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EarthNet2021 Dataset Broden Dataset 95% Cl
(RMSE)
MAE R-squared MAE R-squared

w./o. Intrinsic 1.011 +0.02 0.779 £ 0.02 0.733 £ 0.03 1429 £ 0.02 1.102 £ 0.02 0.844 %+ 0.02 0712 £0.02 14.83 £ 0.03 [0.972,1.050] 0.019
explanation
generation
w./o. Structured 0.988 £ 0.03 0.764 £ 0.02 0741 0.02 1412 £0.03 1.091 £0.02 0.837 £ 0.02 0.718 £0.02 14754002 [0.930,1.046] 0.028
decision reasoning
w./o. Adaptive 0.995 £ 0.02 0772 £0.02 0.738 £ 0.03 1420 £0.02 1.097 £0.03 0.841 % 0.02 0.715 £0.03 1479 £ 0.02 [0.956,1.034] 0.037
explanation weighting
Ours (full 0.972 % 0.02 0.768 £ 0.02 0.750 % 0.03 13.98 £ 0.02 1.085 £ 0.02 0.832 % 0.02 0.720 £ 0.03 14.72£0.02 [0.933,1.011] 1.000
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UTS Dataset StockEmotions dataset 95% Cl
(RMSE)
MAE R-squared MAE R-squared

w./o. intrinsic 0.821 £ 0.02 0.657 £0.02 0.785 £ 0.03 1192 £0.02 0.901 + 0.02 0.682 % 0.02 0.762 £0.02 12.73 £ 0.03 [0.782,0.860] 0.021
explanation
generation
w./o. structured 0.798 £ 0.03 0.648 £ 0.02 0791 0.02 1163 £0.03 0.888 £ 0.02 0.690 % 0.02 0.769 £ 0.02 12614002 [0.740,0.856] 0.034
decision reasoning
w./o. adaptive 0.807 £ 0.02 0.643 £ 0.02 0.799 £ 0.03 1175 £ 0.02 0.895 £ 0.03 0.679 % 0.02 0.765 £ 0.03 12.68 & 0.02 [0.768, 0.846] 0.041
explanation weighting
Ours (full 0.789 & 0.02 0.639 & 0.01 0.805 % 0.03 11.45 £ 0.02 0.876 % 0.02 0.678 % 0.01 0.778 £ 0.03 12.56 £ 0.02 [0.750, 0.828] 1.000
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EarthNet2021 Dataset

MAE

R-Squared

MAPE
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MAE

R-Squared

95% CI
(RMSE)

p-value
(RMSE)

LSTM (44) 1.023 £ 0.02 0.812 % 0.02 0.715 £ 0.03 14.52 £ 0.02 1.134 £ 0.03 0.874 £ 0.02 0.689 % 0.02 15.24 £ 0.03 [0.984, 1.062] 0.007
GRU (45) 1.048 £0.03 0.829 % 0.02 0.702 £ 0.02 14.76 £ 0.03 1.118 £ 0.02 0.862 % 0.02 0.695 £ 0.02 15.10 £ 0.02 [0.990, 1.106] 0.004
Transformer (46) 0.998 £ 0.02 0.794 % 0.02 0732 £0.03 14.31£0.02 1.101 £ 0.03 0.848 £ 0.02 0.708 £ 0.03 14.89 £ 0.02 [0.959, 1.037] 0.013
TFT (47) 1.015 £ 0.02 0.806 % 0.02 0721 £0.02 14.45 £0.03 1.127 £ 0.02 0.869 % 0.02 0.692 £ 0.02 15.18 £ 0.02 [0.976, 1.054] 0.010
N-BEATS (48) 1.032 £ 0.02 0.818 % 0.02 0.713 £ 0.02 14.60 = 0.02 1.109 £ 0.03 0.854 % 0.02 0.701 £ 0.02 14.98 £ 0.03 [0.993,1.071] 0.005
TCN (49) 1.021 £0.03 0.810 % 0.02 0719 £0.03 14.50 £ 0.02 1.136 £ 0.02 0.878 £ 0.02 0.688 £ 0.02 15.30 £ 0.03 [0.963, 1.079] 0.008
Ours 0.972 %+ 0.02 0.768 & 0.02 0.750 £ 0.03 13.98 £ 0.02 1.085 + 0.02 0.8320.02 0.720 £ 0.03 14.72 £ 0.02 [0.933,1.011] 1.000
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UTS dataset StockEmotions dataset 95% CI p-value

(RMSE) (RMSE)
MAE R-squared MAE R-squared
eLSTM 0.865 £ 0.02 0.678 £ 0.01 0752 £ 0.03 12344002 0912 £ 0.02 0.701 £ 0.02 0.743 £ 0.02 13.2540.03 [0.826,0.904] 0011
GRU 0.853 £ 0.03 0.689 % 0.02 0.761 £ 0.02 1212 £0.03 0924 £ 0.02 0.715 £ 0.02 0.735 £ 0.02 13.12£0.02 [0.795,0911] 0018
Transformer 0812 £ 0.02 0.654 £ 0.02 0778 £ 0.03 11.87 £ 0.02 0.899 £ 0.03 0.695 £ 0.01 0752 £ 0.03 12.78 £ 0.02 [0.773,0.851] 0.065
TET 0.829  0.02 0.671 £ 0.02 0.765 £ 0.02 12.05 +0.03 0911 £ 0.02 0.708 £ 0.02 0741 £ 0.02 13.06 % 0.02 [0.791,0.867) 0.033
N-BEATS 0.841 £ 0.02 0.665 £ 0.01 0770 £ 0.02 11.95 % 0.02 0.903 £ 0.03 0.702 £ 0.02 0.745 £ 0.02 12.91 40,03 [0.803,0.879] 0019
TCN 0.835 £ 0.03 0.670 £ 0.02 0.768 £ 0.03 12.10 £ 0.02 0917 £ 0.02 0.710 £ 0.02 0.737 £ 0.02 13.18 0,03 [0.777,0.893] 0.026
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Model Learning rate  Batch size Hidden dim um layers pochs Optimizer
LSTM 0.001 64 128 2 02 100 Adam

GRU 0.001 64 128 2 02 100 Adam
Transformer 0.0005 64 256 1 0.1 100 Adam

TET 0.0003 32 160 1 0.1 100 Adam
N-BEATS 0.001 3 128 1 02 150 Adam

TCN 0.001 64 128 5 02 100 Adam

Ours (Full) 0.0008 32 256 3 0.1 150 AdamW
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Category etails

Hardware setup

CPU Intel Xeon Gold 6226R @ 2.90GHz

GPU NVIDIA A100 40GB (x2)

RAM 256 GB DDR4 ECC

Operating System Ubuntu 20.04 LTS

Software and libraries

Python 39.13

PyTorch 1.13.0

CUDA 117

NumPy 1.235

Pandas 153

Scikit-learn 121

Matplotlib 37.0

Seaborn 0.122

SHAP 0.41.0

Transformers (HF) 4.26.1

PyTorch Lightning 194

Proposed model architecture (Ours)

Input encoding 1D Temporal Convolution + LayerNorm

Feature encoder 3-layer Feedforward MLP with ReLU, hidden
dim =256

Structured reasoning module | Attention over rule-based expert templates
(K=16 rules)

Adaptive weighting Domain-specific gating + sigmoid scaling
(per instance)

Explanation decoder Sparse output projection + Softmax over
top-k features

Prediction head Linear regressor + dropout (p = 0.1)
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Unemployment rate

Strong negative influence on mental health index across all
datasets

May serve as early warning signal for community mental health
interventions during economic downturns

Inflation ilndex

Moderately negative contribution, especially during
high-volatility periods

Suggests monitoring inflation as part of national psychological
well-being dashboards

Consumer sentiment

Positive predictor of mental resilience in economic recovery
periods

Could guide communication strategies and social policy to buffer
psychological impact

Stock market volatility

High importance during crisis windows; mixed
directionality

Useful proxy for economic stress; may assist in targeting short-term
mental health support

Social media sentiment

Leading signal for psychological shifts, particularly among
youth

Encourages real-time sentiment tracking to inform mental health
outreach
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AlzheimerViT (Proposed System) 98.47
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Voting Classifier (29) 8
Logistic Regression (15) 7
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AlzheimerViT

L. Input: OASIS-3 Dataset

2. Initial Convolution(3x3):
Perform 3 x 3 stride convolution, extract features

X' = Convolution(X.Weonvolution-bConvolution)

3. Alzheimer ViT Block (Down Sampling and Feature Expansion)

a. Expansion (1 x 1 convolution)
Xexpanded = Convolution (X' Wexpand bExpand )

b. Depth-wise Convolution (3 x 3):
Xdepthwise = Depthwise(Xexpanded - Welepthwise baepthwise

<. Projection(1 x 1 convolution):
XProjected = Convolution(Xdepthwise: WProject: bProject )
4. Information Encoding (Local): Apply standard convolution and capture spatial
information (Local)
XLocal = Convolution (X projected Weocal bLocal )
. Pointwise Convolution (Channel Projection)
Perform pointwise convolution and increase number of channels, also project the
tensor to higher dimensional space
Xj = Convolution (X X1x 1b1x1)
6. Global Information Encoding (Transfornmer):
Unfold the higher dimension tensor from previous stage for global processing
using transformer layers.
Xy =Unfold (X)
7. Folding -Concatenation:
Succeeding to Transformer processing is folding operation of global information
back to spatial dimensi
XF = Fold(XG)
XConcatenate = Concatenate(XL XF )

5.

8. Final Pointwise Convolution:
Perform Final Pointwise Convolution, fuse the concatenated Features and decrease
channel dimensionality.

XFinal = Convolution (XConcatenate Wrinal bFinal

9. Output Layer:

Add a Fully connected layer with an Activation (SoftMax) function Classes of

Outputs, Alzheimer’ or Non-Alzheim

10. Model Compilation
Specify Loss Funct

an optimizer (possibly Adam, SGD) choose accuracy for

the metric.

11. Model Training
a. Feed into network the training samples in batch fashion. Backpropagate errors
to update weights.

b. Train and evaluate model on the validation data. If performance is not good

enough, change the approp:

e hyperparameters.
12. Model Evaluation:

AlzheimerViT Modelis trained and tested on OASIS-3 Dataset and performance
is evaluated using Standard metrics like Accuracy; Specificity, Kappa Score.

13. Model Usage:

Deploy the model for classification of unscen MRI brain scans into Alzhimer’s

Disease categories with the predictions for clinical usage.
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Model name Accuracy

- AlzheimerViT (Proposed Model) 98.57%
@] Random Forest 95.53%
an Support Vector Mad 95%
(33) XG-Boost Model 9230%
32 Gradient Boosted Machines (GBM) 91.50%
10y Light Gradient Boost. 91.20%
[E0) LSTM with Attention Mechanism 88.60%
(349) Relevance Vector Machine (RVM) 88%
(6) Decision Tree with Ensemble Learning 87.20%
29) Extra Tree Classifier 85%
(%) DRL-XGBOOST 8434%
0) EP-Cl algorithm 829
©8) Naive Bayes 81%
©) Logistic regression model 89.00%

2) Naive Bayes 71.44%
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Ref No. Model Error rate (%)

- AlzheimerViT (Proposed Model) 143%
@) Random Forest 447%
an Support Vector Machine 5%
(33) XG-Boost Model 7.7%
32 Gradient Boosted Machines (GBM) 85%
10y Light Gradient Boost. 8.8%
[E0) LSTM with Attention Mechanism 114%
(31) Relevance Vector Machine (RVM) 12%
(6) Decision Tree with Ensemble Learning 128%
29) Extra Tree Classifier 15%
(%) DRL-XGBOOST 15.66%
0) EP-Clalgorithm 18%
©8) Naive Bayes 19%
© Logistic regression model 1%

2 Naive Bayes 2856%
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Random Forest

Logistic regression model

Support Vector Machine

Naive Bayes

DRL-XGBOOST
(Deep Reinforcement Learning)

Decis

on Tree with Ensemble Learning

Naive Bayes classifier combined with feature
selection techniques.

A 37-item questionnaire was filled out by 5,272
individuals.

Extra Tree Classifier

Edge-Preservation Coherence Improvement
(EP-CI) algorithm for image enhancement.
“The Efficient Fuzzy C Means Adaptive
‘Thresholding (EFCMAT) algorithm
-2D-Adaptive Consensual Filter (2D-ACF)

LSTM with Attention Mechanism- Explainable
Machine Learning Workflow (using SHAP for
interpretability)

Gradient Boosted Machines (GBM) and
ResNet-50

XGBoost Model

Support Vector Machine (SVM), Relevance
Vector Machine (RVM)

SVM

Dataset
OASIS-2

Alzheimer’s Disease Neuroimaging Initiative (ADNI) dataset
BioFINDER
1 dataset

373 individual imaging sessions from patients.
~Minimum of two visits with one-year gaps.

OASIS dataset used for dementia prediction.
Open access series of imaging studies dataset.

Gangbuk-Gu Dementia Screening and CERAD-K Test
Dataset (2008-2013, Korea)

Series of Imaging Studies (OASIS) dataset.

OASIS-3 Dataset

Show Chwan Health System Register-Based Dataset (IRB
1041208)

‘Younger Onset Dementia Dataset (Healthdirect Australia)
Dementia Classification Dataset (Kaggle)

BraT$ 2018: Brain Tumor MRI Segmentation Dataset

NACC and ADNI datasets

Alzheimer's Discase Neuroimaging Initiative (ADNI) dataset

MRI Images dataset (specific dataset not mentioned)

Structural MRI data from ADNI

ADNI dataset

Performance

Accuracy: 95.53%

Positive predictive value: 85.8%;
Negative predictive value: 92.2%.

‘The model acl

d 91.2% accuracy.

Accuracy: 95%

Accuracy:71.44%

Accuracy: 84.34%
Precision: 83.45%
Recall: 82.12%
F-score: 80.23%

Accuracy: 87.2%, Precision: §6.1%, Recall
81.9%

Accuracy: 0.81%
Precision: 0.82%
Recall: 081%,

F-measure: 0.81%

Accuracy: 85%.

Accuracy:82%

Accuracy: 88.6%, Precision: 89.4%, Recall
87.2%

Accuracy: 91.5%, AUC: 0.94%

Accuracy: 92.3%, Sens 90.1%,

Specificity: 93.8%
Accuracy: 80-85% (SVM), 82-88% (RVM)

Accuracy: 75%

Demerits

Less interpretable;sensitve to feature selection methods.

Limited diversity of samples will indeed greatly influence generalizability to a
broader population.

‘The adequacy of the new unseen data decreases due to the possibility of
overfitting.

373 sessions may not be encompassing the entire dementia population.
It lacks clinical validation, rendering it less relevant in practice than

in healtheare.

“The level of complexity aises questions regarding overfiting and insuficient
information on how it has been addressed.

Factors affecting model performance

Limited generalizabilty due o the smalldataset size.

Small sample size in the OASIS dataset may limit generalizability.

Model sensitivity to imbalanced datasets

Limited to questionnaire data,
no clinical validation, and
possible bias from the self-reported nature of the dataset.

Dataset Size and Diversity
Computational Complexity
Feature Dependence

Focus Only on ROI Segmentation
No Validation on Real-World Datasets
Lack of Comparative Analysis

High computational cost,requires large-scale validation

Requires extensive computational resources; potential overfitting in ResNet-
50;limited interpretability of GBM

Limited dataset diversity; potentialfor overfiting; lacks inerpretability in
clinical settings

Limited sample size; potential overfitting; generalizability concerns

Low model performance
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Xdepthwise = Depthwisel ( Xexpanded>Wdepthwise:Pdepthwise ) (1)
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Accuracy =
True Positives + True Negatives

(18)
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