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Abstract Mild cognitive impairment (MCI) repre-
sents a heterogeneous clinical state where some indi-
viduals remain stable while others progress to demen-
tia. Identification of patients who are at high risk for
near-term conversion remains a critical challenge for
timely intervention. We developed an explainable
multimodal machine-learning framework to predict
progression from MCI to dementia within a clini-
cally meaningful two-year period. We analyzed 2008
samples from 828 unique MCI subjects from the Alz-
heimer’s Disease Neuroimaging Initiative (ADNI),
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including cognitive/functional assessments, demo-
graphic/genetic variables, and structural MRI fea-
tures. Subjects were classified as stable MCI (sMCI,
n=1306) or progressive MCI (pMCI, n=702) based
on two-year outcomes. Machine learning algo-
rithms were evaluated on unimodal and multimodal
using nested cross-validation, and explainability
was assessed using SHapley Additive exPlana-
tions (SHAP) and permutation feature importance.
The combination of cognitive assessments, demo-
graphics/risk factors and structural MRI features
outperformed individual modalities, highlighting
the complementary relationship between cognitive-
functional decline and neuroanatomical degeneration.
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The best-performing model, a calibrated XGBoost,
achieved a balanced accuracy of 81.28% +2.56%
during cross-validation and 81.99% (bootstrap mean
81.97%, 95% CI: [78.22%—-85.51%]) on an independ-
ent held-out test set. Explainable Al analyses identi-
fied functional impairment measures (Functional
Activities Questionnaire, Clinical Dementia Rat-
ing — Sum of Boxes), cognitive performance scores
(Alzheimer’s Disease Assessment Scale — Cogni-
tive Subscale 11-item version, Alzheimer’s Disease
Assessment Scale — Cognitive Subscale 13-item ver-
sion, Mental State Examination), APOE €4 status,
and structural abnormalities within the hippocam-
pus, lateral ventricle, parietal and temporal regions,
and amygdala, as the most influential predictors of
conversion. Short-term progression from MCI to
dementia can be predicted with high accuracy using
multimodal information obtained from a single clini-
cal visit. The convergence of cognitive impairment
and region-specific neurodegeneration emerged as the
strongest indicator of conversion risk.

Keywords Mild cognitive impairment -
Alzheimer’s disease - Brain aging -
Neurodegeneration - Structural MRI - Machine
learning - Explainable Al - Dementia conversion

Introduction

Alzheimer’s disease and related dementias (ADRD)
collectively refer to neurodegenerative disor-
ders affecting older adults that manifest progres-
sively over a period of 3 to 20 years. ADRD affects
approximately 1 in 9 adults over the age of 65,
impacting over 7 million people in the United States
alone [1]. Early pathological alterations include the
accumulation of amyloid-beta plaques and neurofi-
brillary tangles composed of hyperphosphorylated
tau protein, alongside synaptic dysfunction and
localized neuroinflammation [2—-4]. These patho-
logical changes progress to neurodegeneration and
severe cognitive impairments in later stages. Under-
standing why some individuals remain cognitively
resilient despite underlying neuropathology whereas
others experience accelerated decline is a central
question in the biology of aging and neurodegen-
eration. Consequently, identifying factors associ-
ated with progression from prodromal cognitive
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impairment to dementia has become increasingly
important for precision medicine, therapeutic inter-
vention, and research on healthy brain aging.

The intermediate clinical stage between normal
cognitive aging and dementia is often referred to as
mild cognitive impairment (MCI). It is character-
ized by measurable cognitive decline—particularly
in memory—that exceeds what is expected from
normal aging but does not yet meet the diagnostic
criteria for dementia [5]. Numerous longitudinal
studies have shown that individuals diagnosed with
MCI have a significantly elevated risk for devel-
oping dementia. A systematic review of 41 cohort
studies, conducted in a specialist clinical settings,
reported progression of approximately 40% of MCI
patients to dementia or related conditions [6]. Fur-
thermore, the annual conversion rate from MCI to
dementia is estimated to be approximately 10% [7,
8]. Other long-term studies indicate that 80-90% of
patients diagnosed with MCI progress to dementia
within six years [7, 9].

Given the substantially higher risk of progression
among individuals with MCI, accurately predict-
ing whether individuals with MCI will progress to
dementia has become an increasingly active area of
investigation. However, MCI is highly heterogene-
ous with highly variable clinical trajectories, i.e.,
patients may progress to dementia, remain stable, or
even revert to normal cognition [5, 10-12]. This het-
erogeneity likely reflects differences in underlying
biological resilience, rates of neurodegeneration, and
compensatory mechanisms that influence disease pro-
gression. As a result, reliable prediction of conversion
risk remains one of the most challenging problems
in dementia research. Therefore, advanced machine
learning (ML) and deep learning (DL) techniques
with high dimensional multi-modal feature spaces
have become increasingly important to capture com-
plex and nonlinear patterns [13, 14].

Existing ML and DL approaches to MCI progres-
sion prediction can be broadly categorized into two
groups: (1) longitudinal modeling methods and (2)
baseline-driven methods. Longitudinal approaches
rely on data collected across multiple clinical vis-
its to predict disease progression over time horizons
typically ranging from one to five years. Recur-
rent neural networks (RNNs), particularly Long
Short-Term Memory (LSTM) and Gated Recurrent
Units (GRU) networks [15-18], and more recently,
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transformer-based architectures [19-21], have been
used to model temporal dependencies in patient
trajectories.

In contrast, baseline-driven approaches aim to pre-
dict disease progression using baseline data from a
single time point. Traditional ML methods (logistic
regression, random forest, support vector machine,
XGBoost) remain widely used in this context
[22-26]. Simultaneously, other studies have explored
neuroimaging-based deep learning techniques. For
example, Abrol et al. proposed a deep residual learn-
ing framework utilizing gray matter features while
Xiao et al. employed sparse logistic regression with
elastic net regularization on region-of-interest (ROI)
features extracted from MRI data [27, 28]. More
recently, transformer-based and attention-driven mod-
els have been investigated. These include a class-acti-
vation attention approach by Luo et al., a vision trans-
former approach by Hoang et al., and a multi-scale
attention convolution framework combined with an
aging transformer by Gao et al. [29-31].

Despite these advances, an important methodo-
logical and clinical gap remains. Longitudinal models
require multi-visit historical data and therefore are not
directly applicable when only a single clinical visit is
available. Conversely, baseline-driven approaches can
provide predictions from a single assessment but typi-
cally define progression outcomes based on variable
interindividual follow-up durations. While useful for
long-term prognosis, this introduces inconsistencies
in outcome definitions, reduces data comparability,
biases model development, and limits generalizability
across cohorts.

To address these gaps, we define progression using
a fixed two-year prediction window and perform pre-
diction using information available at a single clinical
visit. A two-year horizon enables the identification of
individuals at elevated risk sufficiently early to facili-
tate patient counseling, care planning, timely thera-
peutic intervention, and recruitment into disease-
modifying clinical trials [10, 32]. Given the annual
conversion rate of approximately 10%, a two-year
window captures a substantial proportion of individu-
als that are likely to progress.

The proposed framework integrates structural
MRI-derived features, cognitive and functional
assessments, demographic variables, and genetic risk
factors to classify individuals into two categories,
stable MCI (sMCI) and progressive MCI (pMCI).

We employ multiple ML strategies, including logis-
tic regression (LR), random forest (RF), support vec-
tor classifier (SVC), and extreme gradient boosting
(XGBoost; XGB) across different sampling strate-
gies and modality configurations. Beyond predictive
performance, we incorporate explainable artificial
intelligence (XAI) techniques to evaluate the driv-
ers of disease progression and identify key predictive
biomarkers.

The key contributions of this work can be summa-
rized as follows: (1) a clinically grounded multimodal
predictive framework for MCI progression within
a fixed two-year window; (2) a dynamic single-visit
prediction strategy that allows risk estimation from
any clinical visit, thereby improving real-world appli-
cability; (3) a nested cross-validation training strat-
egy with explainable Al methods to identify the most
suitable model and predictive features associated with
MCI conversion.

Method
Dataset

A multimodal dataset was curated using neuropsycho-
logical assessments, demographic and genetic infor-
mation, and structural MRI-derived features from the
Alzheimer’s Disease Neuroimaging Initiative (ADNI)
database [https://adni.loni.usc.edu/]. Each sample in
the ADNI database corresponds to a visit-level obser-
vation, and therefore, subjects were allowed to con-
tribute to multiple samples provided that the visits
were at least six months apart.

The neuropsychological modality (COG) con-
sisted of six cognitive and functional assessments:
Mini-Mental State Examination (MMSE), Clini-
cal Dementia Rating — Global Score (CDR Global),
Clinical Dementia Rating — Sum of Boxes (CDR-SB),
Alzheimer’s Disease Assessment Scale — Cognitive
Subscale 11-item version (ADASI11), Alzheimer’s
Disease Assessment Scale — Cognitive Subscale
13-item version (ADAS13), and Functional Activities
Questionnaire (FAQ). The demographic and genetic
modality (DEM) included five features: gender, age,
handedness, years of education (PTEDUCAT), and
APOE €4 (APOE4).

The MRI modality (MRI) consisted of 323 struc-
tural features pre-extracted and provided directly by
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Dynamic Dataset
702 pMCI

| 1,306 sMCI |

n = 2,008 samples (828 subjects)

Group-aware 80/20 stratified split

Held-out Test Set
n = 401 samples (164 subjects)
261 sMCI | 140 pMCI

Training Set
1,607 samples (664 subjects)
| 562 pMCI

n =
1,045 sMCIT

84 Candidate Model Configurations

4 machine learning algorithms x 7 modality-specific fea-
ture sets x 3 sampling strategies = 84 configurations

Outer CV: Repeated Stratified Group 5-Fold CV x 5 = 25 Splits

Inner CV: Stratified Group 5-Fold CV

Model Development Pipeline
Pre-processing: variance filtering, correlation
filtering, standardization*, categorical encoding
Sampling: none / SMOTENC / SMOTENC-Tomek
Feature Selection: ANOVA / mutual information

Classification: LR / SVC / RF / XGB

!

Randomized Hyperparameter Search
250 sampled hyperparameter configurations

}

Optimal Hyperparameters
Select the best hyperparameter configu-
ration using maximum balanced accuracy

¢

Post-Optimization & Outer-Fold Evaluation
1. Refit the selected pipeline on the outer training partition
2. Generate out-of-fold predictions for Platt calibration
3. Optimize the decision threshold using Youden’s index

4. Bvaluate on the corresponding held-out outer test fold
T

'
A
Explainable AI Analysis*
Permutation importance | Kernel SHAP
Feature-selection and preprocessing stability

* Optional/configuration-dependent step

}

Select Best Model Configuration

Rank all 84 candidate configurations by mean balanced accuracy

!

Final Hyperparameter Optimization
25 folds. Ran-

Repeated stratified group 5-fold CV x 5 =
domized search over 1,000 hyperparameter configurations

!

Final Calibration & Threshold Optimization

}

Final Trained Model
Refit the selected pipeline using the final hyperparameters. Apply the final calibration
= 1,607)

and optimized decision threshold. Train using the complete training set (n
——

Final Deployment Evaluation
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«Fig. 1 Overview of the proposed experimental pipeline for
mild cognitive impairment (MCI) progression prediction.
The workflow details subject-level stratified data splitting
(80/20), nested cross-validation setup (inner and outer) across
84 candidate model configurations, hyperparameter search,
post-optimization calibration, decision-threshold tuning, and
explainable Al (XAI) analysis. The final model is trained on
the full training set (n=1607) and evaluated on the held-out
test set (n=401). Asterisks (*) indicate optional/configuration-
dependent pipeline steps

ADNI (Table S1). These features were grouped into
five morphometric categories: subcortical volume
(SV; 48 features), cortical volume (CV; 69 features),
cortical surface area (SA; 70 features), cortical thick-
ness average (CT; 68 features), and cortical thickness
standard deviation (CTS; 68 features). In total, the
constructed dataset consisted of 334 features across
the three modalities (COG, DEM and MRI), compris-
ing 332 quantitative features and 2 categorical fea-
tures (gender and handedness; both encoded in binary
form).

Samples with an MCI diagnosis at the observation
visit were selected and labeled according to diag-
nostic progression within a strict two-year follow-up
window. As such, samples that progressed to demen-
tia (AD) within the two-year period were labeled pro-
gressive MCI (pMCI). Samples that remained MCI
throughout the 2-year period were labeled stable MCI
(sMCI), regardless of whether they subsequently
converted to AD at later time points (>24 months).
To ensure label fidelity, fluctuating or uncertain
diagnostic trajectories—including reversion from
MCI to cognitively normal status—were excluded.
For subjects with multiple visits spaced more than
6 months apart, each visit was evaluated indepen-
dently. Additionally, all modalities and their features
were required to be available at the observation visit;
samples with any missing features were excluded.

The final dataset (referred to as the dynamic data-
set) consisted of 2008 samples from 828 unique sub-
jects; 1306 sMCI samples (577 subjects) and 702
pMCI samples (347 subjects) (Table S2, S3). This
resulted in a moderately imbalanced class distribu-
tion. Notably, 96 subjects were represented in both
classes, as they had at least one visit labeled sMCI
and another visit that was subsequently labeled pMCI.

For comparison with conventional baseline-driven
approaches, a baseline-only subset (referred to as
the baseline dataset) was generated by selecting the

initial (baseline) visit for each subject. This com-
prised 690 samples, including 473 sMCI and 217
pMCI cases (Table S4, S5).

Data partitioning strategy

The dynamic dataset was partitioned into training
and testing sets using an 80/20 split with group-aware
stratified sampling. Stratification was performed
based on the target labels (sMCI and pMCI) to pre-
serve the class distribution. Grouping based on sub-
ject identifiers ensured that samples from the same
subject were not distributed across splits, thereby pre-
venting data leakage. This partition resulted in 1607
samples from 664 subjects in the training set (1045
sMCI and 562 pMCI) and 401 samples from 164 sub-
jects in the testing set (261 sMCI and 140 pMCI).
The training set was used exclusively for model
development, whereas the testing set was held out for
an unbiased estimate of predictive performance of the
final model.

Conversely, the baseline dataset was not parti-
tioned into separate training and testing subsets.
Given the relatively smaller sample size and its role
as a comparative benchmark, the entire baseline data-
set was utilized within a group-aware nested cross-
validation framework.

Experimental pipeline

The experimental pipeline (Fig. 1) was designed to
enable systematic and reproducible evaluation of
multiple modal configurations (feature sets, sampling
strategy, ML model). The pipeline was implemented
using the scikit-learn library to ensure consistency
throughout the model development.

Given input features X € R™323 preprocessing
was first applied to reduce redundancy and normal-
ize feature scales. For quantitative features, a variance
threshold (set as a tunable parameter) was applied to
remove low-variance features. In addition, correla-
tion-based filtering was performed using a pairwise
Pearson correlation matrix, with one feature from
each highly correlated pair removed when the cor-
relation coefficient exceeded a predefined threshold.
Feature standardization (zero mean and unit variance)
was optionally applied to non-tree-based models and
was consistently performed within training folds [33,
34].
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To address class imbalance (approximately a 2:1
ratio of sMCI to pMCI), data resampling was incor-
porated as an optional step within the pipeline. The
configurations included either no resampling (None),
Synthetic Minority Over-sampling Technique for
Nominal and Continuous features (SMOTENC), or
SMOTENC followed by Tomek Links (SMOTENC-
Tomek). SMOTENC accounts for both numerical and
categorical features to generate synthetic samples for
the minority class [35]. Therefore, it is better suited to
heterogeneous clinical datasets because it preserves
the integrity of categorical variables during synthetic
sample generation. Tomek Links were subsequently
applied to remove borderline or ambiguous samples
near class boundaries [36].

Following resampling, feature selection was per-
formed for dimensionality reduction. Specifically,
F-statistics from analysis of variance (ANOVA)
and Mutual Information (MI) were used to rank fea-
tures based on their relevance to the target variable.
The number of selected features K and the selection
method were treated as tunable parameters within the
configuration space (Table S6).

Finally, a diverse set of ML algorithms (LR, RF,
SVC and XGB) were considered to capture both lin-
ear and nonlinear relationships in the data.

Nested cross validation for model selection

We evaluated four ML algorithms, seven feature sets
(individual modalities, pairwise combinations, and
all modalities), and three sampling strategies (None,
SMOTENC, and SMOTENC-Tomek), resulting in
84 unique model configurations (Fig. 1). To prevent
potential data leakage among repeated visits from the
same subject, all cross-validation partitioning strictly
adhered to the group-aware stratified sampling strat-
egy introduced in the “Data partitioning strategy”
section. For each configuration, the outer loop used
fivefold cross-validation repeated five times, result-
ing in 25 outer train-test splits within the training set.
Hyperparameter optimization was conducted exclu-
sively within each outer training partition, whereas
the held-out outer test folds were reserved for unbi-
ased performance evaluation.

Within each outer training fold, hyperparameter
optimization was performed using fivefold cross-
validation combined with randomized search. The
search space included preprocessing parameters,
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feature-selection parameters, and model-specific
hyperparameters (Table S6). Hyperparameters were
sampled from predefined distributions, including uni-
form and log-uniform ranges where appropriate. Ran-
domized search was adopted to evaluate 250 config-
urations for each outer fold due to its computational
efficiency for exploring high-dimensional parameter
spaces.

The unified experimental pipeline described in
the “Experimental pipeline” section was applied
consistently within the inner cross-validation pro-
cess. Hyperparameter selection was based on bal-
anced accuracy. Balanced accuracy account for class
imbalance irrespective of class prevalence by assign-
ing equal weight to sensitivity and specificity. From
a clinical perspective, balanced accuracy prevents
model selection from being dominated by the major-
ity of sMCI class; thereby helping to ensure reliable
identification of individuals who are likely to pro-
gress to dementia while maintaining predictive per-
formance for stable cases.

After the optimal hyperparameters were identi-
fied, the selected pipeline was refitted within the outer
training partition. Probability calibration is particu-
larly critical in medical applications, where well-cali-
brated outputs are essential for reliable risk stratifica-
tion and informed clinical decision-making [37, 38].
Therefore, post hoc calibration was performed using
Platt scaling (sigmoid calibration). Calibration was
conducted outside the inner hyperparameter optimi-
zation loop to reduce computational overhead while
maintaining strict separation between training and
evaluation data.

The decision threshold was selected using cali-
brated out-of-fold calibrated predictions gener-
ated exclusively within the outer training partition.
The optimal decision threshold was determined by
maximizing Youden’s index (J=Sensitivity 4+ Speci-
ficity—1). Maximizing J identifies the decision
threshold that jointly optimizes both sensitivity and
specificity and provides the best trade-off between
correctly identifying SMCI and pMCI [39, 40]. Fol-
lowing threshold optimization, the calibrated model
was refitted on the complete outer training fold and
evaluated on the held-out outer test fold using the
optimized threshold.

For each outer split, multiple evaluation metrics
were computed; balanced accuracy, macro-averaged
F1-score, sensitivity, specificity, precision—recall area
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under the curve (PR-AUC), receiver operating charac-
teristic area under the curve (ROC-AUC), and Brier
score. Threshold-dependent metrics were computed
using the optimized decision threshold, whereas PR-
AUC and ROC-AUC were computed using calibrated
probability estimates.

Model configurations were primarily ranked by
mean balanced accuracy, with fold-level variability
considered as a secondary criterion. Finally, the best-
performing configuration for each ML algorithm was
separately evaluated on the baseline dataset. This ena-
bled a controlled comparison between the proposed
dynamic single-visit framework and conventional
baseline-only approaches.

Explainable AI (XAI)

To improve interpretability, explainable artificial
intelligence (XAI) analyses were performed on the
selected model configuration within the same nested
cross-validation framework used for model evalua-
tion. Feature importance estimates were computed
directly on the final calibrated model using the opti-
mized decision threshold to reflect the model’s opera-
tional performance. This was achieved via permuta-
tion importance with 50 repetitions per feature. To
provide a multi-dimensional assessment of feature
importance, importance was evaluated against bal-
anced accuracy, and macro-averaged F1-score.
Global feature contributions were further analyzed
using SHapley Additive exPlanations (SHAP). A
model-agnostic kernel SHAP explainer was employed
for all models to ensure consistency across heteroge-
neous learning algorithms and externally calibrated
prediction pipelines. SHAP values were computed
using calibrated model outputs with a background
reference set consisting of 100 randomly sampled
normalized training instances. Due to class imbal-
ance, SHAP analyses were conducted separately for
sMCI and pMCI classes. Within each fold, SHAP
values were averaged across samples within each
class and subsequently aggregated across outer folds
to obtain more stable global importance estimates.
Features excluded during pre-processing or feature
selection in each fold were assigned zero contribu-
tion to maintain consistency across folds. Feature
stability was assessed by tracking the frequency with
which features were either removed during variance

or correlation filtering or retained after feature selec-
tion across cross-validation folds.

Final model development and evaluation

For the final deployable framework, hyperparameter
optimization was performed on the best-performing
configuration identified in the “Nested cross valida-
tion for model selection” section. To handle potential
missing data during deployment, an imputation mod-
ule was integrated into the inference pipeline after
evaluating mean, median, and k-nearest neighbors
(KNN) imputation strategies (Section S1). Optimi-
zation was restricted to the training split (80% of the
dynamic dataset) described in the “Data partitioning
strategy” section. The optimal hyperparameter con-
figuration was selected based on balanced accuracy
from randomized search over 1000 hyperparameter
configurations.

Following hyperparameter optimization, the
selected pipeline was refitted on the complete training
split and subsequently calibrated using Platt scaling.
Decision-threshold optimization was then performed
using out-of-fold calibrated probabilities generated
from the training data, following the same calibra-
tion and threshold-tuning procedure described in the
“Nested cross validation for model selection” section.
The final calibrated model with the optimized deci-
sion threshold was evaluated on the test set (20% of
the dynamic dataset). Beyond the primary evaluation
metrics outlined in the “Nested cross validation for
model selection” section, test set performance was
further characterized using the Positive Predictive
Value (PPV), Negative Predictive Value (NPV), Mat-
thews correlation coefficient (MCC), and log loss.

Results
Top-performing model configuration

Evaluating 84 distinct pipeline configurations based
on balanced accuracy from nested cross-validation
identified XGB with the DEM-COG-MRI feature set
and SMOTENC sampling as the best-performing con-
figuration. This final selected configuration achieved
a balanced accuracy of 81.28% +2.56%, sensitivity of
83.17%+5.01%, and specificity of 79.39% +5.54%
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(Table 1). The mean optimized decision threshold of
0.31, with an average brier score of 0.131.

The integration of all three modalities resulted
in higher balanced accuracy than any individual
modality, yielding absolute balanced accuracy gains
of +2.38% over COG modality,+10.35% over
MRI modality, and+19.33% over DEM modal-
ity (Table 1). Furthermore, sensitivity decreased
as the prediction horizon increased from 95.01%
[95% CI: 93.51%-96.50%] at 6 months to 87.06%
[84.80%—89.32%] at 12 months, and 73.59%
[70.57-76.61%] at 24 months (Fig. 2).

Addressing class imbalance with SMOTENC
resulted in a modest improvement in balanced accu-
racy compared with the unsampled configuration.
Balanced accuracy increased from 80.80% +2.95%
to 81.28% +£2.56%. This overall gain was driven
by a substantial increase in specificity from
7731%+430% to 79.39%+5.54% (+2.08%),
accompanied by a slight decrease in sensitivity
from 84.30%+5.57% to 83.17%+5.01% (-1.13%)
(Table 1).

Finally, the selected dynamic single-visit configu-
ration outperformed the baseline-only strategy across
the reported evaluation metrics. Balanced accuracy
increased from 76.49% to 81.28% (A= +4.79%),
sensitivity from 80.18% to 83.17% (A= +2.99%),
and specificity from 72.8% to 79.39% (A= +6.59%)
(Fig. 3).

Table 1 Performance evaluation of the selected model config-
urations and ablation study. Evaluation across resampling tech-
niques and feature modality combinations ranked by balanced

Explainable Al (XAI)

We performed explainable Al (XAI) analyses on the
primary configuration identified in the “Top-perform-
ing model configuration” section. The analyses pri-
marily focused on evaluating consistency in feature-
selection stability, and patterns of feature contribution
across different data partitions. Detailed feature-level
attribution analyses are provided in the Supplemen-
tary Material.

Feature stability analysis

From the initial set of 334 features, 11 features were
removed through correlation-based filtering across
the 25-fold outer cross-validation folds, and no fea-
tures were excluded based on variance filtering. The
removed features were predominantly derived from
the MRI modality. These included one surface area
(SA) feature and nine subcortical volume (SV) meas-
ures. Only a single cognitive feature, ADAS13, was
removed in 2 of the 25 folds.

Four MRI-derived features, comprising one SA
feature and three SV measures, were consistently
removed across all 25 folds, indicating persistent
redundancy throughout the evaluation process. An
additional two SV features were excluded in two
folds, while the remaining four MRI variables were
removed in only one-fold each.

accuracy across 25-fold outer cross-validation. Values are pre-
sented as mean + standard deviation

Model Feature Set Sampling F1 Macro PR AUC Balanced Acc. (%) Sensitivity (%) Specificity (%)
XGB DEM-COG-MRI SMOTENC 0.797 £0.030 0.791+0.045 81.28+2.56 83.17+5.01 79.39 +5.54
XGB DEM-COG-MRI SMOTENC-Tomek 0.794+0.025 0.784+0.046 81.10+2.32 83.31+5.36 78.89+4.80
XGB DEM-COG-MRI None 0.788+0.029 0.790+0.046 80.80+2.95 84.30+5.57 77.31+4.30
XGB COG-MRI SMOTENC 0.789+0.029 0.776+0.048 80.62+2.72 83.02+4.79 78.22+4.79
XGB DEM-COG SMOTENC 0.788+0.021 0.791+0.039 79.78 +2.12 78.54+5.28 81.01+4.07
XGB COG SMOTENC 0.775+0.029 0.779+0.051 78.90+2.53 79.47+4.84 78.34+5.66
XGB DEM-MRI SMOTENC 0.721+0.043 0.689+0.056 73.40+4.28 72.59+8.17 74.20+6.71
XGB MRI SMOTENC 0.693+0.040 0.655+0.055 70.93+3.67 71.74+8.61 70.11+8.48
XGB DEM SMOTENC 0.601+0.042 0.464+0.048 61.95+4.48 64.35+8.63 59.56+6.12

Model: XGB Extreme Gradient Boosting. Feature sets combine: DEM demographics and clinical risk factors; COG cognitive and
functional assessments; MRI magnetic resonance imaging-derived structural features. Sampling methods include: SMOTENC Syn-
thetic Minority Over-sampling Technique for Nominal and Continuous features; SMOTENC-Tomek SMOTENC combined with
Tomek links; None no resampling applied. Metrics: F/ Macro macro-averaged Fl-score; PR AUC precision-recall area under the

curve; Balanced Acc balanced accuracy
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Sensitivity for pMCI by Conversion Point
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Fig. 2 Classification sensitivity on progressive mild cogni-
tive impairment (pMCI) samples across conversion horizons.
Sensitivity (%) for the top five model configurations ranked
by balanced accuracy and evaluated at 6-month, 12-month,
and 24-month conversion points. Error bars represent 95%
confidence intervals estimated via five fold cross-validation
repeated 5 times. Model configurations combine classifiers—
XGB (Extreme Gradient Boosting) and SVC (Support Vector

Feature stability analysis identified eight fea-
tures that were consistently selected across all 25
folds. Among these stable features, APOE4 repre-
sented DEM modality, while four features originated
from COG modality: FAQ, ADAS11, CDRSB, and
MMSE. The remaining three stable features were
MRI modality (SV measures of left and right hip-
pocampus and CT measure of right fusiform).

Permutation importance analysis

Cognitive variables showed the highest permutation
importance values across both balanced accuracy
and macro-averaged Fl-scores (Fig. 4). Among all
features, ADAS13 demonstrated the largest contri-
bution (balanced accuracy=4.15%, selected in 23
folds) followed by FAQ (3.41%, 25), and CDRSB
(1.83%, 25 folds). APOE4 was the most influential
non-cognitive feature, ranking fourth overall with
permutation importance values of 1.13% for balanced
accuracy and was also selected in all 25 folds. In con-
trast, MRI-derived biomarkers generally exhibited

mmm SVC (SMOTENC-Tomek) (DEM-COG-MRI)
mmm SVC (SMOTENC) (DEM-COG-MRI)

mmm XGB (None) (DEM-COG-MRI)

Classifier)—with resampling techniques including SMOTENC
(Synthetic Minority Over-sampling Technique for Nominal and
Continuous features), and SMOTENC-Tomek (SMOTENC
with Tomek links undersampling). All top models utilized a
multimodal feature set consisting of DEM (demographics and
clinical risk factors), COG (cognitive and functional assess-
ments), and MRI (magnetic resonance imaging-derived struc-
tural features)

lower permutation importance values. Among the
neuroimaging features, ventricular volume measures,
particularly the left inferior lateral ventricle, showed
the highest permutation importance, followed by CT
measure in the right entorhinal and SV measures in
left hippocampus and right amygdala.

Class-balanced SHAP feature importance analysis

We further analyzed SHAP feature importance sepa-
rately for the sSMCI and pMCI groups (Fig. 5). Cog-
nitive variables demonstrated the highest absolute
SHAP values across both groups. In the sMCI group,
FAQ demonstrated the highest contribution (mean
ISHAPI=0.067, selected in 25 folds), followed by
ADAS13 (0.066, 23 folds) and CDRSB (0.0419, 25
folds) (Fig. 5a). In the pMCI group, ADAS13 showed
the largest contribution (0.090, 23 folds), followed by
FAQ (0.084, 25 folds) and CDRSB (0.057, 25 folds)
(Fig. 5b). Additionally, APOE4, MMSE and ADAS11
also showed comparatively high SHAP values across
both groups.
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Performance Comparison of Selected Models: Baseline vs Dynamic Dataset
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Fig. 3 Performance comparison between baseline-only and
dynamic datasets across evaluation metrics. Performance
across balanced accuracy, sensitivity, and specificity for the
optimal configuration of each machine learning algorithm:
(a) LR (logistic regression), (b) RF (random forest), (¢) SVC
(support vector classifier), and (d) XGB (Extreme Gradient
Boosting). Blue bars represent baseline dataset performance,
while stacked orange segments indicate performance changes
achieved using the dynamic dataset, with exact percentage dif-

MRI-derived features exhibited lower but consist-
ent SHAP contributions. Among the neuroimaging
features for pMCI, left inferior lateral ventricle (SV),
left hippocampus (SV), left inferior parietal (CT), and
right inferior parietal (CV), ranked highest in both
feature importance and selection frequency.

Independent test-set performance

Evaluation of imputation strategies within the final
cross-validated framework described in the “Top-per-
forming model configuration” section demonstrated
that KNN imputation achieved the highest balanced
accuracy (80.31%+1.86%) compared to median
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ferences labeled above each bar. Resampling methods include
SMOTENC (Synthetic Minority Over-sampling Technique for
Nominal and Continuous features) and SMOTENC-Tomek
(SMOTENC combined with Tomek links undersampling).
Feature modalities encompass DEM (demographics and clini-
cal risk factors), COG (cognitive and functional assessments),
and MRI (magnetic resonance imaging-derived structural fea-
tures)

(79.74% +1.88%) and mean (79.66% +2.05%) impu-
tation. Consequently, KNN (k=5) imputation was
integrated into the final deployment pipeline.
Following the integration of KNN imputation, we
evaluated 401 samples, including 261 sMCI cases
(65.1%) and 140 pMCI cases (34.9%) on the inde-
pendent held-out test set (Table 2, Fig. 6). The final-
ized pipeline employed mutual information filtering
to select 50 primary features from the training dis-
tribution (two DEM features: APOE4 and educa-
tion, five COG features: MMSE, CDRSB, ADASI1,
ADASI13, and FAQ, and 43 MRI features) (Table S7).
Using the default decision threshold (0.50), the
uncalibrated model achieved a balanced accuracy of
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values are evaluated across 25-fold outer cross-validation
using (a) macro Fl-score and (b) balanced accuracy. Numeri-
cal annotations indicate the feature selection frequency across
25 folds. Structural MRI feature prefixes denote specific mor-
phometric metrics: SV (subcortical volume), CT (cortical
thickness), CV (cortical volume), and CTS (cortical thickness
standard deviation)
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clinical risk factors; COG=cognitive and functional assess-
ments; MRI=magnetic resonance imaging-derived structural
features). Importance rankings were evaluated across a 25-fold
outer cross-validation, with numerical annotations next to each
bar denoting the feature selection frequency out of the 25 folds.
Structural MRI feature prefixes denote specific morphometric
metrics: SV (subcortical volume), CT (cortical thickness), and
CV (cortical volume)
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Table 2 Independent test-set (N=401) performance of the
optimized and calibrated extreme gradient boosting model
using synthetic minority over-sampling technique for nominal
and continuous features with demographics, cognitive, and
MRI features [XGB (SMOTENC) DEM-COG-MRI]. Point
estimates on the full test set alongside mean bootstrap esti-
mates with 95% confidence intervals derived from 2000 boot-
strap resamples are reported

Metric Average  Bootstrap Average [95%
CI]
F1 (sMCI) 0.847 0.847 [0.813-0.878]
F1 (pMCI) 0.759 0.758 [0.706-0.805]
Macro F1 0.803 0.802 [0.763-0.839]
Sensitivity (%) 84.29 84.28 [77.70-90.00]
Specificity (%) 79.69 79.66 [74.81-84.21]
Balanced Accuracy (%) 81.99 81.97 [78.22-85.51]
PPV (%) 69.01 68.94 [62.35-75.45]
NPV (%) 90.43 90.44 [86.50-94.02]
ROC AUC 0.886 0.886 [0.853-0.915]
PR AUC 0.791 0.793 [0.720-0.854]
MCC 0.617 0.616 [0.542-0.687]
Brier Score 0.131 0.131 [0.111-0.153]
Log Loss 0.409 0.409 [0.357-0.465]

Diagnostic targets: sMCI stable mild cognitive impairment;
pMCI progressive mild cognitive impairment. Metrics: PPV
positive predictive value; NPV negative predictive value; ROC
AUC area under the receiver operating characteristic curve; PR
AUC precision-recall area under the curve; MCC Matthews
correlation coefficient

80.23% (sensitivity =80.00%, specificity =80.46%).
After probability calibration, balanced accuracy was
80.31%, with a sensitivity of 77.86% and specificity of
82.76%. Optimizing the decision threshold of the cal-
ibrated model to 0.37 yielded the balanced accuracy
of 81.99% (mean: 81.97%; 95% CI: 78.22%—85.51%;
evaluated via 2000 bootstrap resamples). The perfor-
mance was accompanied by a sensitivity of 84.29%
(mean: 84.28%; 95% CI: 77.70%-90.00%), specificity
of 79.69% (mean: 79.66%; 95% CI: 74.81%-84.21%),
positive predictive value of 69.01% (mean: 68.94;
95% CI: 62.35%-75.45%), and negative predic-
tive value of 90.43% (mean: 90.44%; 95% CI:
86.50%-94.02%).

Ablation and modality contribution analyses
In ablation experiments on the independent test set,

restricting feature input to single modalities reduced
balanced accuracy compared to the full multimodal
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baseline by 4.73% (95% CI: 0.94%-8.39%) for COG
modality, 5.22% (95% CIL: 0.66%-9.49%) for MRI
modality, and 17.62% (95% CI. 12.37%-23.05%)
for DEM modality. At the individual feature level,
excluding APOE4 reduced balanced accuracy by
1.11%, excluding MMSE decreased balanced accu-
racy by 1.17%, and removing CDRSB, ADAS13, and
FAQ resulted in performance reductions of 0.02%,
0.14%, and 0.95%, respectively.

Discussion

In this study, we developed and validated a multi-
modal machine-learning framework using single-visit
cognitive and structural MRI features. It predicts pro-
gression from MCI to dementia within a clinically
meaningful two-year horizon. The selected XGB
model demonstrated consistent performance across
nested cross-validation, and independent testing,
indicating robust generalizability within the ADNI
cohort. Importantly, the findings suggest that short-
term conversion risk is primarily associated with the
combined effects of cognitive-functional impairment
and region-specific neurodegenerative changes. This
observation supports the concept that clinical decline
and structural brain degeneration may evolve in paral-
lel during the prodromal stages of dementia.

The selection of a two-year prediction horizon
balances clinical utility with prognostic reliability.
While a one-year window offers a narrow timeframe
that restricts therapeutic intervention, longer hori-
zons (3-5 years) introduce significant uncertainty
driven by biological heterogeneity, intercurrent health
conditions, and participant attrition. This pattern is
reflected in our empirical findings, where predictive
performance is attenuated as the conversion hori-
zon expanded from 6 to 24 months (Fig. 2). Conse-
quently, these findings reinforce the importance of
selecting clinically meaningful prediction windows
that balance temporal precision with opportunities for
intervention.

The strong contribution of cognitive variables,
including FAQ, ADAS11, ADAS13, CDR-SB, and
MMSE, is consistent with their established associa-
tions with functional decline and disease progression.
These variables ranked among the most influential
predictors in both permutation importance and SHAP
analyses (Figs. 4 and 5). Although several of these
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Fig. 6 Performance evaluation of the optimized model on
the independent held-out test set (N=401). Metrics evalu-
ated include: (a) ROC (receiver operating characteristic) curve
yielding an AUC (area under the receiver operating character-
istic curve) of 0.886; (b) Precision—recall curve showing an AP
(average precision) of 0.791 compared to the random baseline

measures contribute to clinical evaluation, demen-
tia conversion in this study was determined through
longitudinal diagnostic assessment rather than prede-
fined score thresholds. Consequently, these measures
functioned as prognostic indicators of future decline
rather than direct determinants of the outcome. Inter-
estingly, ADAS13 emerged as one of the most influ-
ential predictors despite being excluded during cor-
relation filtering in two of the 25 cross-validation
folds. This pattern likely reflects fold-specific redun-
dancy with correlated predictors rather than instabil-
ity in its prognostic value. Its strong importance when
retained further indicates that occasional exclusion

Precision

Precision-Recall Curve

1.0
0.9
0.8
0.7
0.6
0.5
04 — Model (AP = 0.791)
’ --- Baseline=0349
0.0 0.2 0.4 0.6 0.8 1.0
Recall
(b)
Confusion Matrix
Class 0 08 53
o
Q
©
e |
Q
2
'_
Class 1 22
Class 0 Class 1
Predicted Label

(d)

of 0.349; (¢) Calibration curve with a Brier score of 0.131
evaluating predicted probability reliability against perfect cali-
bration; and (d) Confusion matrix detailing classification out-
comes for sMCI (stable mild cognitive impairment; Class 0)
and pMCI (progressive mild cognitive impairment; Class 1)

due to multicollinearity does not diminish its overall
predictive relevance. Importantly, the present findings
do not suggest that these measures represent novel
biomarkers; rather, they highlight their enhanced
prognostic contribution when integrated with demo-
graphic, genetic, and structural MRI information
within a fixed two-year prediction framework.
Structural MRI provided complementary biologi-
cal information into cognitive assessment, yielding
the highest overall predictive performance when
combined into a multimodal framework (Table 1).
Structural MRI alone demonstrated lower predictive
accuracy than cognitive modality alone. However,
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it offers an objective measure of neurodegenera-
tion that is less directly influenced by factors such
as educational attainment, cognitive reserve, or test-
taking variability. MRI-enhanced prediction may
therefore be particularly valuable in atypical clini-
cal presentations or cases with conflicting neuropsy-
chological findings. Overall, these results advocate
for a tiered clinical framework: cognitive screening
as a practical initial first-line evaluation, with MRI-
enhanced multimodal assessment targeted to high-
risk, atypical, or diagnostically ambiguous cases.

Rather than pre-selecting regions based on prior
biological hypotheses, our feature-selection and
explainability pipeline operated in a strictly data-
driven manner across all 323 MRI-derived features.
Despite this unbiased approach, the model con-
sistently prioritized the hippocampus, amygdala,
entorhinal cortex, inferior parietal cortex, temporal
cortex, and inferior lateral ventricles (Figs. 4 and 5).
These structures are known to undergo early neuro-
degenerative changes during Alzheimer’s disease
and play critical roles in episodic memory, semantic
processing, and large-scale cortical network inte-
gration [41-44]. Accordingly, these findings should
be interpreted primarily as confirmation that estab-
lished neuroanatomical markers contribute mean-
ingfully to short-term prediction, rather than as evi-
dence for newly discovered imaging biomarkers.

APOE ¢4 status and educational attainment,
both established risk factors for Alzheimer’s dis-
ease, contributed additional predictive information
[45-47].

An important finding was the superior perfor-
mance of the dynamic single-visit strategy compared
with baseline-only modeling approaches. Unlike
conventional baseline approaches, our multimodal
machine learning framework with post-hoc explain-
ability estimates progression risk from any single
visit instance. Furthermore, because the framework
operates independently of historical observations, it
bypasses the need for complete longitudinal trajecto-
ries. Instead, each qualifying visit can serve as a new
prediction point for the subsequent fixed two-year
horizon. This dynamic single-visit strategy enables
practical applicability where clinicians can update
risk assessments as new data becomes available with-
out requiring complete longitudinal trajectories or
baseline data. Such flexibility is particularly advan-
tageous in routine clinical practice to complement
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clinical expertise and support follow-up planning or
clinical trial enrollment.

The relatively small performance differences
among the four ML models (LR, SVC, RF, and XGB)
suggest that feature representation contributed more
towards predictive performance than classifier com-
plexity. The selected XGB model likely benefited
from its ability to capture nonlinear relationships
within the reduced feature space while maintaining
strong generalization.

At the global feature level, SHAP and permutation
importance showed a weak negative rank correlation
(Spearman p= —0.19), despite a strong linear corre-
lation in importance magnitudes (Pearson r=0.97).
Among the top 15 features, 9 were shared between
the two methods, corresponding to a Jaccard similar-
ity index of 0.43. The two methods also showed con-
cordance among the highest-ranked features, with the
top 7 features exhibiting agreement in rank. Collec-
tively, these findings suggest that although SHAP and
permutation importance produce broadly consistent
estimates of feature-importance magnitude, they may
differ substantially in the relative ordering of features
beyond the most influential predictors.

Probability calibration and threshold optimization
further improve the potential clinical applicability of
the proposed framework (Figs. 6 and S1). Although
the uncalibrated model demonstrated well-balanced
sensitivity and specificity, its predicted probabilities
exhibited slight overconfidence, as indicated by the
calibration curve. Post hoc calibration effectively
produced probability estimates that more closely
reflected the true likelihood of future conversion. Fur-
thermore, threshold optimization using the Youden’s
index approach provided a clinically reasonable com-
promise for risk stratification by reducing the poten-
tial bias toward either false-positive or false-negative
predictions. Nevertheless, different clinical settings
may favor alternative thresholds and can be dynami-
cally adjusted to fit specific priorities, such as maxi-
mizing early case detection versus minimizing unnec-
essary follow-up.

From a clinical implementation perspective, the
proposed framework is primarily intended for use in
specialist memory clinics, where standardized cog-
nitive assessments and structural brain MRI are rou-
tinely obtained as part of the diagnostic workup for
patients with MCI. In these settings, the model could
serve as a complementary decision-support tool to
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estimate an individual’s short-term progression risk.
Such estimates could help clinicians prioritize follow-
up, support patient counseling, and identify individu-
als who may warrant additional biomarker evalua-
tion or consideration of disease-modifying therapies
or clinical trials. Because the dynamic single-visit
framework does not require a complete longitudinal
history, it may be more readily integrated into exist-
ing memory-clinic workflows. However, broader
translation faces key barriers, including MRI cost and
availability, inter-site variability in imaging proto-
cols and cognitive scoring, and the required compu-
tational infrastructure. Overcoming these challenges
will require multi-center protocol harmonization and
electronic health record (EHR) integration. Prospec-
tive external validation is required before clinical
implementation.

We evaluated the proposed framework against
recent state-of-the-art approaches (2023-2025) for
predicting MCI-to-dementia conversion across differ-
ent models, modalities, and evaluation strategies [23,
24, 26, 31, 48]. As detailed in Table 3, the proposed

Table 3 Comparison of the proposed Extreme Gradient
Boosting (XGB) model with state-of-the-art mild cognitive
impairment (MCI)-to-dementia conversion prediction meth-
ods across feature modalities, prediction strategies, and evalu-
ation settings. Diagnostic targets compare stable mild cognitive

XGB model achieved higher balanced accuracy than
those reported by Mieling et al. (77.00%), Agostinho
et al. (78.43%), Gao et al. (70.60%), and Bucholc
et al. (76.95%). However, these numerical compari-
sons should be interpreted cautiously due to sub-
stantial methodological heterogeneity across studies,
including differences in cohort demographics, sample
sizes, input modalities, follow-up durations, and out-
come definitions. Despite these methodological dif-
ferences, our framework achieved competitive predic-
tive accuracy while maintaining a balanced trade-off
between sensitivity and specificity.

Limitations and future work

Several limitations should be acknowledged (Table 4).
The proposed framework was developed using the
ADNI cohort, which was collected under controlled
research protocols. As such, it may not fully capture
the heterogeneity and complexity of real-world clini-
cal populations, potentially limiting generalizability.

impairment (sMCI) and progressive mild cognitive impairment
(pMCI). Performance metrics for the proposed framework are
reported for both 25-fold cross-validation (CV) and independ-
ent hold-out test set evaluation (N=401; 261 sMCI/140 pMCI)

Study Model Prediction Modalities Test Setting  Balanced F1 (pMCI)  Sensitivity ~ Specificity = ROC-AUC
Strategy Acc (pMCI) (sMCI)
Gelir et al. XGB Base- COG+MRI+PET+DEM tenfold CV - 0.757 75.23 - 0.840
2024 [26] line — last
visit
Mieling et.al XGB Base- MRI+CSF+COG+DEM  16/15 split 77.00 0.740 66.70 87.50 -
2025 [23] line — last
visit
Agostinho Ensemble Base- MRI+FDG tenfold CV 78.43 0.800 77.12 79.75 0.830
et.al 2024 SVM line — last
[24] visit
Gao et.al CNN +Trans-  3-year MRI 112/66 split ~ 70.60 - 59.10 82.10 0.737
2023 [31] former window
Bucholc LR Fixed 2-year COG + COG trajectories tenfold CV 76.95 - 81.20 72.70 0.750
et.al 2023 window
[48] using lon-
gitudinal
input
Proposed XGB Fixed MRI+ COG +DEM 25-fold CV  81.28 - 83.17 79.39 0.89
2-year Hold-out 81.99 0.759 84.29 79.69 0.886
window

(261/140)

Models: XGB Extreme Gradient Boosting; Ensemble SVM Support Vector Machine Ensemble; CNN Convolutional Neural Network;
LR Logistic Regression. Modalities: DEM demographics and clinical risk factors; COG cognitive and functional assessments; MRI
magnetic resonance imaging; PET positron emission tomography; CSF cerebrospinal fluid biomarkers; FDG fluorodeoxyglucose-
PET. Metrics: Balanced Acc. balanced accuracy; Sensitivity pMCI detection rate; Specificity sMCI detection rate; ROC-AUC area

under the receiver operating characteristic curve
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Table 4 Summary of current study limitations, their potential impact on model performance and clinical applicability, and proposed

future research directions

Limitation

Potential Impact

Future Direction

Single-cohort (ADNI) development

Exclusion of missing data

Reliance on FreeSurfer-derived MRI
features

Cobhort Bias, Clinical Logs and Biomarker
Omissions

Dynamic single-visit prediction only

Limited generalizability to broader clinical
populations

Reduced applicability and potential selec-
tion bias

Potential software and preprocessing vari-
ability

Inherent selection bias and reduced gener-
alizability

Does not explicitly exploit temporal dis-

External validation and other independent
cohorts

Imputation/missing-data strategies operat-
ing with incomplete inputs in independ-
ent clinical cohorts

Evaluate harmonized pipelines and alter-
native imaging features

Validate on diverse, multi-site cohorts
integrating plasma/CSF biomarkers,
vital signs, and EHR data

Hybrid models combining dynamic pre-

ease trajectories

Multi visit-level samples per subject
ency

Possible residual within-subject depend-

diction with longitudinal modeling

Evaluate methods explicitly modeling
repeated observations

Despite enforcing strict subject-level data splits to
prevent information leakage, the use of multiple visit-
level observations introduces residual within-subject
correlation because repeated observations from the
same participant are not statistically independent.

Samples with missing values were excluded during
primary model development to maintain a consist-
ent multimodal feature space. To improve robustness
during inference, KNN imputation was subsequently
incorporated into the final pipeline after comparison
with mean and median imputation strategies. Never-
theless, complete-case model development may intro-
duce selection bias, and the performance of the impu-
tation strategy requires further evaluation in clinical
populations where missing multimodal data may be
more prevalent.

Although nested cross-validation, subject-level
partitioning, and independent held-out testing were
used to reduce optimistic bias, model development
and optimization were performed within a single
cohort (ADNI); therefore, some cohort-specific
overfitting cannot be excluded. External validation
remains essential before real-world translation or
clinical implementation.

We evaluated the feasibility of external validation
using existing Alzheimer’s disease datasets; however,
currently available datasets did not permit a meth-
odologically equivalent evaluation of the complete
framework. OASIS-3 lacks several critical top-ranked
predictors (FAQ, ADAS11, and ADAS13), such that
extensive imputation would have materially altered
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the intended feature space and compromised the
interpretability of the benchmark. Evaluation using
AIBL would require additional FreeSurfer preproc-
essing of raw MRI data, which was beyond the scope
of the present study. Accordingly, rigorous multi-site
harmonization and prospective external validation
represent key priorities for future work.

Individuals who reverted from MCI to normal
cognition were excluded as the present study focused
specifically on progression to dementia. Although this
simplified the prediction task and produced a more
homogeneous outcome definition, it does not capture
the complete spectrum of MCI trajectories. Future
studies will extend this framework toward multi-class
prediction capable of simultaneously forecasting pro-
gression, stability, and cognitive reversion.

Additionally, the MRI modality, which accounted
for a significant portion of the feature space, relied
on features extracted with the FreeSurfer pipeline.
While widely adopted, FreeSurfer-based process-
ing is computationally intensive and may introduce
variability across different versions and preprocess-
ing configurations, potentially affecting reproduc-
ibility. Furthermore, the current framework does
not incorporate other informative biomarkers, such
as positron emission tomography (PET) imaging
and blood-based biomarkers, which have demon-
strated strong predictive value in Alzheimer’s dis-
ease progression [49-51]. Lastly, secondary clinical
variables—including race/ethnicity, medical history
data, and vital signs—were excluded due to dataset
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constraints, which may limit the broader generaliz-
ability of the predictive framework.

In this study, we established that a dynamic, sin-
gle-visit input framework can reliably predict MCI-
to-dementia conversion within a two-year horizon.
Building upon these findings, future research will
focus on developing a deep learning—based multi-
modal framework that integrates the most informa-
tive cognitive features identified in this study with
imaging modalities (MRI and PET), blood-based
biomarkers and additional genetic information. To
capture temporal dependencies, longitudinal mod-
eling should be incorporated by leveraging features
from multiple time points within a flexible temporal
window.

Conclusion

This study presented an explainable multimodal
machine learning framework for predicting con-
version from MCI to dementia within a fixed two-
year window using data from a single clinical visit.
Comprehensive evaluation across 84 configurations
demonstrated that multimodality consistently out-
performed individual modalities, highlighting the
complementary relationship between cognitive-
functional decline and neuroanatomical atrophy.
The best-performing configuration, an XGB using
DEM-COG-MRI features with SMOTENC sam-
pling, achieved strong and consistent performance
across nested cross-validation and independent held-
out testing. Furthermore, the proposed dynamic sin-
gle-visit strategy consistently improved performance
over baseline-only prediction approaches, while
explainable Al analyses confirmed that the model
relied primarily on clinically meaningful features
associated with Alzheimer’s disease progression.

Although these findings highlight the potential of
multimodal Al for short-term dementia risk stratifi-
cation, the proposed framework currently serves as a
research tool rather than a tool ready for routine clini-
cal implementation. Translation toward clinical use
will require validation across independent and more
diverse cohorts, systematic evaluation under incom-
plete multimodal data conditions, and prospective
assessment of feasibility and clinical utility within
real-world memory-care settings.
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