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ABSTRACT

Background and Purpose: Magnetic resonance imaging (MRI) is often limited by safety 
concerns and long acquisition times in elderly patients. We evaluated the potential clinical 
utility of an artificial intelligence (AI) model, Morph Computed Tomography (CT) Plus, to 
predict three-year dementia conversion in mild cognitive impairment (MCI) using rapid low-
dose CT scans, prioritizing its role as a safe and efficient triage tool.
Methods: We analyzed 896 MCI (Clinical Dementia Rating [CDR]=0.5) patients from the 
Korea-Registries to Overcome Dementia and Accelerate Dementia Research cohort. A deep 
learning model quantified regional brain atrophy. We implemented a dual-cutoff risk-
stratification strategy to optimize clinical workflow, comparing 90% and 95% sensitivity/
specificity operating targets.
Results: The model achieved an area under the curve of 0.870. The 90% strategy was 
superior for clinical triage, limiting the intermediate-risk group to 27.3% (n=99) compared 
to 49.6% (n=180) in the 95% strategy. For the combined high- and low-risk groups, the 
90% strategy yielded an overall accuracy of 87.5%, with a positive predictive value of 83.3% 
and a negative predictive value of 90.4%. High-risk patients demonstrated a 14.13-fold higher 
hazard of conversion (p<0.001).
Conclusions: AI-driven CT analysis provides a high-precision, inclusive triage tool. The 90% 
strategy offers a scalable solution for early dementia management, especially for patients 
with MRI contraindications, demonstrating significant potential clinical utility.

Keywords: Mild Cognitive Impairment; Dementia; Artificial Intelligence; Tomography, 
X-ray Computed; Health Technology Assessment

INTRODUCTION

As South Korea rapidly transitions toward a super-aged society, projected to occur by 
2025, the socioeconomic burden of dementia is becoming the nation's most critical public 
health challenge.1,2 The current paradigm for dementia screening relies heavily on magnetic 
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resonance imaging (MRI) and amyloid positron emission tomography (PET). However, 
the clinical application of MRI in the elderly population—the demographic at the highest 
risk—is frequently hindered by a variety of logistical and physiological factors. Standard 
MRI protocols often require 20 to 40 minutes of total stillness, a requirement that is often 
intolerable for frail or cognitively impaired geriatric patients. The loud noise and enclosed 
space of MRI units frequently trigger severe agitation, claustrophobia, or panic, leading to 
motion artifacts that compromise image quality or result in complete scan failures.3

Furthermore, safety contraindications create a significant “diagnostic void.” A substantial 
portion of the elderly population has implantable medical devices, such as cardiac 
pacemakers, neurostimulators, or metallic fragments, which completely preclude 
MRI screening.4 This means that the most vulnerable individuals are often left without access 
to early prognostic insights. While amyloid PET offers gold-standard pathology data, its high 
cost and limited geographic accessibility in primary care and community-based settings 
further exacerbate the “diagnostic gap,” preventing timely intervention for millions.5,6

Computed tomography (CT) offers an inclusive, rapid, and universally available alternative. 
A typical brain CT scan can be completed in less than five minutes and is generally better 
tolerated by patients with mobility issues or respiratory distress.7,8 Despite this ubiquity, CT has 
been historically underutilized for neurodegenerative prognosis because the human eye often 
fails to detect the subtle, regional brain atrophy patterns characteristic of early-stage dementia.9 
Recognizing this limitation, the Health Insurance Review and Assessment Service (HIRA) in 
Korea has recently refined its evaluation guidelines. Specifically, HIRA has identified artificial 
intelligence (AI)-based imaging technologies that derive novel prognostic biomarkers—
information that is clinically essential but cannot be identified through traditional human 
interpretation—as a representative example of Category D medical technology.10

This classification underscores the national policy importance of developing AI solutions 
that can repurpose accessible imaging data into high-level evidence for disease progression. 
One such example highlighted by regulatory authorities is the use of brain CT to accurately 
predict the prognosis of neurological diseases.10 Such technologies are designated as 
suitable candidates for New Health Technology Assessment due to their potential to provide 
information beyond the general role of the original diagnostic test.

The primary objective of this study is to validate the potential clinical utility of Morph 
CT Plus, an AI-based software developed using the Korea-Registries to Overcome Dementia 
and Accelerate Dementia Research (K-ROAD) cohort.11 By focusing on patients with mild 
cognitive impairment (MCI), the critical window for intervention, we demonstrate how 
AI-driven analysis of low-dose CT scans can serve as a safe, inclusive, and high-precision 
triage tool to support the South Korean “National Responsibility for Dementia.”12,13

METHODS

Study participants
This retrospective prognostic cohort study included patients with MCI, operationally 
defined as having a baseline Clinical Dementia Rating (CDR) score of 0.5.14 Participants 
were recruited from the K-ROAD project between January 2015 and December 2023.11 
Eligible participants met the following criteria: 1) age ≥50 years; 2) baseline CDR score of 
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0.5; and 3) available follow-up for 3 years (±6 months). Dementia conversion was defined as 
progression to a CDR score ≥1.0. Exclusion criteria included structural brain abnormalities 
(e.g., stroke, tumors) or severe psychiatric disorders.14

All participants provided written informed consent, and the study was approved by the 
Institutional Review Board of Samsung Medical Center (No. 2021-02-135).

Acquisition of CT images
The CT images analyzed in this study were low-dose scans acquired as part of amyloid 
PET-CT protocols, primarily for attenuation correction, rather than standalone CT examinations 
performed for prognostic assessment. All CT scans were acquired using the same PET/
CT scanner model (Discovery STe, GE Medical Systems, Milwaukee, WI, USA) in three-
dimensional mode at a single center, ensuring consistency in hardware and reconstruction 
algorithms across participants. Common reconstruction settings were maintained throughout 
the study period, including a slice thickness of 3.75 mm, a STANDARD convolution kernel, 
and a 512×512 matrix. Depending on the PET tracer protocol, tube voltage and tube current 
ranged from 120–130 kVp and 50–95 mA, respectively. The pixel size ranged from 0.488 to 
0.500 mm, yielding voxels of 0.488–0.500×0.488–0.500×3.75 mm3.

Software development
We developed Morph CT Plus (BeauBrain Healthcare Inc., Seoul, Korea), an AI-based 
software as a medical device approved by the Ministry of Food and Drug Safety. The software 
is designed to predict three-years dementia conversion risk in patients with MCI (CDR=0.5) 
who have not been diagnosed with dementia. The software integrates non-contrast brain 
CT images with clinical variables, including age, sex, years of education, and Clinical 
Dementia Rating-sum of boxes (CDR-SB). The model generates both a continuous risk score 
ranging from 0 to 100 and a categorical risk stratification (low, intermediate, high) to support 
clinical decision-making.

Image processing pipeline
The software employs a deep learning-based segmentation algorithm, previously validated 
against 3D T1-weighted MRI, to automatically segment 14 predefined anatomical brain 
regions and quantify cerebrospinal fluid (CSF) and lateral ventricle volumes.8 To account 
for demographic and modality-related variability, W-scores were calculated as standardized 
residuals from linear regression model fitted in the K-ROAD cohort, in which regional 
brain volumes were modeled as functions of age, sex, and imaging modality. Both 
regional and a global composite W-scores (calculated as the sum of across 14 regions) 
are incorporated as imaging-derived features. These features, together with clinical input 
variables are used in the dementia conversion prediction model.

Model development and test
The dataset (n=896) was split into a training/validation set (n=533, 59.5%) and an 
independent test set (n=363, 40.5%) using stratified sampling to preserve the class 
distribution. The independent test set was completely held out from all stages of model 
development, including preprocessing, model training, and hyperparameter optimization. 
Candidate predictors included demographic and clinical variables (age, sex, years of 
education, and CDR-SB) and imaging-derived metrics comprising regional W-scores 
from 14 predefined brain regions and a global composite W-score, yielding 19 candidate 
predictors. Continuous variables (age, years of education, and W-scores) were standardized 
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using z-score normalization, and CDR-SB was scaled using a robust scaler to reduce 
sensitivity to outliers. Sex was encoded as a binary variable. All preprocessing parameters 
were estimated exclusively from the training data and subsequently applied to validation and 
test cohorts to prevent information leakage.

Six supervised machine learning algorithms—logistic regression, random forest, gradient 
boosting, support vector machine, extreme gradient boosting, and multilayer perceptron—
were evaluated within the training/validation cohort using stratified five-fold cross-validation. 
Hyperparameters were optimized via grid search with cross-validated area under the curve 
(AUC) as the selection criterion (Supplementary Table 1).15-20 No resampling techniques were 
applied to address class imbalance. The final logistic regression model was trained on the full 
training/validation set (n=533) and evaluated on the independent test set (n=363).

To enhance interpretability, SHapley Additive exPlanations (SHAP) were applied to quantify 
both global feature importance and individual-level contributions to predicted dementia 
conversion risk. The classifier generated a predicted probability of conversion for each 
participant, which was subsequently used for clinically oriented risk stratification. A two 
cutoffs strategy was implemented to define low-, intermediate-, and high-risk groups. For 
each predefined operating target (90% and 95% sensitivity or specificity), a lower cutoff was 
selected to achieve the target sensitivity (minimizing false negatives) and an upper cutoff 
was selected to achieve the target specificity (minimizing false positives). Participants with 
predicted probabilities below the lower cutoff were classified as low risk, those above the 
upper cutoff as high risk, and those between the two thresholds as intermediate risk. These 
thresholds were fixed and applied without recalibration to the independent test set. Positive 
predictive values (PPVs) and negative predictive value (NPV) were calculated to assess clinical 
operating performance of the resulting risk strata.

Statistical analysis
All statistical analyses were performed using Python (version 3.12) with scikit-learn pandas, 
and statsmodels libraries for model development, and R (R Studio version 2023.12.1+402; 
Boston, MA, USA) for statistical testing and visualization. Baseline participants 
characteristics were compared between the development and test sets using Welch’s 
two-sample t-test for continuous variables and Pearson’s χ2 tests for categorical variables. 
Differences across risk stratification groups were evaluated using one-way analysis of 
variance for continuous variables, followed by Tukey’s post hoc tests for pairwise comparisons. 
Categorical variables were compared using χ2 tests, with Bonferroni correction employed for 
multiple pairwise comparisons.

Survival analysis was performed to evaluate time-to-dementia conversion within the three-
year follow-up period. Kaplan-Meier survival curves were constructed for each risk group, 
and differences among groups were assessed using the log-rank test. Cox proportional 
hazards regression was performed to estimate hazard ratios for dementia conversion across 
risk groups, with the low-risk group serving as the reference category.

SHAP values were calculated using the shap Python library (version 0.50.0) to assess feature 
importance. Statistical significance was set at p<0.05 (two-sided) for all analyses.

To evaluate the incremental value of CT-derived imaging features, the performance 
of a clinical-only model (age, sex, years of education, and CDR-SB) was compared with 

94https://doi.org/10.12779/dnd.2026.25.2.91

AI-CT Dementia Prediction in MCI

https://dnd.or.kr



that of the combined model using AUC, PPV, NPV, and the proportion of intermediate-risk 
classifications.

RESULTS

Baseline participant characteristics
The baseline demographic and clinical characteristics of the study participants are 
summarized in Table 1. The study included a total of 896 patients with MCI (mean age 72.0 
years, 57.1% female, mean education 11.7 years). The development set (n=533) and test 
set (n=363) showed no significant differences in demographic or clinical characteristics, 
including age, sex, education, baseline CDR-SB, or dementia conversion rate. The mean 
follow-up duration was slightly longer in the development set compared with the test set 
(38.8±18.2 months vs. 35.9±14.2 months, respectively, p=0.008).

Model selection and classification performance
We compared six classifiers using five-fold cross-validation on the development dataset 
(Supplementary Table 1). Logistic regression achieved the highest cross-validation 
AUC (0.861±0.012) and was selected for subsequent analyses (Supplementary Fig. 1A). 
On the independent test set (n=363), the logistic regression model achieved an AUC of 0.870, 
with accuracy of 0.793, sensitivity of 0.701, and specificity of 0.861 (Supplementary Fig. 1B). 
During cross-validation on the training/validation set (n=533), fold-wise AUCs ranged from 
0.841 to 0.870 (Supplementary Fig. 1A). The distribution of predicted probabilities showed 
clear separation between converters and non-converters in both development and test 
datasets (Fig. 1).

Feature importance
SHAP analysis identified CDR-SB as the dominant predictor, with SHAP values ranging 
from −0.28 to +0.52 (Supplementary Fig. 1C). Among imaging features, parietal and 
temporal CSF W-scores showed the greatest contribution to model prediction of dementia 
conversion (right parietal: −0.32 to +0.32; left parietal: −0.31 to +0.35), followed by right 
temporal CSF W-score (−0.21 to +0.23). As W-scores reflect the degree of regional brain 
atrophy, greater atrophy in these regions was associated with higher conversion probability, 
consistent with known patterns of early neurodegeneration in Alzheimer’s disease. Sex 
contributed moderately (SHAP −0.08 to +0.06), while age (−0.05 to +0.05) and education 
(−0.09 to +0.06) had minimal influence.

95https://doi.org/10.12779/dnd.2026.25.2.91

AI-CT Dementia Prediction in MCI

https://dnd.or.kr

Table 1. Baseline participant characteristics
Characteristics Total (n=896) Development set (n=533) Test set (n=363) p-value
Age (yr) 72.0±7.7 71.7±7.5 72.4±8.0 0.152
Sex (female) 512 (57.1) 310 (58.2) 202 (55.6) 0.498
Education (yr) 11.7±4.7 11.5±4.6 11.9±4.9 0.267
CDR-SB 1.8±1.1 1.8±1.1 1.8±1.1 0.930
Dementia converters 371 (41.4) 217 (40.7) 154 (42.4) 0.659
Follow-up duration (mon) 37.7±16.7 38.8±18.2 35.9±14.2 0.008*

Data presented as mean ± standard deviation for continuous variables and number (%) for categorical variables.
Between group comparisons were performed using Welch two sample t-tests for continuous variables or Pearson’s χ2 tests for categorical variables.
CDR-SB: Clinical Dementia Rating-sum of boxes.
*p<0.05.



Risk stratification performance
The logistic regression model stratified patients into low-, intermediate-, and high-risk 
groups for dementia conversion using sensitivity/specificity-based probability cut-offs 
(Fig. 1). We stratified patients into three risk groups using two cut-off strategies (Fig. 2). 
The 90% sensitivity/specificity cut-off strategy (lower cut-off=0.25; higher cut-off=0.62) 
classified 156 patients (43.0%) as low-risk, 99 (27.3%) as intermediate-risk, and 108 
(29.8%) as high-risk. The low-risk group achieved 90.4% (95% confidence interval [CI], 
84.6%–94.5%) NPV and the high-risk group achieved 83.3% (95% CI, 74.9%–89.8%) PPV. 
This strategy limited the intermediate-risk group to 27.3% of patients, enabling definitive 
risk classification for 72.7% of the cohort with 87.5% overall accuracy (Table 2). The 95% 
sensitivity/specificity strategy (lower cut-off=0.17; higher cut-off=0.79) classified 118 patients 
(32.5%) as low-risk, 180 (49.6%) as intermediate-risk, and 65 (17.9%) as high-risk, with 
improved NPV of 90.7% (95% CI, 83.9%–95.3%) and PPV of 86.2% (95% CI, 75.3%–93.5%), 
achieving 89.1% accuracy for definitive classifications, though nearly half of patients (49.6%) 
required additional testing.

Baseline characteristics using the 90% strategy differed significantly across risk group 
(Table 3). The high-risk group was older (73.8±7.8 vs. 71.3±7.6 years), had higher 
CDR-SB scores (3.2±0.8 vs. 0.8±0.4), and substantially higher conversion rate (83.3% vs. 
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Fig. 1. Distribution of predicted probabilities of conversion based on the logistic regression model. (A) Distribution of predicted conversion probabilities for 
the model development dataset and (B) the model test dataset. Blue dots represent non-converters and red dots represent converters. On the right y-axis, the 
probability values corresponding to the evaluated risk thresholds are demonstrated and accompanied by the metric used to define them (90% and 95% Se or 90% 
and 95% Sp). The dashed lines indicate where these thresholds fall on the probability distribution, with the lower lines corresponding to the Se-based thresholds 
(0.25 for 90% Se, 0.17 for 95% Se) and the upper lines corresponding to the Sp-based thresholds (0.62 for 90% Sp and 0.79 for 9% Sp). These thresholds define the 
boundaries for low-, intermediate-, and high-risk groups. 
Se: sensitivity, Sp: specificity.

Table 2. Performance metrics for definitive risk classifications
Strategy Number (low + high) Accuracy PPV NPV Intermediate %
90% Se/Sp 264 87.5% 83.3% 90.4% 27.3%
95% Se/Sp 183 89.1% 86.2% 90.7% 49.6%
Metrics calculated for patients classified as low-risk or high-risk only (excluding intermediate-risk group).
PPV: positive predictive value, NPV: negative predictive value, Se: sensitivity, Sp: specificity.



9.6%) compared to the low-risk group (all p<0.05), with the intermediate-risk group showing 
intermediate values. All W-scores demonstrated progressive atrophy across risk groups 
(all p<0.05), with the global composite showing a stepwise gradient (0.1±1.0, −0.8±1.0, 
−1.5±1.1 for low, intermediate, and high risk; all pairwise p<0.05).
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Fig. 2. Risk stratification based on model-predicted conversion probabilities using dual cut-off strategies. The panels illustrate risk stratification workflows based 
on (A) 90% Se and 90% Sp thresholds strategy and (B) 95% Se and 95% Sp threshold strategy. Each panel shows the distribution of predicted probabilities 
with individuals categorized into high-risk (red), intermediate-risk (orange), and low-risk (blue) groups. The lower threshold (0.25 for 90% Se; 0.17 for 95% Se) 
identifies subjects at low risk of conversion with high Se, while the higher threshold (0.62 for 90% Sp; 0.79 for 95% Sp) identifies subjects at high risk with high 
Sp. The predictive accuracy of the stratification is demonstrated by arrows showing the positive predictive value (percentage of converters in the high-risk group: 
83.3% in [A] 86.2% in [B]) and negative predictive value (percentage of non-converters in the low-risk group: 90.4% in [A], 90.7% in [B]). 
Se: sensitivity, Sp: specificity.

Table 3. Baseline characteristics by risk group (90% sensitivity/specificity)
Characteristics Low risk (n=156) Intermediate risk (n=99) High risk (n=108)
Age (yr) 71.3±7.6 72.8±8.5 73.8±7.8*

Sex (female) 76 (48.7) 60 (60.6) 66 (61.1)
Education (yr) 12.2±4.8 12.0±4.7 11.4±5.3
CDR-SB 0.8±0.4 1.8±0.7* 3.2±0.8*†

Dementia converters 15 (9.6) 49 (49.5)* 90 (83.3)*†

Follow-up duration (mon) 42.2±14.3 35.0±12.3* 27.8±10.8*†

W-scores
Left frontal CSF 0.1±0.9 −0.5±1.0* −0.9±1.1*†

Left occipital CSF 0.1±1.0 −0.5±1.1* −0.8±1.1*

Left parietal CSF 0.2±0.9 −0.4±1.1* −1.0±1.1*†

Left temporal CSF 0.3±0.9 −0.7±1.0* −1.3±1.1*†

Left anterior LV 0.0±1.2 −0.6±1.2* −0.9±1.2*

Left posterior LV 0.1±1.1 −0.5±1.1* −1.0±1.6*†

Left inferior LV 0.0±1.2 −0.9±1.4* −1.8±1.9*†

Right frontal CSF 0.1±0.9 −0.5±1.0* −0.9±1.0*†

Right occipital CSF 0.0±1.0 −0.4±1.0* −0.5±0.9*

Right parietal CSF 0.2±1.0 −0.4±1.0* −0.9±1.1*†

Right temporal CSF 0.1±1.0 −0.8±1.1* −1.3±1.1*†

Right anterior LV 0.0±1.1 −0.5±1.2* −0.9±1.3*

Right posterior LV 0.0±1.0 −0.6±1.3* −1.0±1.6*†

Right inferior LV 0.0±1.1 −1.0±1.4* −1.6±1.7*†

Global 0.1±1.0 −0.8±1.0* −1.5±1.1*†

Data presented as mean ± standard deviation for continuous variables and number (%) for categorical variables. 
Statistical comparisons among risk groups were conducted using analysis of variance for continuous variables 
and χ2 tests for categorical variables.
CDR-SB: Clinical Dementia Rating-sum of boxes, CSF: cerebrospinal fluid, LV: lateral ventricle.
*Denotes a significant difference compared to the low-risk group. †Indicates a significant difference compared to 
the intermediate-risk group.
Statistical significance was defined as p<0.05.



Kaplan-Meier survival analysis demonstrated significant differences in time-to-dementia 
conversion across the risk groups (log-rank test, p<0.001, Fig. 3). Cox proportional hazards 
regression revealed that compared to the low-risk group, intermediate-risk patients 
had a 5.97-fold higher hazard of conversion (95% CI, 3.12–11.44; p<0.001), and high-risk 
patients had a 14.13-fold higher hazard (95% CI, 7.66–26.07; p<0.001). The three-year 
dementia-free survival rates were 92.0% for low-risk, 59.1% for intermediate-risk, and 31.3% 
for high-risk groups (Supplementary Table 2).

DISCUSSION

This study demonstrates that a dual-cutoff risk-stratification strategy using AI-
based CT analysis provides a robust and actionable prognostic tool for patients with 
MCI (CDR=0.5). In our independent test set, the 90% sensitivity/specificity strategy 
successfully limited the intermediate-risk (undecided) group to a manageable 27.3% of the 
total cohort. This result is particularly significant for clinical practice; for the remaining 
72.7% of patients, the model achieved a combined group accuracy of 87.5% and a NPV of 
90.4%. These findings indicate that the vast majority of patients can receive a definitive risk 
assessment immediately, establishing the potential clinical utility required for innovative 
medical technology adoption by National Evidence-based healthcare Collaborating Agency 
and HIRA.10,13 By providing actionable results for nearly three-quarters of the population with 
such high precision, this technology bridges the technical gap between accessible CT and 
specialized MRI-based models.8

The practical value of Morph CT Plus lies in its ability to optimize the national dementia 
screening pathway by addressing critical “unmet needs.” In the current healthcare landscape, 
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Fig. 3. Kaplan-Meier survival analysis by risk stratification group. Kaplan-Meier survival curves and summary 
statistics for three risk groups in the test data set. The table shows 3 years dementia-free probability with 95% 
confidence intervals and hazard ratios for each group. Shaded areas indicate 95% confidence intervals. 
Log-rank test p<0.001.



primary care facilities often lack the resources to differentiate stable MCI cases from those 
at high risk of rapid decline. Our technology provides an efficient “Triage Pathway” that 
identifies a large low-risk group that can be safely managed with routine monitoring, 
effectively deferring the need for expensive PET scans or invasive biomarker tests for 
these individuals.5,21 This optimizes the allocation of national health insurance resources, 
prioritizing specialized clinics and high-cost diagnostics for the high-risk group, which in 
our study exhibited a 14.13-fold increase in conversion hazard. Among individuals classified 
as intermediate-risk patients, further diagnostic workup would be recommended to enable 
more definitive risk stratification, including advanced neuroimaging such as amyloid 
PET or MRI, or emerging fluid biomarkers such as plasma p-tau217. This is consistent with 
the intended role of Morph CT Plus as a triage tool that prioritizes more costly or invasive 
diagnostic procedures for those most likely to benefit. Taken together, these findings support 
the analytical validity and economic potential of the proposed framework and its potential 
to improve clinical efficiency and resource allocation, aligning with the goals of the National 
Responsibility for Dementia.12,22

We intentionally utilized a dual-cutoff strategy rather than a single-cutoff binary classification 
to provide a risk-based hierarchy (low, intermediate, high). This approach is strategically 
designed to support clinical decision-making while avoiding the misconception that the AI is 
providing a “definitive diagnosis.”23 Concerns are frequently raised regarding AI tools that 
act as ‘black-box’ diagnostic replacements; however, by providing a conversion probability 
and risk stratification, Morph CT Plus serves as a sophisticated prognostic aid that enhances 
clinician judgment.24 While a single-cutoff model achieved a baseline accuracy of 79.3%, the 
dual-cutoff approach significantly enhanced diagnostic confidence for the targeted groups, 
ensuring that only those with highly certain risk profiles are prioritized for intervention.

In our comparative analysis of operating targets, the 90% strategy proved superior to the 
95% threshold for large-scale clinical application. While the 95% strategy provided extreme 
specificity for the high-risk group, it left 49.6% of patients in the intermediate zone. 
Such a high rate of “undecided” results would lead to a bottleneck in clinical workflows 
and reduce the technology’s impact on public health. The 90% strategy offers the optimal 
balance, ensuring high precision while maintaining a low undecided rate. Furthermore, 
SHAP analysis identified parietal CSF W-scores as a dominant imaging predictor. This 
aligns with the “retrogenesis” theory, suggesting that association cortices are among the 
first to atrophy in early-stage Alzheimer’s disease.25,26 This supports the biological validity of 
the model, suggesting that the AI is capturing real neurodegenerative changes rather than 
imaging noise.8

Although CDR-SB emerged as the dominant predictor in our model, reflecting its central 
role in capturing cognitive and functional impairment, the incorporation of imaging-
derived features provided meaningful complementary value. Rather than substantially 
altering overall model discrimination, imaging biomarkers contributed to refining risk 
stratification at clinically relevant decision boundaries. In particular, the combined model 
demonstrated a significantly improved model fit compared to the clinical-only model, 
indicating that the inclusion of imaging-derived features provides additional explanatory 
value beyond clinical variables along (Supplementary Table 3). These findings highlight 
that, even in the presence of strong clinical predictors, imaging features can enhance the 
practical utility of risk prediction models by supporting more confident and targeted clinical 
decision-making.
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Strengths of this study include the utilization of the large-scale Korean K-ROAD cohort, 
ensuring that the model is optimized for the ethnic and anatomical characteristics of the 
domestic population.11 Several limitations of this study merit consideration. First, this 
study was conducted within a single-center cohort (K-ROAD), and the model has not 
been externally validated in geographically or ethnically diverse populations. Second, 
the CT images in this study were acquired using a low-dose protocol for PET attenuation 
correction, which may differ from routine diagnostic non-contrast brain CT in noise level, 
spatial resolution, and reconstruction parameters. Although the underlying segmentation 
model was trained with synthetic images to promote robustness across varying acquisition 
conditions and demonstrated generalizability on external ADNI data,8 direct validation 
on routine clinical CT has not been performed. Future multi-center studies incorporating 
routine diagnostic CT datasets are needed to confirm the broader clinical applicability of 
this framework. Third, white matter hyperintensities (WMH), and important contributor 
to cognitive impairment, are difficult to quantify reliably on CT and were not explicitly 
captured in our model. However, previous studies have shown that when structural brain 
atrophy and WMH are evaluated simultaneously, the independent contribution of WMH to 
cognitive decline is often significantly diminished, as its effects are largely mediated 
through subsequent brain atrophy. Therefore, the prominent regional CSF and ventricular 
expansions quantified by our model likely capture not only primary neurodegeneration but 
also the downstream structural consequences of cerebral small vessel disease. Nonetheless, 
the potential incremental value of explicit WMH quantification remains an area for future 
investigation. Fourth, individuals with different underlying etiologies may exhibit distinct 
structural atrophy patterns, and etiology-specific model performance was not evaluated in 
the current study. Future studies stratified by amyloid status or underlying etiology would 
help clarify the model’s predictive utility across different dementia subtypes.

In conclusion, Morph CT Plus offers a safe and highly efficient triage solution that fulfills the 
rigorous criteria for New Medical Technology, potentially improving patient outcomes while 
ensuring the economic sustainability of the national dementia management framework.

SUPPLEMENTARY MATERIALS

Supplementary Table 1
Performance comparison of machine learning classifiers for predicting three-year dementia 
conversion

Supplementary Table 2
Survival outcomes and HRs by risk stratification group

Supplementary Table 3
Comparison of model performance and incremental value of CT features

Supplementary Fig. 1
Model performance evaluation and feature importance analysis. (A) Five-fold cross-validation 
performance on the development dataset (individual folds in color, mean in black) and 
(B) performance on the independent test dataset. (C) The SHAP beeswarm plot displaying the 
contribution of the nineteen input features to the logistic regression model’s output. Features 
are ranked by their overall impact on model predictions. Each point represents a single subject, 
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with the horizontal position indicating the magnitude and direction of the feature’s effect on 
conversion probability, and the color denoting the feature value (red = high, blue = low).
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