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ABSTRACT: Deep-learning systems for cognitive assessment often report strong
within-dataset performance without establishing whether the learned representation
transfers to independent cohorts. This study evaluates the Hybrid Explainable Cognitive
Deviation Tracking (HE-CDT) framework as an evidence-auditable research prototype
integrating structural MRI staging, questionnaire-derived behavioral risk, model
confidence reporting, explainability, and cross-dataset validation. Six MRI
configurations—a custom CNN, MobileNetV2, EfficientNetB0, DenseNet121 baseline,
optimized DenseNet121, and a soft-voting ensemble—were compared on a four-class
development cohort. The optimized DenseNet121 achieved 79.26% accuracy, 0.8282
macro F1, and 0.9350 ROC-AUC on the internal holdout, while the ensemble achieved
the highest internal AUC of 0.9477. Without retraining, optimized DenseNet121 achieved
37.84% accuracy, 0.2705 macro F1, and 0.5441 AUC on the independent OASIS cohort,

exposing substantial domain shift.

A methodological audit was additionally performed for dataset provenance, split leakage,
class-level artifacts, and fusion-scote design. Patient/group-aware splitting is documented
where identifiers are available, but augmentation-family isolation could not be fully
verified from the recovered manifests. Likewise, a standalone confusion matrix and
stylized ROC artifact could not be reconciled with the verified aggregate results; they are
therefore excluded from final quantitative claims rather than reconstructed. To remove a
conceptual bias in the legacy fusion rule, confidence is separated from deviation severity
and retained as a reliability indicator, while a probability-weighted MRI severity
formulation is proposed for future calibrated fusion. The study demonstrates that
transparent negative external-validation findings and evidence-integrity auditing are

essential for credible cognitive-imaging Al research.

Cognitive decline in aging is heterogeneous and is reflected incompletely by any single data source. Structural magnetic

resonance imaging (MRI) can capture anatomical patterns associated with neurodegeneration, whereas behavioral and

functional assessments describe changes that are not directly encoded in an image. Contemporary reviews therefore increasingly

emphasize multimodal evidence, transparent evaluation, and external validation rather than relying on a single high internal

accuracy value [1], [3]-[5].

Deep neural networks have demonstrated strong discrimination for Alzheimer’s disease (AD) and related cognitive-stage tasks,

but the reported performance varies considerably with task definition, preprocessing, cohort composition, and validation
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protocol [2], [8], [22], [23]. Reproducibility studies have also shown that leakage, incomplete split reporting, and unavailable
code or prediction outputs can inflate apparent performance or make results difficult to audit [2], [18]. These issues are especially
important in slice-based or augmented imaging datasets, where related images can inadvertently appear in more than one

evaluation partition if split lineage is not controlled.

A second challenge is domain shift. External radiology studies commonly report degradation when a model is evaluated on data
from a different center, scanner, protocol, or population [12]—[14]. MRI can be particulatly sensitive to scanner and acquisition
variability, making independent-cohort testing necessary before an internal benchmark can be interpreted as evidence of
generalization [9], [14]. Explainability and uncertainty are additional requirements: Grad-CAM can expose local image regions
that contribute to a CNN decision, while calibration and uncertainty analysis can indicate whether probability estimates are
trustworthy [11], [16], [17], [28]. Neither, however, converts an experimental model into a clinically validated diagnostic system.

This work evaluates the Hybrid Explainable Cognitive Deviation Tracking (HE-CDT) framework under that stricter evidence
standard. The framework is a late, score-level multisource research prototype rather than an end-to-end multimodal neural network.
Its MRI branch performs comparative four-class staging; its questionnaire branch produces a normalized Questionnaire Risk
Score (QRS); and its explainability branch generates Grad-CAM outputs for the selected MRI model. A cross-dataset OASIS
experiment evaluates transfer without retraining. In addition to model metrics, this paper audits dataset lineage, split leakage,

class-level evidence, and the mathematical role of confidence in the fused score.

The contributions are fourfold. First, six MRI configurations are compared using the same reported internal benchmark.
Second, external OASIS results are reported separately and without averaging them into internal metrics. Third, a dataset and
evidence-integrity audit identifies what is reproducibly supported and what remains unresolved. Fourth, the legacy fusion rule
is reformulated so that high classifier confidence does not itself increase cognitive-deviation severity. This positioning follows

recent calls for reproducible, externally validated, uncertainty-aware neuroimaging Al [5], [12], [19].

2. RELATED WORK
2.1 MRI and Multisource Cognitive Assessment

CNN-based MRI classification has progressed from task-specific architectures to transfer learning, multimodal modeling, and
disease-progression prediction [2], [22], [23], [25]. Qiu ef 2. demonstrated that flexible combinations of clinical information,
neuroimaging, and functional assessment can support dementia assessment [3]. El-Sappagh ez a/ likewise combined
heterogeneous variables with explainable modeling for AD-related prediction [24]. More recent reviews conclude that
multimodal fusion can improve representation breadth, but heterogeneity, missing modalities, and limited external validation

remain major barriers [4], [6], [7].
2.2 Generalization, Reproducibility, and Explainability

Wen e al. highlighted leakage and reproducibility problems in MRI-based AD classification and showed that models can
generalize differently across populations [2]. In a broader radiologic review, Yu ef a/. found external performance reductions in
most externally validated deep-learning studies [12]. Domain-generalization reviews similarly identify acquisition, scanner, and
population shifts as persistent threats [13], [15]. Disease-driven domain generalization for AD neuroimaging has therefore

become an active research direction [9].

Explainability methods such as Grad-CAM provide local attribution without establishing anatomical causality [10], [11], [28].
Confidence values also require caution because modern neural networks can be miscalibrated [16], [29]. Recent methodological
reviews of neuroimaging Al continue to identify calibration, leakage control, external validation, and reporting quality as

unresolved translational requirements [19].

3. MATERIALS AND METHODS
3.1 HE-CDT Architecture

Figure 1 shows the revised evidence-auditable architecture. MRI images ate resized and normalized before comparative CNN
inference. The selected model outputs a four-class probability vector. Questionnaire items from the Memory, Daily Living, and
Behavioral domains are independently converted into normalized risk scores. Fusion occurs only after the MRI and
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questionnaire branches have produced auditable component values. Grad-CAM is attached to the MRI model and does not
modify the prediction.

3.2 Dataset Provenance and Leakage Audit

The primary development cohort is the project-delivered augmented Alzheimer MRI Dataset (Dataset A). The audited
modeling pool contains 4,000 images, balanced to 1,000 images in each of four classes: Non Demented, Very Mild Demented,
Mild Demented, and Moderate Demented. The reported split is 2,800/600/600 for training, validation, and holdout testing. A
separate source-pool audit records substantial pre-balancing class skew; however, the recovered evidence contains two different
source-count conventions and does not fully document their lineage. The independent Dataset B contains 1,344 OASIS-derived
images distributed as 339 Non Demented, 741 Very Mild, 165 Mild, and 99 Moderate.

HE-CDT: Evidence-Auditable Multisource Architecture

MRI input Preprocessing | | Comparative CNNs || 4-class soflmax Expected MRI
| 24x224x3 resee + normabioe [ | + DenseNet 121 Pryeees Pa severity S,';,'.
[ — - J . T - -
| |
i
|
| , .
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J
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Figure 1. Revised HE-CDT architecture. MRI probability-derived severity and questionnaire risk contribute to the deviation score, while
classifier confidence is retained as a separate reliability quantity. External OASIS evaluation and Grad-CAM remain independent audit paths.

OASIS is kept outside model development and is used only for external evaluation. OASIS itself is a public neuroimaging
resource with established cross-sectional and longitudinal MRI releases [20], [21]. Table 1 records the leakage-control status
consetvatively. Participant/group identifiers ate used where available to reduce related-sample leakage. Howevert, the recovered
split manifests do not prove that every augmented derivative of an original image remained within a single partition.

Consequently, this paper does not claim a fully verified augmentation-family split.

Table 1. Dataset provenance and leakage-control audit

Leakage control

Source Audited role Working profile Partition Unresolved item
supported
Group-aware logic Exact upstream
. 4,000 balanced 2,800 / 600 / up-aware Jog] release/license and
Dataset A Development/comparison . where identifiers R .
images; 4 classes 600 augmented-sibling isolation

exist; fixed holdout
not fully recovered

Mapping from public OASIS
No retraining on releases to derived four-class
Dataset B image folders requires

manifest-level documentation

1,344 images;

OASIS Dataset B External validation .
natural imbalance

External only

42-item instrument;

. . . Separate . . No matched prospective
Questionnaire Behavioral/QRS 37 stored P Scoring domains ¢ prospective
. . research . MRI—questionnaire clinical
records component participants in auditable - .
. records cohort for calibrated fusion
analytic DB
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3.3 MRI Models and Preprocessing

The common input representation is 224 X 224 X 3. The verified implementation supports direct resizing and intensity
normalization; N4 bias correction and MNI152 registration are not part of the active path. The comparison includes a Custom
CNN, MobileNetV2 [206], EfficientNetB0 [27], DenseNet121 [25], an optimized DenseNet121 configuration, and a post-
training soft-voting ensemble. The selected Phase-4 DenseNet121 is the strongest verified internal single model by accuracy
and macro F1. Only configuration details supported by the project evidence are retained; conflicting training metadata are not
promoted into the manuscript.

For class probabilities p = [p1, ..., pc|, the predicted stage is

y = arg max p; )
k

3.4 Questionnaire Risk Score

The 42-item research instrument contains demographic/context items plus Memory, Daily Living, Behavioral, Digital
Readiness, and Al Acceptance sections. Only the Memory, Daily Living, and Behavioral domains contribute to QRS. Each
scored item is mapped to 0-3 and each seven-item domain is normalized to 0-100. The aggregate score is

N +SADL+Sbeh
SQRS — 2mem : el (2)

Digital-readiness and Al-acceptance scores remain contextual rather than cognitive-risk terms.
3.5 Confidence-Safe FCDS Reformulation

The implemented legacy prototype uses a mapped MRI stage score, QRS, and a positive confidence term. A conceptual
weakness of that rule is that a highly confident low-severity prediction can still increase the fused deviation value. For

publication-facing analysis, confidence is therefore separated from severity.
Let the stage anchors be s = [10, 35, 65, 90]. Instead of using only the winning class, an expected MRI severity is defined as
Strt = i1 Py S ©
A revised fused score is
FCDS" = ASyp + (1 = DSegs, 0 <2 <1 @)
while the confidence reliability score is reported separately:

CRS =100 max py )

Crucially, A is not assigned an invented optimum in this paper. It should be estimated using a matched validation cohort with
an independent cognitive outcome. The existing model-performance tables therefore evaluate MRI staging, not a claimed

performance gain from FCDS*.
3.6 Grad-CAM Explainability

For the selected DenseNet121 model, the project implementation attaches Grad-CAM to the final convolutional feature block

documented as conv5_block16_concat. For target class ¢,

1 aY*
ap = EZL’Z} ok (©)
L& aa—cam = ReLU(Z; afA") @)

The evidence package contains a representative otiginal-MRI/heatmap/ovetlay triplet. Because no atlas registration ot voxel-
level pathological ground truth is available, the maps are interpreted as local model attribution rather than anatomical
segmentation or causal biomarker evidence [10], [11], [28].
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3.7 Evaluation and Statistical-Validation Policy

Primary reported metrics are accuracy, macro precision, macro recall, macro F1, and multiclass ROC-AUC. Internal and
external metrics remain separate. A formal statistical protocol was also audited. Pairwise class-decision comparisons would
require matched sample predictions for McNemar testing [32]; AUC comparison would require continuous class probabilities
and, where appropriate, DelLong or resampling-based inference [31]; calibration would require probabilities for Brier score,
reliability diagrams, or expected calibration error [29], [30].

Those raw vectors were not recovered in the supplied final evidence package. Therefore, confidence intervals, McNemar p-
values, DelLong tests, Brier scores, and ECE are not fabricated from aggregate metrics. Numerical differences are reported as
descriptive findings only. This follows reproducibility guidance that every inferential quantity should be traceable to sample-
level outputs [18], [19].

4. RESULTS AND DISCUSSION

4.1 Internal Model Comparison

Table 2 reports the verified internal holdout results. Optimized DenseNet121 achieved the highest single-model accuracy
(0.7920), precision (0.8259), and macro F1 (0.8282). The soft-voting ensemble achieved the highest AUC (0.9477) and slightly
higher recall (0.8314), illustrating that discrimination and final class assighment do not produce identical model rankings.

Table 2. Verified internal Dataset A holdout performance

Model Accuracy Precision Recall Macro F1 AUC

Custom CNN 0.3816 0.2676 0.3309 0.2861 0.6708
MobileNetV2 0.5773 0.5838 0.6162 0.5968 0.8275
EfficientNetBO 0.5793 0.5872 0.6333 0.6053 0.8365
DenseNet121 baseline 0.6321 0.6318 0.6914 0.6532 0.8489
DenseNet121 Phase 4 0.7926 0.8259 0.8306 0.8282 0.9350
Soft-voting ensemble 0.7906 0.8225 0.8314 0.8257 0.9477

Relative to the baseline DenseNet121, Phase 4 improves internal accuracy by 0.1605 and macro F1 by 0.1750. Because sample-
level paired predictions are unavailable, the small difference between Phase 4 and the ensemble is not labeled statistically

significant.
4.2 External OASIS Generalization

Table 3 shows substantial degradation on the independent OASIS cohort. Phase-4 DenseNet121 retains the highest external
accuracy (0.3784) and macro F1 (0.2705), whereas the baseline DenseNet121 has the highest external AUC (0.6322). Phase 4
loses 0.4142 absolute accuracy, 0.5577 macro F1, and 0.3909 AUC from internal to external evaluation (Figures 2 and 3). The
drop is therefore not a minor threshold effect; it affects both class assignment and probability discrimination.

Table 3. Verified external OASIS generalization performance

Model Accuracy Precision Recall Macro F1 AUC

Custom CNN 0.3390 0.3123 0.2621 0.1549 0.5845
MobileNetV2 0.3236 0.3753 0.2653 0.2310 0.5683
EfficientNetB0 0.2352 0.2974 0.2859 0.2340 0.5397
DenseNet121 baseline 0.3647 0.3948 0.2742 0.1944 0.6322
DenseNet121 Phase 4 0.3784 0.2795 0.2939 0.2705 0.5441
Soft-voting ensemble 0.3362 - - 0.1493 0.5655
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Verified Comparative Performance Under Internal and External Evaluation

Internal Dataset A Holdout External OASIS Evaluation
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Figure 2. Verified internal and external performance across the six evaluated configurations. The same aggregate metrics are shown
without reconstructing unavailable class-level prediction curves.
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Figure 3. Internal-to-external degradation in accuracy and macro F1. External OASIS performance is reported as a limitation rather than
hidden by pooled evaluation.

A separately documented balancing experiment achieved an external accuracy of 0.4030. It is not substituted for the direct
0.3784 Phase-4 result because the protocol differs. This separation avoids post-hoc replacement of an unfavorable primary
external result.

4.3 Confusion-Matrix, ROC, and Grad-CAM Evidence Audit

The audit produced an important reproducibility finding. A standalone project appendix contains a numerical confusion matrix
and stylized per-class ROC curves. However, the matrix contains 484 observations and implies a macro F1 of approximately
0.8075 when recomputed from its cells, whereas the verified Phase-4 aggregate table reports a macro F1 of 0.8282. The
consolidated evidence package therefore explicitly rejects the standalone matrix/curve attifact as final evidence.

Figure 4 summarizes the decision rule. A final confusion matrix requires the exact holdout ground-truth and predicted-label
vectors; a final ROC curve requires ground-truth labels and class probabilities. Because these vectors were not recovered, the
manuscript retains the verified aggregate AUC but does not draw invented ROC geometry. This is preferable to reporting
visually plausible yet unreproducible class-level plots.
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Evidence-Integrity Audit for Class-Level Evaluation and Explainability
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Figure 4. Evidence-integrity audit for class-level evaluation and explainability. The recovered project package verifies aggregate metrics and
a representative Grad-CAM output, but the standalone confusion-matrix/ROC artifact does not reconcile with the final aggregate table.
Final class-level curves and inferential tests are therefore withheld pending recovery of raw prediction vectors.

The Grad-CAM pipeline is better supported: the implementation, target DenseNet121 block, and representative
original/heatmap/ovetlay triplet are present in the project evidence. Nevertheless, no quantitative anatomical localization claim
is made, because the active preprocessing path does not include atlas registration and no expert-annotated region-level ground
truth is available.

4.4 Discussion

The internal comparison shows that a targeted DenseNet121 optimization results in a substantial improvement over the baseline
and lightweight models considered on the four-class development benchmark. The external experiment, however, changes the
scientific interpretation. The optimized model decreases from 79.26% internal accuracy to 37.84% external accuracy, and from

0.8282 to 0.2705 macro F1, indicating that the internal benchmark alone does not establish transferable performance.

The leakage audit is no less important. The balanced development pool, the fixed holdout, and patient/group-aware logic
(where identifiers exist) are documented, but the exact lineage of augmented derivatives cannot be fully recovered. This prevents
a strong claim of leak-free evaluation. Future experiments should create the split at the subject/ otiginal-image level first, persist
a manifest, and then apply augmentation only within the training split, verified by hash- and parent-ID-based duplicate checks
before training.

The FCDS redesign constitutes a mathematical, not an empirical, problem. In the legacy implementation, confidence enters the
deviation score positively. The revised formulation uses the full class-probability distribution to calculate expected MRI severity
and reports confidence separately as CRS. This avoids treating “certainty” as “severity.” However, the fusion coefficient 1
remains uncalibrated because the project lacks a matched prospective MRI—questionnaire cohort with an independent cognitive
endpoint. Accordingly, this paper does not claim that revised fusion improves diagnostic accuracy. A future study should

estimate A on training/validation data only and evaluate it against a held-out outcome.

The evidence audit also prevents overinterpretation of explainability and statistics. Grad-CAM can reveal where a model
attended, but it does not prove disease-specific anatomy [11], [28]. Similatly, a reported AUC is not sufficient to reconstruct an
ROC curve, and aggregate accuracy is not sufficient to reconstruct a confusion matrix. Raw predictions are also necessary for
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paired hypothesis testing, calibration, and bootstrap uncertainty. Recent methodological reviews increasingly treat such
traceability as part of trustworthy medical AI rather than an optional reporting detail [16], [18], [19].

4.5 Limitations and Future Work

This study has five principal limitations. First, Dataset A is an augmented image cohort whose exact upstream release/license
and augmentation-family split lineage were not fully recovered. Second, the four-class OASIS image mapping is a derived
project representation; future work should preserve subject-level source manifests linking every derived image to the public
OASIS record. Third, raw holdout prediction vectors required for final confusion matrices, ROC/PR cutves, calibration
measures, and formal paired statistical tests were not available in the recovered evidence package. Fourth, QRS and FCDS are
research-prototype components and have not been prospectively calibrated against a matched clinical outcome. Fifth, Grad-
CAM outputs are qualitative local attributions and lack atlas-registered or expert-annotated anatomical ground truth.

The next expetimental release should therefore enforce subject-first splitting, store immutable prediction/probability exports,
report repeated-seed or cross-validation variability, calculate bootstrap 95% confidence intervals, apply paired McNemar testing
to class decisions and appropriate AUC compatison, and report Brier score/ECE with reliability diagrams. Cross-site robustness
should be investigated using harmonization, domain adaptation, or domain-generalization methods rather than assuming that

further internal tuning will solve the OASIS performance gap [9], [13], [15].

5. CONCLUSION

This paper presented an evidence-auditable evaluation of HE-CDT, a multisource explainable Al framework for cognitive-
deviation research in aging brains. Optimized DenseNet121 achieved strong internal four-class performance (79.26% accuracy,
0.8282 macro F1, 0.9350 AUC), while the soft-voting ensemble achieved the highest internal AUC (0.9477). Independent
OASIS evaluation exposed a major generalization limitation, with optimized DenseNet121 falling to 37.84% accuracy, 0.2705
macro F1, and 0.5441 AUC. Rather than masking this result, the study treats it as central evidence of domain sensitivity.

The study also strengthens methodological integrity by auditing split leakage, refusing to reconstruct unreconciled confusion-
matrix/ROC attifacts, separating classifier confidence from deviation sevetity, and defining the raw evidence requited for future
inferential and calibration analysis. HE-CDT should therefore be interpreted as a research decision-support prototype whose
strongest current contribution is not universal diagnostic performance, but a transparent framework for comparative modeling,

multisource scoring, explainability, and explicit cross-dataset stress testing.
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