [9, 22, 25].

Each registered volume will be clipped at its own within-brain 1st and 99th intensity percentiles and standardised using that
volume’s brain mean and standard deviation. These are image-specific operations, not cohort-fitted transforms. The 91 X 109
X 91 template grid will be zero-padded symmetrically to 96 X 112 X 96 voxels, placing an odd extra voxel on the high-index
side. No study-derived template or global harmonisation will be fitted before partitioning. Package versions, the template
checksum, commands and configuration will be frozen before processing the analytical cohort.

Two reviewers, blinded to diagnosis and model outputs, will assess coverage, orientation, motion, brain extraction and
registration. Each item will be marked acceptable, requires permitted reprocessing, or unacceptable. Missing brain regions,
severe artefact obscuring anatomy, persistent removal of brain tissue or unresolved gross misregistration will lead to
exclusion. Disagreements will be resolved by joint review with a recorded reason. No processing option will be selected on

the basis of model performance. Table 2 specifies acceptance checks; it is not a before-and-after results table.
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Table 2. Prospective MRI quality-control critetia

Check Acceptance criterion Recorded output

Orientation and . . . . . .
Consistent with DICOM orientation; full brain coverage Pass or exclusion reason

coverage
Artefacts No severe motion or other artefact obscuring anatomy Reviewer decisions
Brain extraction No substantial tissue loss or residual non-brain tissue BET threshold and review
Registration Brain boundaries and major anatomy align with template Transform and review
Intensity and . . . .

v Finite values; non-zero brain variance; source traceable Configuration and file hashes
provenance

2.7 Model architecture and comparator models

All neural models will use the same MRI or clinical branch when that modality is present. The MRI encoder will contain four
3D convolutional blocks with 32, 64, 128 and 256 channels, respectively. Each block uses a 3 X 3 X 3 kernel, stride 2, padding
1, eight-group normalisation and ReLLU. Global average pooling followed by a dense projection produces a 128-dimensional
MRI vector. The clinical encoder uses dense layers of 64 and 128 units with ReLU and dropout after each layer. Both branch

outputs include dropout. Networks will be trained from random initialisation without external patient-data pretraining.

Let hurs and e denote the projected MRI and clinical vectors. Both vectors and the gate g have d = 128 elements. The matrix
IV, has dimensions d X 2d, and 4, has d elements. Concatenation yields a 256-dimensional comparator; gated fusion yields a

128-dimensional vector:
g = O'(Wg [Amrr 5 he] + bg) )
hfusion =9 O hygp + a - g) © he @

Here, o is the element-wise sigmoid, [ ; ] is concatenation, and © is element-wise multiplication. A linear classifier maps the
selected representation to three logits z. For K = 3 classes ordered CN, MCI and AD, probabilities are:

exp(zg) 3)

P = 2Ky exn(z)

Neural models will minimise weighted cross-entropy. In each training partition, class k receives weight we = N/ (K 75),
where #; is its participant count. These weights are recalculated inside each inner or outer training partition; test outcomes
never influence them:

1
Lep = — Y1 2K = 1 Wie Vi log(Dire) @

In equation (4), N denotes the training sample used in the objective, yi is a one-hot class indicator, and p; is the
corresponding probability. The loss uses the participant average shown, without an additional normalisation by the sum of
class weights. Table 3 defines the models. A regularised multinomial logistic regression benchmark provides a lower-
complexity clinical comparator.
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Table 3. Models compared under identical participant partitions

Model Representation Purpose

MRI only 128-dimensional MRI encoder output Imaging baseline

Clinical neural network 128-dimensional clinical encoder output Clinical baseline

Clinical logistic regression | Encoded clinical variables with L2 penalty Low-complexity clinical baseline
Concatenation 256-dimensional joined branch outputs Simple fusion comparator
Gated fusion iii;:;.;r;::ionﬂ weighted branch Proposed multimodal model

Eligible participants
Five stratified outer folds with participant separation
\J

Outer training participants only
Three inner folds for preprocessing fits and model selection

v

Compare MRI, clinical and fusion models
Choose the unimodal comparator using inner validation

v

Predict each outer test fold once
Pool participant-level out-of-fold predictions

v

Report paired differences and uncertainty
Calibration, subgroup summaries and explanation checks

Figure 2. Proposed validation and reporting workflow. All fitted clinical transformations, tuning and comparator selection
occur within the outer training participants.

2.8 Statistical analysis
2.8.1 Participant partitions and model selection

The proposed evaluation uses five stratified outer folds and three stratified inner folds. All data from an individual remain in
the same fold. Sorting participants by identifier before allocation and using random seed 20260928 will make partitions
reproducible. The same outer folds will be used for every model and predictor set. At least 20 eligible participants per
diagnostic class will be required to run this design; this is an operational feasibility threshold, not a claim of adequate statistical
power. If it is not met, analysis will pause for a dated protocol amendment before any performance comparison.

Within each outet training sample, the neural-model search comprises all eight combinations of learning rate {0.0001,
0.0003}, weight decay {0.00001, 0.0001} and dropout {0.2, 0.5}. AdamW will use §; = 0.9, 8 = 0.999 and ¢ = 1078, with
batch size 4, no data augmentation and a maximum of 100 epochs. Inner validation macro-F1 will determine eatly stopping
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after 15 epochs without improvement; ties favour the eatliest epoch. Each setting will use initialisation seeds 20260928,
20260929 and 20260930. Validation probabilities will be averaged across the three initialisations.

The selected setting maximises mean inner-fold macro-F1; ties favour lower learning rate, higher weight decay and then
higher dropout. For an outer refit, the epoch count is the rounded median of the selected setting’s best inner-fold epochs,
followed by refitting on all outer training participants. Logistic regression will use the same class weights and clinical
preprocessing, an intercept, an 1.2 penalty and inverse-regularisation values C = {0.01, 0.1, 1, 10}; ties favour smaller C. The

optimiser tolerance will be 107 with at most 5,000 iterations; non-convergence is logged as a failed candidate.

The unimodal comparator is a selection procedure: in each outer split, choose the MRI-only model, clinical neural model or
clinical logistic model using inner-fold macro-F1 alone. Ties favour logistic regression, then the clinical neural model, then
MRI. This selected comparator is then evaluated on the untouched outer test fold. Its model identity may differ across outer
folds and will be reported. It is never selected using outer-test scores.

2.8.2 Primary estimand and uncertainty

The primary estimand is the difference in pooled out-of-fold macro-F1 between gated fusion and the inner-selected unimodal
comparator using the primary clinical set. Every participant contributes exactly one held-out prediction from each procedure.
Concatenation comparisons and the expanded clinical set are secondary. Initialisation-ensemble probabilities will be averaged
before argmax classification; class-probability ties use the fixed order CN, MCI and AD. No probability threshold will be

optimised on outer-test predictions.

Uncertainty will use 5,000 paired, diagnosis-stratified bootstrap resamples of participant-level out-of-fold predictions, with
seed 20260928 and percentile 95% confidence intervals. Each resample will apply the same selected participants to all
compared models. These intervals describe uncertainty conditional on the fitted cross-validation models; they do not capture
all variation from repeating model development or transport to another setting. Fold scores will be shown descriptively and
will not be treated as independent observations for a t-test. Secondary comparisons will be labelled exploratory rather than

interpreted as confirmatory significance tests.
2.8.3 Performance and calibration

For each class, precision is TP/ (TP + FP) and recall is TP/(TP + FN). An undefined precision ot recall denominator will be
assigned zero and flagged. If both precision and recall equal zero, class-specific F1 is defined as zero. Macro-F1 averages

class-specific F1 values with equal weight:

®)

1 2 Precisiong Recall
Macro-F1 = P legz 1 [#]

Precisiong + Recallg

Secondary metrics comprise balanced accuracy, one-versus-rest sensitivity and specificity, macro one-versus-rest AUROC,
overall accuracy and the multiclass Matthews correlation coefficient. All will use participant-level held-out predictions and a
consistent CN/MCI/AD class order. Undefined AUROC or specificity estimates will be reported as not estimable rather than
replaced by zero. Probability quality will be evaluated using the unnormalised multiclass Brier score, which ranges from 0 to 2,
and top-label expected calibration error:

. 1
Brier = © 3001 Xk =1 (i — Ya)? ©)
ECE = 2~y " face(Bp) — conf(By)| ¢

In equations (5)—(7), N is the number of evaluated participants and K = 3. For ECE, M = 10 fixed equal-width confidence
bins span 0 to 1, with each lower boundary included and the upper boundary excluded except in the last bin. Confidence is
the maximum predicted probability; accuracy indicates whether the argmax class is correct. Bm contains the participants in
bin m, and empty bins contribute zero. Reliability diagrams will display bin counts. Calibration must be assessed separately
from rank discrimination [27].
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Uncalibrated ensemble probabilities will be the primary probability outputs. In a secondary analysis, a single scalar
temperature T between 0.05 and 10 will minimise unweighted negative log-likelihood using inner out-of-fold predictions from
the outer training participants. For each candidate T, softmax will be applied to each initialisation’s logits divided by T, then
the three probability vectors will be averaged. The same transformation and averaging will be applied to the three refitted
outer models. The outer test data will not determine T. This aligns calibration with the probability-ensemble prediction rule;
averaging logits is not substituted for averaging probabilities. Both uncalibrated and calibrated Brier scores, ECE and
reliability curves will be retained.

2.8.4 Explanation analysis

Score-CAM will be applied to all 256 channels of the final MRI convolutional activation layer, with the held-out case’s
predicted class fixed as the target. Channels will be trilinearly upsampled to the input grid and rescaled individually to [0, 1];
constant channels contribute zero. Each channel mask will modulate the MRI input while clinical inputs remain fixed. The
implementation will retain the zero-image baseline, channel scores and positive weighted activation map. The released Score-
CAM implementation and any changes needed for 3D inputs will be versioned before evaluation [29].

LIME will explain clinical contributions while holding MRI fixed. For each case, 5,000 perturbations will be generated in the
original clinical-variable space using only the outer training data. Continuous observed values will be sampled from training-
fitted truncated normal distributions within the observed range; categorical values, including unknown categories, will be
sampled as whole categories using training frequencies. Missingness indicators will be derived from the perturbed raw values
before applying the fitted imputation, scaling and encoding steps. One-hot components will not be sampled independently.
Distances will be Euclidean in the transformed clinical space. The kernel weight will be exp(—distance?/kernel_width?), with
kernel_width = 0.75\/p for p encoded features. A weighted ridge surrogate with penalty 1 will use all encoded features, with
the five largest absolute contributions displayed. Weighted local R? below 0.8 will flag low fidelity. Independent marginal
sampling can still produce clinically implausible combinations; these explanations describe model behaviour rather than causal
effects [20].

Explanation stability will be summarised across the three initialisations and five repetitions of Gaussian image noise with
standard deviation 0.01 in normalised intensity units. Within-brain Spearman correlation and Dice overlap of the highest-
attribution 10% of voxels will describe image-map agreement. LIME will be repeated with seeds 0-19, reporting top-three-
feature Jaccard agreement, sign consistency and local fidelity. Parameter-randomisation checks will replace the classification
head and then all neural weights while holding the target class and example fixed. Agreement with the original map will be
reported without presenting an arbitrary overlap value as proof of validity [1].

Quantitative explanation summaries will use every eligible outer-test case. Displayed cases will be selected deterministically by
participant order within each true/predicted class combination, rather than by visual attractiveness. Failed or constant maps
and low-fidelity local explanations will remain in the reporting denominator. Score-CAM and LIME will be described as

model-behaviour analyses, not causal explanations or independent clinical validation.
2.8.5 Sensitivity analyses and reproducibility

Exploratory analyses will examine the expanded clinical set, complete cases, exclusion of APOE, a 30-day matching window
and baseline-only MRI selection. Age groups below 70, 70—79 and at least 80 years, recorded sex, APOE status, field strength
and acquisition phase will be reported when each required diagnostic class has at least 10 participants within the subgroup.
Otherwise, report denominators without unstable class-specific performance estimates. Site-level results will be descriptive;
participant-level cross-validation does not establish generalisation to unseen sites. A separate site-held-out evaluation would
require a dated amendment and sufficient eligible participants.

The analytical package will retain eligibility and exclusion logs, source-table dictionaries, matching intervals, participant split
files, configuration files, package versions, random seeds and out-of-fold predictions in the authorised research environment.
The final report will distinguish planned, implemented and amended procedures. Publicly shareable code and aggregate
outputs will be considered subject to ADNI conditions; no public repository or completed software implementation is

claimed here.

3. Results and Discussion
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3.1 Imaging catalogue inventory

Completed descriptive findings are limited to the supplied catalogue inventory and the three illustrative linkages. The
catalogue reports 7,263 original T1-weighted MRI records from 824 unique participants, equivalent to 8.81 records per
participant on average. This mean describes record multiplicity and does not imply equal scan availability across individuals.
The phase field contains 7,213 ADNI1-labelled records and 50 ADNIGO-labelled records; phase labels therefore apply to

records and do not define separate participant counts.

Table 4. Supplied MRI catalogue inventory before full-cohort eligibility assessment

Item Count or status | Interpretation
Unique participants 824 Candidate pool, not final analytical sample
Original T1-weighted MRI records 7,263 Includes repeat acquisitions and visits
ADNI1 / ADNIGO records 7,213 / 50 Record-level phase labels
Screening records 1,325 (18.2%) | Potential baseline-adjacent acquisitions
Baseline records 274 (3.8%) Not the number of eligible participants
Follow-up records 5,664 (78.0%) | Excluded from primary enrolment selection
Screening
Visits represented through month | Longitudinal catalogue structure
48
Eligible CN / MCI / AD count Not yet Requites clinical linkage and image QC
i uir ni i
gible counts established equires clinical linkage and image

The visit totals reconcile exactly to 7,263 records. Follow-up records form the largest category, whereas screening and
baseline together account for 1,599 records (22.0%). This distribution explains why catalogue size cannot be used as the
model-development sample size. A participant may have multiple acquisitions in the same category, and some participants
may lack a clinically matched, acceptable entolment scan. No CN/MCI/AD prevalence ot group-level demographic

comparison is inferred from this inventory.
3.2 Illustrative ADNI4 MRI and clinical linkage

Three separately obtained ADNI4 MPRAGE series provide illustrative MRI—clinical examples. Their acquisition dates are 19
February, 3 June and 7 August 2025 for cases A, B and C, respectively. These are not established as the selected baseline
scans of the ADNI1/ADNIGO catalogue and are not included in an inferred analytical denominator. Table 5 preserves the

available values without imputing missing genotype or cognitive assessments.

Table 5. Clinical information for three illustrative ADNI4 cases

CDR global f
Case and diagnosis Age/sex/education MMSE & ;)) al / sum o APOE genotype
oxes
A CN 95 / female / 18 30 0/0 e3/e3
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DR gl 1 f
Case and diagnosis Age/sex/education MMSE CDR g Zba / sum o APOE genotype
oxes
B MCI 77 / male / 18 29 05/15 Unavailable
C Probable AD
robable 82 / male / 16 20 0.5/ 4.0 e3/ed
dementia

Age and education are in years. MMSE denotes Mini-Mental State Examination; CDR denotes Clinical Dementia Rating.

These selected cases do not estimate group means, class prevalence or model performance.

Clinical timing was not identical across the examples. Case A had CDR and FAQ assessments on 10 February 2025, nine days
before MRI, and MMSE and ADAS-Cog assessments on 28 February, nine days after MRI. Case B had MMSE and CDR
assessments on 2 June, one day before MRI; the MCI label remains illustrative because its linked diagnostic entry lacks an
assessment date, and no matched ADNI4 FAQ or ADAS-Cog result was available. Case C had MMSE and CDR assessments
on 5 August, two days before MRI, and a probable AD dementia diagnostic record on 8 August, one day after MRI. Nearby
baseline assessments on 14 August, seven days after MRI, recorded FAQ 11, ADAS-Cog 11 of 31.33 and ADAS-Cog 13 of
44.33. These timings describe the examples and do not establish their eligibility under the proposed primary predictor rules.

APOE entries in APOERES_22Sep2026.csv are participant-level genetic records. Case A’s €3/e3 result was recorded at
ADNI1 scteening on 17 April 2006 and is historical rather than an ADNI4 measurement. Case C’s €3/e4 result is labelled
ADNI4 but has no test date. Case B has no available result in that extract. The AD diagnosis is taken from the diagnostic

source, not inferred from the global CDR value.

A CN B8 MCI C AD
95 years; female 77 years; male 82 years; male

ADNIA « native sagittai slice 105 ADNI4 + native sagittal sice 105 ADNIA « native saqgittal slice 105

Figure 3. Illustrative ADNI4 T1-weighted MRI cases A—C. Native sagittal pixels are displayed with superior (S) above,
inferior (I) below, anterior (A) left and posterior (P) right, using DICOM orientation metadata. The MCI acquisition is slightly
oblique. These are source images, not processed-image comparisons or model outputs. The scan panels are provided for

image-provenance illustration.

The three displayed scans are sagittal T1-weighted source images selected to demonstrate the available ADNI4 image format
and the need for careful image provenance. Superior and inferior directions identify the vertical anatomical axis, while anterior
and posterior markers identify the front-to-back orientation. The letters outside the image are orientation markers derived
from the acquisition metadata; they are not diagnostic annotations. The scan labels CN, MCI and probable AD dementia are
linked clinical categories for these illustrative cases. They do not establish disease pathology, group-level morphology or
diagnostic accuracy. Because the cases have different clinical-assessment dates and the MCI example has incomplete
diagnostic timing, visual comparison should not be interpreted as a controlled before-and-after or between-group experiment.
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Each series contains 208 slices; DICOM instance 105 is shown. The same instance number does not ensure an identical

anatomical plane across participants. Display limits were set independently at the 1st and 99.5th intensity percentiles, without

spatial interpolation. No quantitative atrophy comparison, representative class morphology or diagnostic accuracy is inferred

from these images.

3.3 Pending analytical outcomes

Representative MRI images have been acquired. Full-cohort image acquisition, clinical linkage and preprocessing remain

incomplete, and the model experiment has not been performed. Figure 4 therefore reports a proposed participant-selection

pathway with unresolved denominators, rather than a completed recruitment or exclusion flow. Figure 5 displays the available

record-level visit distribution; Figure 6 shows the record-level phase composition, and Figure 7 summarises the timing of

available clinical assessments around the three illustrative scans. Confusion matrices, AUROC curves, calibration plots and

explanation maps cannot be supplied as results before the corresponding analyses are completed.

Available inventory
7.263 MRI records / 824 distinct participants

\

Eligibility and clinical linkage
Final diagnosis-specific counts not yet established

v

Image acquisition and quality control
Exclusion totals not yet established

v

One selected baseline or screening MRI per participant
Final analytical sample not yet established

v

Participant-level outer and inner folds
Allocation occurs after the cohort is locked

Figure 4. Proposed selection pathway with available catalogue counts and explicitly unresolved analytical denominators. The
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Figure 5. MRI record distribution in the supplied catalogue. Counts and percentages describe records, not independent

participants. Screening and baseline records still require clinical matching, quality control and one-scan-per-participant

selection.
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Record-level distribution by ADNI phase
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Figure 6. Record-level distribution by ADNI phase. Percentages use the 7,263 MRI records in the supplied catalogue; they
do not represent independent participants or eligible analytical observations.
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Figure 7. Clinical assessment timing in three illustrative ADNI4 cases. Each panel uses its MRI date as day 0 (dashed line).
Circles mark cognitive or functional assessments; the diamond marks diagnosis. Offsets are calendar days. Case B’s undated
diagnostic entry is not plotted; matched ADNI4 FAQ and ADAS-Cog records were unavailable. These dates describe source
records and do not establish predictor eligibility or diagnostic performance.

3.4 Interpretation of the descriptive findings

The available findings establish the scale and longitudinal structure of the supplied imaging inventory and provide traceable
examples of clinical linkage. They do not establish an analysis-ready cohort or demonstrate that multimodal learning improves
diagnosis. The difference between 7,263 records and 824 participants is consequential: record-level random splitting could
place acquisitions from the same person in both training and testing. The proposed patticipant-level selection and nested
validation directly address that risk, although their effectiveness can be judged only after implementation.
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The illustrative ADNI4 cases show why apparently simple clinical tables require temporal and source-specific interpretation.
A genotype may have been measured years before the displayed MRI, cognitive assessments may fall on different dates, and a
diagnostic entry may lack a usable assessment date. Missingness must therefore be documented rather than silently resolved
by nearest-record matching. The examples also belong to a different ADNI phase from most catalogue records and cannot
demonstrate representativeness of the proposed analytical cohort.

This emphasis on traceability is consistent with the data-quality dimensions discussed by Uddandarao et al. [26], including
incompleteness, inconsistency and staleness. Here, those concerns translate into specific checks of assessment dates,
diagnostic conflicts, missing predictors and source versions. Their framework motivates these checks; it does not establish the

quality or predictive value of the present ADNI inventory.

The primary reduced-proxy clinical set is intended to make the incremental contribution of MRI more interpretable. It does
not remove every association between clinical variables and diagnosis, but it avoids directly including cognitive and functional
scores that may contribute to diagnostic assignment. The expanded-set analysis will show how results depend on adding these

measures. A higher score in that analysis would not, by itself, establish eatlier detection or greater clinical usefulness.

The model comparison is designed to distinguish fusion benefit from model-selection bias. The unimodal comparator is
selected only within development data and a lower-complexity clinical model is retained. Gated fusion must therefore be
compared with alternatives on the same held-out participants. Calibration, class-wise sensitivity and specificity, and
uncertainty remain necessary because a single average discrimination metric can conceal clinically relevant failure modes.

Explanation stability similarly informs confidence in model behaviour without demonstrating causality.
3.5 Strengths and limitations

The report’s current strengths are explicit separation of catalogue facts from proposed analyses, traceable example timing and
a defined prospective evaluation specification. Final eligibility counts, diagnostic-group distributions, missingness proportions
and quality-control exclusions remain unknown. The procedural minimum class count is not a sample-size justification for a
complex model. The authors must report learning curves, confidence intervals, and training behaviour, and conclusions must
remain cautious if precision is poor. No claim of MCI predominance or adequate class-specific sample size is supported at
this stage. No completed formal sample-size or precision calculation is available. Before implementation, the investigators
must justify model complexity against the eligible class counts and the intended precision of performance estimates; the

threshold of 20 per class is insufficient for that purpose.

ADNI is a research cohort, and internal participant-level validation will not establish transportability to routine clinical
records, other scanner settings or underrepresented populations. MRI—diagnosis matching within 90 days also permits
temporal mismatch, addressed only partly by the narrower-window sensitivity analysis. The three examples are selected
illustrations. The planned models classify existing clinical categories and do not establish Alzheimer pathology, prospective

progression, treatment benefit or a clinical decision-support system.
3.6 Clinical relevance and further work

If the internal study is completed, subsequent evaluation should use an independent cohort with cleatly specified intended
users, disease prevalence and acquisition conditions. Prospective work would need to test whether predictions or explanations
change referral decisions and whether benefits outweigh false-positive and false-negative consequences. Community-health
relevance should be assessed through accessibility, calibration across settings and patient-centred outcomes, rather than

inferred from model complexity.
4. CONCLUSION

The supplied ADNI inventory reports 824 participants and 7,263 original T1-weighted MRI records. Three separate ADNI4
examples illustrate MRI—clinical linkage and its timing limitations. This report proposes an explicit participant-level protocol
for comparing gated fusion, concatenation and unimodal models. Full-cohort curation and completed validation are required
before any diagnostic-performance, superiority or deployment claim can be made.

The descriptive inventory also shows why record-level counts must be interpreted cautiously. The 7,263 MRI records
represent repeated and longitudinal observations from 824 participants, with follow-up records forming the largest
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component. The phase and visit graphs therefore describe the structure of the available resource rather than the prevalence of
cognitively normal, mild cognitive impairment or Alzheimer disease participants. The three scan examples further show that
clinical assessments and imaging acquisitions are not uniformly timed.

The proposed analysis addresses these issues through one eligible MRI per participant, explicit clinical linkage windows,
image-quality review, participant-level nested cross-validation and comparison with clinical-only models. This design is
intended to estimate the incremental value of MRI under controlled conditions. It also separates the primary reduced-proxy

clinical predictor set from an expanded set containing cognitive measures that may overlap with diagnostic assignment.

The next phase must establish the final eligible cohort, diagnostic-group counts, missingness patterns, quality-control
exclusions and a reproducible preprocessing record before model fitting. Only after these steps can the study report held-out
macro-F1, class-specific performance, calibration, uncertainty and explanation stability. Independent validation in a separate
cohort will be required before any claim of generalisability, clinical usefulness or decision-support readiness. Within its current
scope, the manuscript provides a transparent ADNI imaging inventory and a reproducible protocol for completing that

evaluation.
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