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Background: Mild cognitive impairment (MCI) is a critical prodromal stage of
Alzheimer's disease (AD), further categorized into early MCI (EMCI) and late MCI
(LMCI). Early and accurate diagnosis is essential for effective prevention and
intervention of AD. This study aims to develop an accessible and interpretable
machine learning model to facilitate early diagnosis and subtype staging of MCI.
Methods: A total of 268 participants were recruited from the ADNI, including
cognitively normal individuals (CN, n = 132), EMCI (n = 95), and LMCI (n = 41).
Participants were randomly divided into training (80%) and testing (20%) cohorts.
Multimodal data encompassing whole-brain T1-WI MRI radiomics, clinical
neuropsychological scales and plasma protein biomarkers were collected.
Logistic regression (LR) and random forest (RF) algorithms were employed to
construct six unimodal models based on above three categories of features,
as well as a combined model combining all features. Diagnostic performance
for the three-class classification task (CN, EMCI, LMCI) was evaluated using
receiver operating characteristic (ROC) curve. Furthermore, SHapley Additive
exPlanations (SHAP) were applied to quantify the contribution of individual
features within the integrated model.

Results: The combined model significantly outperformed unimodal models
across all metrics, achieving macro_AUC = 0.92, micro_AUC = 0.91, and
ACC = 0.81 in the training set, and macro_AUC = 0.87, micro_AUC = 0.87, and
ACC = 0.76 in the testing set. The LR-based radiomics model ranked second.
Models based solely on clinical neuropsychological scales or plasma protein
biomarkers demonstrated comparatively lower classification performance.
SHAP analysis highlighted neuropsychological scales (ADAS-Cog, MoCA) and
radiomic features from critical brain regions (hippocampus, middle temporal
gyrus, entorhinal cortex) as pivotal contributors to model efficacy.

Conclusion: The integration of whole-brain structural MRI (sMRI) radiomics,
neuropsychological scales, and plasma protein biomarkers significantly
improves the precision of diagnosing and staging mild cognitive impairment
(MCI). Radiomic characteristics derived from critical cerebral regions yield
valuable pathological information that facilitates clinical interpretation. This
methodology presents a promising strategy for the early identification and
individualized management of MCI.

KEYWORDS

mild cognitive impairment, sMRI radiomics, neuropsychological scales, plasma protein
biomarkers, machine learning, SHapley Additive exPlanations
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1 Introduction

Alzheimer’s disease (AD) is a

neurodegenerative disorder (1). currently affecting approximately 55

complex, progressive
million individuals worldwide, with prevalence rates anticipated to
double by 2050, thereby representing a substantial challenge to global
public health (2). Mild cognitive impairment (MCI) is recognized as
a prodromal phase of AD (3), characterized by cognitive decline that
does not yet significantly disrupt daily functional abilities (4). MCI is
further categorized into early MCI (EMCI) and late MCI (LMCI)
based on the extent of memory deficits (5). Longitudinal investigations
indicate heterogeneous outcomes for MCI, with an annual conversion
rate to AD estimated between 10 and 15% (6, 7), while a subset of
patients demonstrate reversion to normative cognitive function (8).
Consequently, the early and accurate diagnosis, alongside precise
subtyping of MCI, is imperative for interventions aimed at delaying or
preventing progression to AD, bearing significant implications for
clinical practice and public health policy.

AD is pathologically defined by the accumulation of amyloid-beta
(Ap) plaques and tau neurofibrillary tangles (9), alterations that may
manifest as early as the MCI stage (10). However, neuropathological
confirmation is limited to postmortem examination, underscoring the
urgent need for reliable in vivo biomarkers. Current diagnostic
modalities include cerebrospinal fluid (CSF) biomarkers (e.g., Ap42,
total tau, phosphorylated tau) and positron emission tomography
(PET) imaging (e.g., AB-PET, tau-PET, FDG-PET) (11, 12). Despite
their diagnostic utility, these methods are invasive, costly, and often
poorly tolerated by patients. Consequently, the diagnosis of MCI
primarily relies on clinical assessment and neuropsychological
instruments, notably the Mini-Mental State Examination (MMSE)
(13), Montreal Cognitive Assessment (MoCA) (14), and Alzheimer’s
Disease Assessment Scale-Cognitive Subscale (ADAS-Cog) (15).
While these tools provide valuable clinical information, they are
inherently subjective, susceptible to diagnostic inaccuracies (16), and
do not reveal the underlying biological mechanisms, thereby
limiting their effectiveness for early detection and targeted
therapeutic intervention.

Recent research trends reveal a growing emphasis on plasma/
blood based biomarkers for the continuous spectrum diagnosis of
Alzheimer’s disease (17, 18). Compared to invasive CSF sampling and
expensive PET imaging, plasma assays offer minimally invasive, cost-
effective, and widely accessible alternatives suitable for large-scale
screening and longitudinal monitoring. Nonetheless, no plasma
biomarker has yet achieved gold-standard status for MCI detection,
and their clinical utility requires further validation.

Numerous neuroimaging methodologies grounded in machine
learning have introduced novel strategies for the early detection of MCI
(19). Among those, structural MRI (sMRI) is the most widely used due
to its widespread data accessibility and cost effectiveness (20, 21).
Radiomics analysis enable the extraction of subtle alterations in brain
morphology through high-throughput feature selection, capturing
phenomena such as atrophy in critical brain regions and ventricular
enlargement (22). Multiple studies have demonstrated that sMRI-based
radiomics can effectively differentiate cognitively normal (CN)
individuals, MCI and those with AD (23), as well as predict the transition
from MCI to AD (24). Despite these encouraging findings, research
focusing on the subtyping and staging of MCI remains comparatively

Frontiers in Neurology

10.3389/fneur.2025.1708525

sparse, with the scholarly discourse predominantly emphasizing model
predictive accuracy rather than an in-depth exploration of clinical
interpretability. The SHapley Additive exPlanations (SHAP) framework,
grounded in SHapley values from cooperative game theory, offers a
robust approach for interpreting machine learning model outputs by
quantifying the contribution of individual features to predictions (25,
26). This interpretability facilitates enhanced clinical decision-making
by providing insights that support diagnostic and therapeutic strategies.

The early diagnosis of MCI and AD remains a significant global
challenge due to the scarcity of reliable and accessible diagnostic tools
during the initial stages of AD (27), with the additional complexity of
accurately staging MCI subtypes. This study proposes the development
of a cost-effective, minimally invasive multimodal diagnostic model
that integrates structural MRI radiomics, clinical neuropsychological
scales, and plasma biomarkers. Utilizing machine learning techniques
to integrate and optimize high-dimensional, heterogeneous datasets,
the model aims to improve diagnostic accuracy and staging precision
for MCI. Additionally, SHAP analysis will identify key features
influencing disease progression, thereby improving the models
clinical utility and facilitating precision medicine approaches
alongside individualized intervention strategies.

2 Materials and methods
2.1 Study population

The Alzheimer’s Disease Neuroimaging Initiative (ADNI, https://
adni.loni.usc.edu/), established in 2004, is a multi-center collaborative
open database. Its core objective is to systematically elucidate the
associative mechanisms of biomarkers—including clinical
manifestations, cognitive function, imaging features, genetics, and
biochemical indicators—across the entire spectrum of Alzheimer’s
disease. It aims to track the complete pathological progression of the
disease, ranging from normal aging to minimal symptoms, followed
by mild cognitive impairment, and ultimately to dementia.
Additionally, ADNI seeks to identify biomarkers applicable for
diagnosis and prognosis assessment.

All raw data used in this study, including neuropsychological
scales, MRI imaging, and plasma biomarkers, were obtained from the
ADNI project. Inclusion criteria: (I) Possession of complete clinical
data, including demography data, neuropsychological scales (MMSE,
MoCA, ADAS-Cog), and C2N Diagnostics CAP/CLIA laboratory test
results of plasma proteins (included concentrations of AB42, AB40,
pTau217, and non-phosphorylated (np) Tau217, as well as the ratios
AP42/AP40 and pTau217/npTau2l7). (II) Availability of complete
baseline 3 T whole brain structure MRI (3D-T1-WI) original data in
DICOM format, no significant motion artifacts or image distortion.
(IIT) Strict adherence of CN, EMCI, and LMCI groupings to the
original enrollment and classification criteria of ADNI. Cognitively
normal participants are diagnosed if they meet the following criteria:
no memory concerns; Clinical Dementia Rating (CDR) score of 0; and
MMSE scores ranging from 24 to 30. MCI (including EMCI and
LMCI) Common criteria: Presence of objective memory loss; CDR
score of 0.5; MMSE scores ranging from 24 to 30; no impairment in
other cognitive domains; and no diagnosis of dementia. Differentiation
between EMCI and LMCI: Based on scores from the Wechsler
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ADNI
data base
Contains the following complete data: Exclusion criteria:

= Demography data, neuropsychological scales ( = Any significant neurologic disease other
MMSE, MoCA, ADAS-Cog). than suspected incipient Alzheimer’ s

= C2N Diagnostics test results of plasma proteins disease, or history of significant head
(AB42, AB40, pTau217, (np) Tau217, as well as the ——»  trauma followed by persistent neurologic
ratios AB42/AB40 and pTau217/npTau217) . defaults or known structural brain

= Baseline 3T MRI 3D-T1-WI original data in DICOM abnormalities.
format. = MRl images no significant motion

artifacts or image distortion.
AS
Remove duplicate data and data that
cannot be recognized by Desikan-Killiany-
Tourville (DKT) brain atlas
Date avaliable for analysis
Total (n=268)
CN(n=132), EMCI (n=95), LMCI (n=41)
N
Ttraining set (n=213) Test set (n=55)
80% of the total 20% of the total
FIGURE 1

Flowchart of patient enrollment.

Memory Scale Logical Memory II (LM-II, maximum score = 25),
stratified by years of education, EMCI: For individuals with >16 years
of education: LM-II scores of 9-11; 8-15 years of education: scores of
5-9; 0-7 years of education: scores of 3-6. LMCI: For individuals with
>16 years of education: LM-II scores <8; 8-15 years of education:
scores <4; 0-7 years of education: scores <2. Exclusion criteria: Any
significant neurologic disease other than suspected incipient
Alzheimer’s disease, such as Parkinsons disease, multi-infarct
dementia, Huntington’s disease, normal pressure hydrocephalus, brain
tumor, progressive supranuclear palsy, seizure disorder, subdural
hematoma, multiple sclerosis, or history of significant head trauma
followed by persistent neurologic defaults or known structural
brain abnormalities.

A total of 268 eligible patients were finally included-including 132
CN individuals-95 EMCI patients-and 41 LMCI patients. Using a
stratified random sampling method (to maintain the same proportion
of the three cognitive impairment groups in the training and test
sets)-the patients were divided into a training set (n = 213-accounting
for 80% of the total) and an independent test set (n = 55-accounting for
20% of the total), please refer to Figure 1 for this process. Ethical
approval for the ADNI study was obtained from the medical ethics
committees of all participating institutions, and written informed
consent was obtained from all participants. This retrospective study
involving human participants adhered to the ethical standards set forth
by the institutional and national research committees and followed the
principles outlined in the Helsinki Declaration.
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2.2 Image acquisition and preprocessing

All brain MRI images were obtained using a 3.0 Tesla MRI
scanner equipped with a 12-channel head coil. In this study, standard
T1-weighted anatomical imaging was obtained by volumetric 3D
magnetization-prepared rapid gradient echo (MPRAGE) or equivalent
protocols with slightly different resolutions across patients. The
detailed imaging protocols are provided at the ADNI website."

To ensure the quality and consistency of the images for subsequent
analysis-several preprocessing steps were performed. First-bias field
correction was applied to the raw T1 images to eliminate the intensity
inhomogeneity caused by magnetic field imperfections. This step was
crucial for ensuring the accuracy of subsequent image analysis. Second-
skull stripping was performed to remove non-brain tissues from the
images-allowing for more accurate segmentation and analysis of brain
regions. Subsequently, interpolation resampling (with a sampling rate
of 1 mm x 1 mm x 1 mm) was performed on the MRI images of all
patients. The preprocessed images were then segmented using the
Desikan-Killiany-Tourville (DKT) brain atlas-which is a standardized
template based on large-scale normal population brain structure data
and can achieve automated segmentation of 95 brain regions. This

1 https://adni.loni.usc.edu/data-samples/adni-data/neuroimaging/mri/

mri-scanner-protocols/
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Dicom image B Segmentation image
FIGURE 2
Schematic diagram of patient segmentation. (A) Shows the cross-sectional screenshot of the original T1 image. (B) Shows the Fastsurfer segmentation
screenshot of the original image. (C) Shows the 3D rendered image after segmentation

segmentation process was essential for extracting radiomic features
from specific brain regions related to cognitive impairment.

2.3 Image segmentation and feature
extraction

Images of all patients were subjected to automatic brain region
segmentation using the asegdkt module of FastSurfer® (28)-which can
generate anatomical segmentation results and cortical parcellation of
95 brain regions based on the DKT atlas (Figure 2). The segmentation
results obtained were subsequently utilized for radiomic feature
extraction. By selecting all brain regions for feature extraction, this
method facilitates a comprehensive characterization of the structural
and morphological attributes of each region. Cognitive impairment—
particularly the progressive transition from EMCI to LMCI—is
frequently associated with coordinated microstructural alterations
spanning multiple brain regions, rather than isolated changes confined
to a single area. This comprehensive approach mitigates the risk of
overlooking critical biomarkers that may arise from pre-selecting
specific brain regions, thereby providing a more complete imaging
feature set for the development of classification models. Consequently,
this strategy enhances the model’s capacity to discriminate among the
three cognitive states: CN, EMCI, and LMCIL.

Radiomics features were extracted from the 95 automatically
segmented brain regions using the open-source PyRadiomics package
(version 3.0.1; https://pyradiomics.readthedocs.io/)-a widely validated
tool for standardized radiomic feature extraction in medical imaging
research. A total of three categories of radiomics features were
extracted from each segmented brain region, covering comprehensive
structural and textural characteristics of the brain tissue: (I) First-
order statistical features (n = 18): These quantify the distribution of
voxel intensities within each region, including metrics such as mean,
variance, skewness, kurtosis, median, minimum/maximum intensity,
and interquartile range, which reflect the overall tissue density and
homogeneity; (II) Shape features (n=14): These describe the

2 https://github.com/Deep-Ml/FastSurfer
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geometric properties of each brain region, such as volume, surface
area, sphericity, aspect ratio, and compactness, capturing differences
in regional anatomical morphology between CN, EMCI, and LMCI
groups; (III) Texture features (n=75): Derived from gray-level
co-occurrence matrix (GLCM), gray-level run-length matrix
(GLRLM), gray-level size zone matrix (GLSZM), and gray-level
dependence matrix (GLDM), these features include contrast,
correlation, energy, entropy, run-length non-uniformity, and zone size
non-uniformity, which characterize spatial heterogeneity and tissue
microstructural patterns. After extraction, features with missing
values or zero variance across all patients were excluded upfront to
ensure data quality, resulting in an initial pool of 107 radiomics
features per brain region.

2.4 Feature selection

A three-stage sequential feature selection approach was
implemented to reduce dimensionality by removing redundant or
irrelevant features in training set, thereby preserving the most
discriminative features for the development of a three-class
classification model (CN vs. EMCI vs. LMCI). This strategy aimed to
prevent overfitting and enhance the interpretability of the model. A
three-step sequential feature selection strategy was employed to
reduce dimensionality-eliminate redundant or irrelevant features-and
retain the most discriminative features for constructing the three-
classification model (CN vs. EMCI vs. LMCI)-thereby avoiding
overfitting and improving model interpretability.

First-variance thresholding was applied with a threshold of 0.8
(29): Features with variance lower than this threshold (i.e., features
that showed minimal variation across all patients) were removed.
Second-univariate analysis was performed using one-way analysis of
variance (ANOVA) for continuous features: Only features with a
statistical significance of p < 0.05 were retained-ensuring that the
selected features exhibited significant differences among the three
cognitive groups. Third-multi-class least absolute shrinkage and
selection operator (LASSO) regression was applied to the remaining
features: This method imposes a penalty on feature coefficients-
shrinking irrelevant feature coefficients to zero and selecting only
those with non-zero coefficients.
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2.5 Model construction

In the construction of classification models for cognitive
impairment (CI) prediction-we employed logistic regression (LR) and
random forest (RF) algorithms. Logistic regression was chosen for its
simplicity and interpretability-making it a reliable choice for binary
classification tasks. Random forest-on the other hand-was selected
due to its robustness against overfitting and ability to handle
non-linear relationships in the data.

We constructed six individual models based on three types of
feature sets: radiomics features derived from MRI images-clinical
features obtained from neuropsychological scales-and plasma protein
features measured from blood samples. Clinical and protein features
were subjected to feature selection using the random forest
algorithm-and the selected features were used for model construction.
Additionally, a combined model was developed by integrating the
feature sets using the algorithm that demonstrated superior
performance in preliminary evaluations. This approach aimed to
leverage the strengths of each feature type and improve the overall
predictive accuracy of the model.

2.6 Statistical analysis

The performance of the models was assessed utilizing multiple
statistical metrics-including micro and macro AUC (area under the
curve)-accuracy-sensitivity-and specificity. The micro AUC was
derived by aggregating all classes collectively, whereas the macro AUC
was obtained by averaging the AUC values computed for each
individual class. Accuracy measured the overall correctness of the
model-sensitivity indicated the model’s ability to correctly identify
positive cases-and specificity reflected the model’s ability to correctly
recognize negative cases. All statistical analyses were conducted using
Python Version 3.9.0 with relevant packages such as scikit-learn for
model development and evaluation-and pandas for data processing.

3 Results
3.1 Patient characteristics

The study cohort consisted of 268 people-including 132 with
cognitive normal (CN)-95 with early mild cognitive impairment
(EMCI)-and 41 with late mild cognitive impairment (LMCI). The
mean age was 72 years for CN-69.60 years for EMCI-and 69.34 years
for LMCI-there was significant difference in age distribution among
the three groups (p = 0.008). The gender distribution showed that 63
(47.7%) CN-57 (60.0%) EMCI patients-and 20 (48.8%) LMCI patients
were male-with no significant difference in gender proportion across
the groups (p = 0.168). However-significant differences were observed
in several cognitive assessment scores and biomarkers among the
groups. For instance-the median Alzheimer’s Disease Assessment
Scale-Cognitive Subscale (ADAS-Cogl1) score increased from 5.16 in
CN to 10.00 in LMCI (p < 0.001)-reflecting the progressive cognitive
impairment. In terms of biomarkers-the median pTau217 level was
0.65 for CN-1.34 for EMCI-and 2.19 for LMCI (p = 0.017)-suggesting
an increase in tau pathology as the cognitive impairment worsened
(Table 1).
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3.2 The results of feature selection

Clinical and protein features were selected using the random
forest algorithm. The selection process identified several key features
associated with cognitive impairment progression. For instance-
ADAS-Cogl1-ADAS-cogl3-MOCA-total and MOCA-adjusted-total
were retained as significant clinical features. Among the protein
features-Abeta42-pTau217-and their ratios were selected-indicating
their potential role in distinguishing different stages of cognitive
impairment (Figure 3A).

Radiomic features were extracted from MRI images-and after
feature selection-10 radiomic features were retained (Figure 3B).
These features reflect the morphological and textural changes in
specific brain regions-such as the entorhinal cortex and hippocampus-
which are critical for cognitive function. The coefficients of these
features suggest their contribution to the classification model-with
higher coefficients indicating a stronger association with the cognitive
impairment status.

3.3 Model performance

A total of seven three-classification models (CN vs. EMCI vs.
LMCI) were constructed based on two algorithms [logistic regression
(LR) and random forest (RF)] and three feature sets [radiomics
(RS)-clinical-protein]-including six unimodal models and one
combined model (integrating RS-clinical-and protein features). For
LR models (Table 2)-the combined model exhibited the highest
discriminative performance: in the training set-it achieved a
micro-AUC of 0.92 (95% CI: 0.90-0.94) and macro-AUC of 0.91
(95% CI: 0.88-0.93) (Figures 4A,B)-with micro-sensitivity (SEN)-
micro-specificity (SPE)-micro-precision-and micro-F1 all reaching
0.81; in the test set-it maintained a micro-AUC of 0.87 (95% CI:
0.80-0.93) and macro-AUC of 0.87 (95% CI: 0.80-0.93)-with micro-
SEN-micro-SPE-micro-precision-and micro-F1 at 0.76. The RS
model followed-with a test set micro-AUC of 0.84 (95% CI: 0.76—
0.90)-while the clinical and protein models showed relatively lower
performance (test set micro-AUC: 0.75 and 0.72-respectively). For RF
models (Table 3)-the RS model performed best-with a training set
micro-AUC of 0.88 (95% CI: 0.85-0.92) and test set micro-AUC of
0.80 (95% CI: 0.70-0.89); the clinical and protein models had test set
micro-AUCs of 0.79 and 0.78-respectively. Notably-the LR-based
combined model outperformed all unimodal models and RF-based
models-confirming the synergistic value of multi-modal
feature integration.

Confusion matrices further validated model performance. For
the LR-Combined Model (Figure 4C)-in the training set-it
accurately classified 97 samples of the true label 0-44 of true label
1-and 31 of true label 2 [true positives (TP)]-with only a few
misclassifications between different labels (e.g., 6 samples of true
label 0 misclassified as label 1). In the test set-TP counts were 20-14-
and 8 for true labels 0-1-and 2 respectively-and misclassification
rates were relatively low. In contrast-unimodal models (such as
LR-Clinical-LR-Protein) exhibited higher misclassification rates. For
instance-in the LR-Protein Model’s test set-12 samples of true label
1 were misclassified as label 0-and 5 as label 2. As for RF models-
though the RF-RS Model had a certain classification performance-
with 14 samples of true label 1 correctly classified in the test set-it
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TABLE 1 Characteristic baseline of patients.

10.3389/fneur.2025.1708525

Variable CN (N =132) EMCI (N = 95) LMCI (N = 41) p-value
PTGENDER (%) 0.168
Male 63 (47.7) 57 (60.0) 20 (48.8)
Female 69 (52.3) 38 (40.0) 21(51.2)
Age [mean (SD)] 72.00 (5.86) 69.60 (6.75) 69.34 (7.68) 0.008
PTEDUCAT [median (IQR)] 16.00 [15.00-18.00] 16.00 [14.00-18.00] 16.00 [15.00-18.00] 0.434
MMES [median (IQR)] 29.00 [29.00-30.00] 29.00 [28.00-30.00] 28.00 [26.00-29.00] <0.001
ADAS-cogl1 [median (IQR)] 5.16 [3.25-7.00] 6.33 [5.00-9.00] 10.00 [8.33-11.67] <0.001
ADAS-cogl3 [median (IQR)] 8.33 [5.00-10.42] 10.67 [7.84-14.16] 17.00 [12.67-20.67] <0.001
Visuospatial_executive_function [median (IQR)] 5.00 [4.00-5.00] 4.00 [4.00-5.00] 4.00 [3.00-5.00] 0.001
Naming_score [median (IQR)] 3.00 [3.00-3.00] 3.00 [3.00-3.00] 3.00 [3.00-3.00] 0.049
Attention_score [median (IQR)] 6.00 [5.00-6.00] 6.00 [5.00-6.00] 5.00 [4.00-6.00] <0.001
Language_score (median [IQR]) 3.00 [2.00-3.00] 3.00 [2.00-3.00] 2.00 [2.00-3.00] 0.007
Abstract_thinking_score [median (IQR)] 2.00 [2.00-2.00] 2.00 [2.00-2.00] 2.00 [1.00-2.00] 0.085
Delayed_memory_score [median (IQR)] 2.00 [1.00-4.00] 1.00 [0.00-3.00] 0.00 [0.00-2.00] <0.001
Orientation_score [median (IQR)] 6.00 [6.00-6.00] 6.00 [6.00-6.00] 6.00 [5.00-6.00] <0.001
MOCA.total [median (IQR)] 26.00 [24.00-28.00] 24.00 [22.00-26.00] 22.00 [20.00-24.00] <0.001
MOCA .adjusted.total [median (IQR)] 26.00 [24.00-28.00] 24.00 [22.00-26.00] 22.00 [20.00-24.00] <0.001
Abetad0 [median (IQR)] 395.33 [357.01-442.00] 385.94 [347.52-424.42] 391.98 [355.27-433.79] 0.404
Abeta42 [median (IQR)] 36.64 [31.93-41.91] 37.58 [33.18-41.82] 34.16 [31.30-38.56] 0.217
Abeta_ratio [median (IQR)] 0.09 [0.09-0.10] 0.10 [0.09-0.10] 0.09 [0.09-0.10] 0.013
pTau217 [median (IQR)] 0.65 [0.65-2.16] 1.34 [0.65-2.90] 2.19 [0.65-3.76] 0.017
npTau217 [median (IQR)] 49.44 [40.84-59.63] 46.34 [40.40-54.86] 49.65 [42.66-56.67] 0.308
pTau217_ratio [median (IQR)] 2.21[1.44-4.17] 2.37 [1.54-5.74] 3.94 [1.73-8.61] 0.013

ADAS-Cog, Alzheimer’s Disease Assessment Scale-Cognitive (delayed word recall and number cancellation will be conducted in addition to the 11 standard ADAS-Cog Items).

Abeta_ratio, AP42/Ap40; pTau217_ratio, pTau217/npTau217.

MMSE, Mini Mental State Examination.

MoCA, Montreal Cognitive Assessment (educational bias adjustment: add 1 point to the total score for individuals with <12 years of education).
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Results of feature selection. (A) Results chart of clinical and protein feature selection. (B) Results chart of radiomics feature selection.

still fell short of the LR-Combined Model. These results suggested
that the LR -Combined Model not only achieved high overall
performance but also possessed excellent category -specific

classification  ability-reducing

different categories.
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misclassifications

among

SHapley Additive exPlanations (SHAP) was used to interpret the
decision-making process of the LR combined model-quantifying the

3.4 Explainable analysis

contribution of each feature to the three-classification prediction and
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TABLE 2 Performance of different LR models.

10.3389/fneur.2025.1708525

macro_AUC micro_AUC SEN (ma/mi) SPE (ma/mi)
(95% ClI) (95% CI)

Train 0.92 (0.9-0.94) 0.91 (0.88-0.93) 0.82/0.81 0.9/0.81 0.81
Combined

Test 0.87 (0.8-0.93) 0.87 (0.8-0.93) 0.79/0.76 0.88/0.76 0.76

Train 0.77 (0.72-0.81) 0.72 (0.67-0.76) 0.58/0.56 0.77/0.56 0.56
Clinical

Test 0.75 (0.66-0.84) 0.71 (0.63-0.79) 0.57/0.56 0.76/0.56 0.56

Train 0.79 (0.74-0.83) 0.76 (0.71-0.81) 0.58/0.58 0.77/0.58 0.58
Protein

Test 0.72 (0.63-0.82) 0.74 (0.65-0.82) 0.59/0.53 0.75/0.53 0.53

Train 0.91 (0.88-0.94) 0.89 (0.86-0.92) 0.8/0.79 0.89/0.79 0.79
RS

Test 0.84 (0.76-0.9) 0.83 (0.75-0.89) 0.73/0.75 0.87/0.75 0.75

ACC, accuracy; SEN, sensitivity; ma, macro; mi, micro.
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Evaluation results of the combined model. (A,B) ROC curves of the combined model in the training set and test set. (C) Confusion matrix of the

visualizing results via SHAP bar plots (feature weight ranking) and
SHAP beeswarm plots (feature value-impact relationship).

For CN classification (Figures 5A,B)-the top contributing features
included clinical indicators (ADAS-Cogl1-ADAS-Cogl3-MOCA-
adjusted-total-MOCA-total) and  radiomics  features  (e.g.,
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original_shape_SurfaceVolumeRatio_Left Hippocampus-original

glem_MCC_Left_Hippocampus). Among these-lower ADAS-Cogl11/13
scores (indicating better cognitive function) and higher MOCA scores
had positive SHAP values (promoting CN prediction)-while higher
SurfaceVolumeRatio of the left hippocampus (reflecting intact
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TABLE 3 Performance of different RF models.

10.3389/fneur.2025.1708525

macro_AUC micro_AUC SEN (ma/mi) SPE (ma/mi)
(95% ClI) (95% ClI)

Train 0.82 (0.78-0.86) 0.78 (0.73-0.83) 0.56/0.61 0.77/0.61 0.61
Clinical

Test 0.79 (0.69-0.86) 0.78 (0.67-0.86) 0.55/0.58 0.76/0.58 0.58

Train 0.8 (0.76-0.84) 0.76 (0.7-0.81) 0.54/0.58 0.75/0.58 0.58
Protein

Test 0.78 (0.69-0.86) 0.76 (0.67-0.84) 0.58/0.6 0.8/0.6 0.6

Train 0.88 (0.85-0.92) 0.86 (0.82-0.91) 0.67/0.76 0.86/0.76 0.76
RS

Test 0.8 (0.7-0.89) 0.78 (0.66-0.88) 0.73/0.75 0.86/0.75 0.75

ACC, accuracy; SEN, sensitivity; ma, macro; mi, micro.

hippocampal structure) also contributed to CN classification. For EMCI
classification (Figures 5C,D)-the key discriminative features exhibited
balanced contributions with mean SHAP values = 0.01-including
radiomics features and protein markers (Abeta_ratio-Abeta40-pTau217_
ratio). The SHAP beeswarm plot further revealed that intermediate
values of these features correlated with SHAP values clustered around
0—this “intermediate feature value” pattern effectively distinguished
EMCI from CN (lower feature values) and LMCI (higher feature values).
For LMCI classification (Figures 5E,F)-higher ADAS-Cogl11/13 scores
(indicating severe cognitive decline) and radiomics features such as
original_glem_ClusterShade_4th_Ventricle and  original_gldm_
HighGrayLevelEmphasis_ctx_rh_superiorfrontal had positive SHAP
values (promoting LMCI prediction)-while lower MOCA scores further
supported LMCI classification. Collectively-SHAP analysis revealed that
neuropsychological scales (ADAS-Cog-MOCA) and radiomics features
from key brain regions (hippocampus-middle temporal gyrus-entorhinal
cortex) were the core drivers of the model-enhancing the transparency
and clinical interpretability of the three-classification prediction.

4 Discussion

This research employed the ADNI database to develop and
validate an interpretable multimodal biomarker machine learning
model by integrating structural MRI radiomics features, clinical
variables, and plasma protein markers. The resulting model offers a
robust framework for the diagnosis and staging of mild cognitive
impairment (MCI) and its subtypes, including early MCI (EMCI) and
late MCI (LMCI). Findings indicate that the combined model
outperforms models based on any single modality in terms of
diagnostic accuracy and staging capability. Furthermore, the
application of the SHAP interpretability technique identified critical
pathological features influencing the model’s predictions, thereby
substantially enhancing its clinical relevance and providing a
scientific foundation for precision medicine and personalized
intervention strategies.

4.1 Clinical model

In this study, the CN group exhibited a higher mean age (72 years)
compared to the EMCI group (69.6 years) and the LMCI group
(69.34 years), which contradicts the typical pattern of cognitive
decline with advancing age. A possible explanation is that the CN
participants recruited through the ADNI cohort predominantly
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comprised individuals with strong cognitive reserve at advanced ages,
such as those with higher educational attainment and healthier
lifestyles. This phenomenon aligns with the concept of cognitive
resilience (30). Conversely, the EMCI and LMCI groups may have
included early-onset cases (under 65 years) characterized by more
rapid pathological progression (31); however, the relatively small
sample size may have exaggerated the observed age differences.
Consequently, age was treated solely as a demographic variable and
was excluded from feature selection in the modeling process. Among
neuropsychological scales, we selected MMSE, ADAS-Cog, and
MoCA, which provide critical information on patients’ cognitive and
functional status (32). Feature selection incorporated ADAS-Cog
(11-item and 13-item versions) and MoCA (total score and education-
adjusted total score) into the modeling, playing an important role in
prediction. A study comparing the diagnostic accuracy of these three
cognitive scales for AD and MCI showed that ADAS-Cog had the best
Youden’s index and sensitivity for detecting AD and MCI, followed by
MoCA (33). Notably, MoCA demonstrated significantly higher
sensitivity than MMSE for both Alzheimer’s disease (0.912 vs. 0.874)
and MCI (0.845 vs. 0.757), highlighting its potential as a more
sensitive screening tool. In this study, ADAS-Cog 11/13 and MoCA
scores (adjusted or unadjusted) showed significant differences among
groups (p < 0.001), reflecting the progressive cognitive decline from
CN to EMCI and then LMCI. SHAP analysis indicated that ADAS-Cog
features contributed more than MoCA, consistent with previous
research. However, the overall accuracy of the clinical model was
relatively modest, with training set accuracy (ACC) = 0.56 (logistic
regression, LR)/0.61 (random forest, RF) and test set ACC =0.56
(LR)/0.58 (RF). This phenomenon may be attributed to the reliance of
cognitive assessment scales on subjective patient self-reports and the
evaluators’ expertise, rendering them vulnerable to confounding
influences such as emotional state and fatigue.

4.2 Plasma protein model

Recent studies have shown that plasma pTau217 can predict brain
amyloid levels in early AD (34, 35). In this study, feature selection for
the plasma protein model included concentrations of Ap42, AB40,
pTau217, and non-phosphorylated (np) Tau217, as well as the ratios
AP42/AP40 and pTau217/npTau2l7, providing more comprehensive
data than other models. Results showed median pTau217 levels of 0.65
in the CN group, 1.34 in EMCIJ, and 2.19 in LMCI (p = 0.017); median
pTau217_ratio values were 2.21 (CN), 2.37 (EMCI), and 3.94 (LMCI)
(p = 0.013), indicating a continuous increase in plasma tau protein
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https://doi.org/10.3389/fneur.2025.1708525
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org

Heetal.

10.3389/fneur.2025.1708525

SHAP Bar Plot - EMCI Class
original_glcm_ClusterShade_4th_Ventricle
original_gldm_HighGrayLevelEmphasis_ctx_rh_superiorfrontal

original_firstorder_Median_ctx_Ih_supramarginal

original_shape_¢ io_ctx_lh_s
Abeta_ratio
Abetad0
original_shape_SurfaceVolumeRatio_ctx_rh_entorhinal
pTau217_ratio

ADAS-Cog11

Sum of 10 other features

0.000 0.005 0.010 0.015 0.020

mean(|SHAP value|)

SHAP Bar Plot - LMCI Class

ADAS-Cog11

ADAS-cog13

MOCA-adjusted-total

MOCA-total

original_glcm_ClusterShade_4th_Ventricle
original_gldm_HighGrayLevelEmphasis_ctx_rh_superiorfrontal
original_shape_Elongation_ctx_lh_middletemporal

original_shape_

o_ctx_lh_
original_glem_Imc2_Left_Hippocampus

Sum of 10 other features

0.00 06

.02 0.04 [X
mean(|SHAP value|)

FIGURE 5

plots for the CN-EMCI and CN-LMCI categories respectively.

A B
SHAP Bar Plot - CN Class
ADAS-cog13
ADAS-Cog11
MOCA-adjusted-total
MOCA-total
original_shape_Elongation_ctx_lh_middletemporal
original_firstorder_Median_ctx_Ih_supramarginal
original_glcm_MCC_Left_Hippocampus
original_shape_SurfaceVolumeRatio_ctx_rh_entorhinal
original_shape_SurfaceVol io_Left_Hi
Sum of 10 other features
000 002 004 006 008
mean(|SHAP value|)
C D

SHAP Beeswarm Plot - CN Class
High

ADAS-cog13
ADAS-Cog11
MOCA-adjusted-total
MOCA-total "
original_shape_Elongation_ctx_Ih_middletemporal §
original_firstorder_Median_ctx_lh_supramarginal %
original_glem_MCC_Left_Hippocampus *
original_shape_SurfaceVolumeRatio_ctx_rh_entorhinal
original_shape_SurfaceVolumeRatio_Left_Hippocampus
Sum of 10 other features
Low

-0.1 0.0 0.1
SHAP value (impact on model output)

SHAP Beeswarm Plot - EMCI Class
High

original_glcm_ClusterShade_4th_Ventricle
original_gldm_HighGrayLevelEmphasis_ctx_rh_superiorfrontal
original_firstorder_Median_ctx_lh_supramarginal
original_shape_SurfaceVolumeRatio_ctx_lh_superiortemporal
Abeta_ratio

Abeta40

Feature value

original_shape_SurfaceVolumeRatio_ctx_rh_entorhinal
pTau217_ratio
ADAS-Cog11

Sum of 10 other features

Low
-0.05 0.00 0.05

SHAP value (impact on model output)

SHAP Beeswarm Plot - LMCI Class
High

ADAS-Cog11

ADAS-cog13

MOCA-adjusted-total

MOCA-total
original_glcm_ClusterShade_4th_Ventricle

original_gldm_HighGraylLevelEmphasis_ctx_rh_superiorfrontal

Feature value

original_shape_Elongation_ctx_|h_middletemporal
original_shape_SurfaceVolumeRatio_ctx_lh_superiortemporal
original_glcm_Imc2_Left_Hippocampus

Sum of 10 other features

Low

-0.1 0.0

0.1
SHAP value (impact on model output)

SHAP analysis plot results. (A,C,E) Are SHAP analysis bar plots for the CN-EMCI and CN-LMCI categories respectively. (B,D,F) Are SHAP analysis swarm

levels with cognitive decline, consistent with other studies and disease
progression. The plasma protein model demonstrated relatively stable
classification performance in both training and test sets, but with
slightly lower accuracy and sensitivity, suggesting that pathological
changes in plasma proteins are less distinct between MCI subtypes
than in AD, aligning with the pathological progression of AD. The
relatively weak performance of both clinical and protein models as
single modalities reflects the limitations of single-dimensional data,
but their low cost and ease of acquisition make them suitable as
primary screening tools.
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4.3 Radiomics model

This study employed a rigorous feature selection process,
integrating variance thresholding, univariate selection, and the
LASSO algorithm, to identify a set of radiomic features with clear
biological significance for model construction. The final selection
comprised 10 features (Figure 3B), which were predominantly
localized in the entorhinal cortex, left hippocampus, and temporal
lobe. These critical brain regions are closely associated with
cognitive function and align well with the established pathological
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mechanisms of Alzheimer’s disease and mild cognitive impairment,
such as early involvement of the entorhinal cortex and
hippocampus (36, 37) and cognitive domain impairments linked
to the temporal lobe (38). The radiomics model built on these 10
features showed the best performance among single modalities:
training set macro AUC = 0.91 (LR)/0.88 (RF), micro AUC = 0.89
(LR)/0.86 (RF); test set macro AUC = 0.84 (LR)/0.80 (RF), micro
AUC = 0.83 (LR)/0.78 (RF). Reduced surface volume ratios in the
entorhinal cortex, temporal lobe, and left hippocampus directly
reflect progressive atrophy in these regions during disease
progression, serving as “macroscopic indicators” for subtype
differentiation. Texture features (e.g., GLM_MCC, GLM_Imc2,
GLM_Cluster Shade) capture microstructural heterogeneity within
brain regions; changes in texture features of the fourth ventricle,
temporal lobe, and hippocampus may reflect microscopic
pathology such as neuronal loss and gliosis (39), serving as
“microscopic indicators” for early detection of potential lesions.
The radiomics model’s performance approaches that of the
combined model, strongly supporting structural MRI as a core
biomarker for cognitive impairment.

4.4 Combined model

The core innovation of this study lies in integrating three
different data dimensions: sMRI radiomics (RS), which directly
reflects subtle brain structural damage (e.g., hippocampal atrophy,
ventricular enlargement); clinical cognitive scales (Clinical), which
quantify cognitive decline (e.g., memory, executive function); and
plasma proteins (Protein), which capture molecular pathology
(e.g., tau tangles). The combined model significantly outperformed
single-modality models across all metrics (AUC, sensitivity,
specificity, accuracy): training set macro AUC = 0.92 (vs. RS 0.91,
Protein 0.79, Clinical 0.77), micro AUC = 0.91 (vs. RS 0.89, Protein
0.76, Clinical 0.72), ACC = 0.81 (vs. RS 0.79, Protein 0.58, Clinical
0.56); test set macro AUC = 0.87 (vs. RS 0.84, Protein 0.72, Clinical
0.75), micro AUC = 0.87 (vs. RS 0.83, Protein 0.74, Clinical 0.71),
ACC =0.76 (vs. RS 0.75, Protein 0.53, Clinical 0.56). This strongly
supports that MCI is a multidimensional disease involving
“pathology-cognition-clinical” interactions (40). Currently, the
most commonly used method for diagnosing mild cognitive
impairment (MCI) in clinical practice remains neuropsychological
scales. Research has shown that for detecting MCI, the sensitivities
of ADAS-cog, MoCA, and MMSE range from 0.757 to 0.869, with
specificities between 0.721 and 0.835 (33). In this study, the
combined model achieved a sensitivity of 0.82 and a specificity of
0.9 in the training set, indicating that its sensitivity is significantly
higher than that of conventional clinical methods. Moreover, since
ADNI collaborates with the National Institute on Aging, the
baseline grouping of enrolled participants strictly follows clinical
diagnostic criteria, further demonstrating the practical value of the
combined model. Multimodal data fusion more effectively captures
the complex and complementary information at different MCI
stages, overcoming the limitations of single data sources and
achieving higher accuracy in distinguishing MCI subtypes.
Moreover, compared to invasive cerebrospinal fluid tests and
expensive PET scans, the features selected in this model are more
accessible, warranting broad application.
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4.5 SHAP analysis

This study conducted a comprehensive SHAP interpretability
analysis, employing bar plots and beeswarm plots to clarify the
predictive mechanisms of the combined model. The findings indicate
that the classification of CN individuals predominantly depends on
cognitive assessments, with ADAS-Cog and MoCA emerging as
principal features, underscoring the significance of “cognitive reserve”
in preserving normal cognitive function. In contrast, the classification
of MCI, including EMCI and LMCI, relies more substantially on
radiomic biomarkers—such as ventricular texture and hippocampal
morphology—and plasma biomarkers, including Ap40, Ap ratio, and
pTau2l7 ratio. These biomarkers reflect the influence of “brain
structural damage” and “pathological protein deposition” in cognitive
deterioration. For EMCI classification, discriminative features exhibited
relatively balanced contributions, likely attributable to EMCI’s
intermediate status between CN and LMCI, characterized by subtler
distinguishing features that complicate differentiation. In LMCI
classification, the prominence of the ADAS-Cog cognitive test increased,
indicating more marked cognitive decline in advanced MCI stages and
enhanced sensitivity of the assessment. This stratified feature attribution
offers data-driven support for precise Alzheimer’s disease subtyping,
facilitating early diagnosis and targeted intervention strategies.

4.6 Limitations and future directions

Although this study has yielded significant findings, certain
limitations persist, notably the relatively small sample size, class
imbalance and the reliance on data from a single center. Future
research should prioritize multicenter studies with larger sample sizes
to facilitate external validation. The present model integrates clinical
data, plasma protein markers, and structural MRI features, rendering
it appropriate for broad screening and preliminary diagnosis.
Subsequent investigations may benefit from incorporating additional
biomarkers to provide a more comprehensive representation of the
underlying pathology. Moreover, the inclusion of longitudinal
follow-up data to assess the model’s ability to predict the risk of
conversion from EMCI or LMCI to Alzheimer’s disease dementia
would further augment its clinical utility.

5 Conclusion

The multimodal fusion and interpretable machine learning
framework developed in this study for the diagnosis and staging of
MCI exhibited superior classification performance, utilizing
radiomics as the primary feature source complemented by clinical
scales and plasma protein biomarkers. A principal advantage of this
approach is its reliance on accessible, cost-effective blood assays and
widely available T1-weighted structural MRI, thereby substantially
reducing implementation barriers and expenses. This renders the
model well-suited for large-scale population screening, community-
based follow-up, and therapeutic evaluation. Furthermore,
integration with SHAP interpretability analysis elucidates the
contribution of critical features underlying MCI onset and
progression, offering clinicians transparent and reliable decision
support. Future research will prioritize extensive multicenter
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validation with larger cohorts, expansion of multimodal data
inputs, and seamless incorporation into clinical workflows to
facilitate broad adoption in precise MCI screening, staging, and
personalized intervention strategies.
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