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Abstract

Background: Early detection of dementia requires highly accurate and efficient screening tests that minimize patient
burden.

Objective: To develop a machine learning model predicting dementia conversion within 3-5 years using Cube Copying
Test (CCT) drawings at baseline.

Methods: This retrospective study analyzed CCT drawing data from 767 patients at the Center for Comprehensive Care
and Research on Memory Disorders (2011-2020). Of the 2303 patients who met the inclusion criteria, 534 were
excluded due to mild cognitive impairment (MCI) persistence, pending diagnoses, or new neurovascular diseases,
while 1002 were lost to follow-up. Eligibility criteria included a baseline Mini-Mental State Examination (MMSE) score
>24, absence of dementia diagnosis or anti-dementia medication intake, and completion of a 3—5-year follow-up without
meeting exclusion criteria.

Results: Of 767 patients, 457 converted to dementia (318 with Alzheimer’s disease, | 16 with dementia with Lewy bod-
ies, and 23 with frontotemporal dementia) within 3-5 years, while 310 did not. The model achieved an area under the
curve of 0.85 for predicting dementia conversion. Shapley Additive exPlanations analysis identified PatchCore-derived fea-
tures as the strongest predictors, distinguishing drawing patterns of converters and non-converters.

Conclusions: In patients who convert to Alzheimer’s disease, dementia with Lewy bodies, or frontotemporal dementia,
the very early stages of constructional apraxia-like symptoms already exist at the preclinical stage or MCI stage. Applying
deep learning-based anomaly-detection models can detect these early drawing distortions that differ from normal aging
and contribute to improving the performance of dementia-conversion prediction.
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Introduction

Early detection of dementia is essential to delaying its onset
and progression. Advances in dementia treatments targeting
the early stages of mild cognitive impairment (MCI)! have
amplified the importance of early detection before conver-
sion to dementia. Dementia progresses along a continuum
from normal cognitive function (NC) to subjective cogni-
tive decline (SCD), MCI, and dementia.>™ Cognitive
decline, marked by the accumulation of amyloid-f and
other neuropathological changes, begins approximately
10-20 years before an MCI diagnosis,S*7 with accelerated
decline starting 3—7 years prior.® Therefore, current efforts
focus on identifying patients at high risk of dementia even
before the MCI stage.

Forinstance, in Alzheimer’s disease (AD), early detection
with over 90% accuracy can be achieved through a combin-
ation of amyloid positron emission tomography and cerebro-
spinal fluid biomarkers.” However, these diagnostic tools are
limited by high costs, invasiveness, and accessibility issues.
By contrast, neuropsychological tests are cost-effective,
non-invasive, and safe; yet, the accuracy of a single test is
often inadequate, necessitating the combination of multiple
assessments to reliably identify individuals at high risk.'”
Although comprehensive neuropsychological test batteries
can achieve high diagnostic accuracy, they are time-
consuming and place a considerable burden on examinees,
making them impractical for large-scale community-based
screening programs that play a crucial role in early detection.
Therefore, a critical need exists for the development of tools
that can accurately detect early signs of future dementia con-
version using only a minimal number of test items.
Particularly for community-based population-screening pro-
grams, such tools must be rapid, minimally invasive, and
cost-effective while providing highly accurate and efficient
screening with minimal patient burden.

Early signs of cognitive decline manifest in domains such
as episodic memory, working memory, language, visuospatial
abilities, and executive functions.>”*!! Among these, visuo-
spatial function often declines earlier than other cognitive
domains, such as memory in major dementia subtypes, includ-
ing AD and dementia with Lewy bodies (DLB).>"'? As a
result, recent research has increasingly focused on visuo-
spatial cognitive function as a critical indicator for early
dementia detection.'>"?

Early visuospatial decline is commonly assessed through
tasks such as the Cube Copying Test (CCT), Clock Drawing
Test, and Double Pentagon Test. Among these, the CCT is
widely adopted in clinical practice due to its sensitivity to
subtle changes, making it a reliable tool for detecting cogni-
tive impairment.'*'® However, age-related changes can sig-
nificantly influence CCT performance, even in the absence of
dementia. For example, Ericsson et al. demonstrated that
CCT accuracy declines with age, reporting that only 42%
of individuals aged 75-79 years and 24% of those aged

>90 years could copy correctly.'® Moreover, demographic
variables such as sex and years of education also impact per-
formance; women typically score lower than men,'” and indi-
viduals with more years of education tend to perform better
on drawing tasks.'®

In other words, even older adults with NC may experi-
ence drawing distortions with aging, and non-converters
may sometimes produce drawings that deviate from the
model cube drawing. Therefore, to utilize drawing tests
related to visuospatial function for early detection of
dementia, distinguishing between drawing distortions
caused by normal aging and subtle pathological drawing
distortions that precede dementia conversion is necessary.

However, traditionally, tests such as the CCT have relied on
qualitative evaluation, where scoring is fundamentally based
on visual judgments of whether specific criteria related to
deviations from the model cube drawing are met. This
approach has the limitation that the reliable detection of
minor abnormalities is hindered because it is influenced by
the scorer’s experience and biases. Additionally, since
normal aging can also cause deviations from the model cube
drawing, sufficient discrimination between drawing distortions
associated with normal aging and those specific to patients who
will eventually convert to dementia was not always possible.

Conversely, artificial intelligence (AI) technology can
overcome the limitations of manual scoring by accurately,
quantitatively, and objectively extracting and analyzing fea-
tures from images. Machine learning models utilizing image
data have the advantage of effectively leveraging Al capabil-
ities compared to other modalities, such as numerical data. 19
Furthermore, by combining deep learning-based anomaly-
detection models, it may be possible to extract not only fea-
tures related to deviations from the model cube drawing, but
also features that distinguish pathological distortions from
drawing distortions caused by normal aging, the latter of
which have been difficult to extract and quantify with trad-
itional qualitative assessment methods.

Additionally, medical institutions often face difficulties in
obtaining sufficient normal data. While machine learning
with small datasets often presents challenges, these limita-
tions can be overcome by leveraging high-precision indus-
trial anomaly-detection models designed to identify minor
distortions and significant structural defects. Specifically,
PatchCore,” which achieved state-of-the-art performance
in industrial applications in 2021, demonstrates exceptional
results even with limited data. To our knowledge, no studies
in neuropsychology have applied this model to detect distor-
tions in patient drawings. However, such advanced anomaly-
detection models developed in industrial domains could be
highly effective for classification tasks in clinical research,
particularly when access to normal data is restricted, as in
our study.

Therefore, this study aimed to develop a machine learn-
ing model to identify patients at high risk of dementia con-
version within 3-5 years using only CCT drawings, by
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dramatically enhancing the predictive performance of the
CCT through the application of advanced Al technology.

Methods

Participants for the analysis

This retrospective study employed an opt-out procedure, as
many patients had passed away, relocated, or were trans-
ferred to other institutions, making the acquisition of indi-
vidual consent impractical. The study adhered to the
principles of the Declaration of Helsinki and was approved
by the Research Ethics Committee of the National Center
for Geriatrics and Gerontology (approval number 1449).

Between January 2011 and December 2020, patients aged
>60 years who visited the Center for Comprehensive Care
and Research on Memory Disorders at the National Center
for Geriatrics and Gerontology were included in the study.
Inclusion criteria were a baseline Mini-Mental State
Examination (MMSE) score of >24, the availability of
CCT image data, no dementia diagnosis, and no pharmaco-
logical treatment for dementia. Individuals with visual
impairments (such as cataracts or glaucoma), essential
tremors, schizophrenia or delusional disorders, mood disor-
ders, delirium, alcohol or substance dependence, intellectual
disabilities, higher brain dysfunction, developmental disor-
ders, epilepsy, subarachnoid hemorrhage, stroke, subdural
hematoma, epidural hematoma, multiple cerebral infarc-
tions, brain tumors, normal pressure hydrocephalus,
Parkinson’s disease, or other conditions affecting drawing
or cognitive function were excluded at baseline.

Patients at baseline ranged from those who were cogni-
tively normal to those with MCI. Those diagnosed with AD,
DLB, or frontotemporal dementia (FTD) within 3-5 years
from baseline were classified as “converters.” Patients who
did not meet the criteria for MCI or dementia at the 3—
5-year follow-up and whose cognitive function remained
within the normal range, as determined through comprehen-
sive physician assessments, brain imaging, and neuropsycho-
logical tests, were classified as “non-converters.” Diagnoses
were based on established clinical criteria for AD,' DLB,??
and F"[D,23 as well as the Diagnostic and Statistical Manual
of Mental Disorders, Fifth Edition (DSM-5) criteria for
major neurocognitive disorders. For the exclusion of cases
diagnosed with MCI at the 3-5-year follow-up, judgment
was made based on Petersen’s criteria®* or DSM-5 criteria
for minor neurocognitive disorders. Specifically, amnestic
MCI was diagnosed based on criteria that included a Clinical
Dementia Rating score of >0.5, a Wechsler Memory
Scale-Revised Logical Memory I score of <13, or a Logical
Memory II score of <8. For non-amnestic MCI, physicians
made comprehensive judgments based on Clinical Dementia
Rating items related to executive function and judgment, as
well as information obtained from family members about
changes in daily functioning during follow-up.

The observation period was set at 3—5 years to accom-
modate variations in follow-up visits, as not all patients
were followed up at the same time intervals. The CCT
was not used in the diagnostic classification of converters
and non-converters at the 3—5-year follow-up.

Participants who were lost to follow-up at 3-5 years (n=
1002) were excluded from the study. This group likely
included individuals who no longer sought medical consulta-
tions due to symptom resolution, those who were transferred
to nearby medical institutions, those who relocated, those
admitted to care facilities, and those who passed away.
However, as these participants did not attend follow-up
visits, detailed background information about them is unavail-
able. Participants with unclear clinical progression or uncon-
firmed diagnoses of dementia (such as those with MCI or
suspected dementia) during the 3-5-year follow-up were
excluded. Therefore, while all cases included in the analysis
had confirmed conversion to dementia, in some cases, the spe-
cific subtype (possible or probable diagnosis of AD, DLB, or
FTD) was not definitively determined. MCI represents a
gray zone™* in which some patients progress to dementia,
while 4-15% may revert even in clinical populations.***°
Therefore, participants diagnosed with MCI at the 3-5-year
follow-up were excluded. Additionally, participants who
developed new neurovascular conditions during the 3—5-year
observation period, such as subarachnoid hemorrhage,
stroke, subdural or epidural hematoma, brain tumors, meningi-
omas, or head injuries, were excluded because distinguishing
whether cognitive decline resulted from these events was not
feasible (Figure 1).

Image features

We analyzed the image data from CCT drawings created at
baseline. Patients were shown the model cube drawing (4 cm
on the long side, 1.9 cm on the diagonal, positioned 5.5 cm
from the top of an A4 paper in portrait orientation) and instructed
to copy it below the model using a pencil (Figure 2). The test was
conducted individually by a clinical psychologist in a quiet
room with no time limit. If a patient redrew the drawing, the clin-
ical psychologist asked them to select one, and the chosen
drawing was used for analysis. After the tests, the papers were
saved as PDF files. During the study, the PDF data were
extracted, and the clinical psychologists’ notes were removed.
Only the patients’ drawings were cropped and retained for ana-
lysis. Since the study primarily aimed to identify characteristic
distortions in drawings by older adults at high risk of converting
to dementia, drawings that exhibited the closing-in phenom-
enon, where participants traced over the model drawing, were
excluded from the analysis.

Related features

Since CCT performance is influenced by age, sex, and years
of education,”’27 we included age at baseline, sex (male =
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Cube Copying Test sets

Excluded due to disease (N =816):
Cerebrovascular disease: n = 232
Prescription of dementia medications: » = 108
Diagnosis of dementia: » = 100
Normal pressure hydrocephalus
/idiopathic normal pressure hydrocephalus: n = 69
Mental illness/developmental disorders: #n = 64

Aging-related tauopathies: n = 42

Parkinson’s disease/Parkinson’s disease dementia: n = 37
Drug dependence/alcohol dependence: n = 37
Chronic/acute subdural hematoma: n = 16

Traumatic brain injury: n = 12

Visual impairment: n = 10

(age > 60, MMSE > 24)
N=3119
———»
Epilepsy: n = 49
Included participants:
N=2303 Others: n = 40

Final analysis
participants:
N=767

3-5 years after baseline (N = 1536):

A\ 4 Diagnosis pending: n = 122

MCI 3-5 years after baseline: n = 381
Developed new neurovascular diseases: n = 31
Difficult follow-up: n = 1002

Figure |. The process of screening participants for analysis. MMSE: Mini-Mental State Examination; MCl: mild cognitive impairment.

0, female=1), and years of education since elementary
school as related features in the model.

Design of the machine learning model

Dataset division. We randomly selected 33% of the
entire non-converter dataset as the core image dataset
for generating features using anomaly-detection models
(PatchCore and convolutional autoencoders [CAE]).
Subsequently, 80% of the remaining non-converter
images (67% of the total) and all images of converters
(100%) were randomly designated as training data,
while the remaining 20% were set aside as testing data
(Figures 3 and 4).

Image data pre-processing. All image data were pre-
processed by first removing stains on the paper and any
notes made by the clinical psychologist. The images were
then cropped to the bounding box of the drawing. The
cropped images were resized so that the longer side mea-
sured 200 pixels and were centered on a 220 x 220-pixels
white background. Finally, the image size was adjusted to
224 x 224 pixels. The same pre-processing steps were
applied to the model cube image to ensure consistency in
the matching-score calculation (Figure 3).

Data augmentation. Data augmentation was applied to
all images except the test dataset. Images drawn by non-
converters were augmented 7 times, while images drawn
by converters were augmented 3 times.

Since no prior studies on data augmentation for dementia
prediction using CCT images were found, the parameters in
this study were independently determined through
trial-and-error experimentation. The parameters were
empirically selected by testing various parameter combi-
nations and verifying the generated images as values
were adjusted. The selection process aimed to balance
the suppression of overfitting and the improvement of
generalization performance while ensuring that transfor-
mations did not alter the clinical characteristics of the
drawings, such as converting drawings associated with
normal aging into pathological patterns or vice versa.
Specifically, one of three rotation types (180° rotation,
90° rotation with a horizontal flip, or —90° rotation
with a horizontal flip) was randomly selected and
applied. Additionally, Gaussian noise was randomly
added to the images. While maintaining the longer
side of the images, the shorter side was randomly
scaled by —5% to 5%. The images were rotated within
the range of —3° to 3° and then binarized. The images
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Figure 2. Cube Copying Test paper used for testing.

were randomly shifted by —7 to 7 pixels along the x and
y axes. Random affine transformations were applied,
and the display range was adjusted to center the trans-
formed images. Finally, the augmented images were
saved in PNG format with a size of 224 X224 pixels
(Figure 3).

Local features

The scoring criteria for the CCT, as described in the instruc-
tion manual for the Japanese version of the Montreal
Cognitive Assessment,”® specify the presence of all neces-
sary lines, absence of unnecessary lines, preservation of

parallel relationships between lines, and similarity in their
lengths. Since these characteristics are clearly defined,
they can be quantitatively analyzed using conventional
image-processing techniques based on a rule-based
approach. Accordingly, the following procedure was
employed to extract these features (Figure 4).

The images were first converted to grayscale, and the
Hough transform was applied to detect line segments.
Lines were classified as horizontal (angles within —10° to
10° or 170° to 190°), vertical (angles within 80° to 100°
or —100° to —80°), or diagonal (all other angles) based on
their angles relative to the horizontal direction. After
extracting line endpoints, the following features were



Journal of Alzheimer’s Disease 0(0)

Preprocessing

Scanned images are saved in PDF format.

v

Stains and clinical notes are removed from the
image. The image is then cropped to the bounding
box of the drawing.

v

The model cube image and all patient drawing
images are resized so that the longer side is 200 px.

Images are centered on a 220 X 220 px white
canvas and saved in PNG format.

v

All images are resized to 224 X 224 px.

v

For non-converters’ data, 33% are randomly
selected for the coreset. The remaining non-
converters’ data and converters’ data are split into
training (80%) and test (20%) sets randomly.

l :
. I
. I
i I
| : -
1 |
: :
l :

Augmentation Processing - - - —,

Each image in the core set and training set of non-
converters’ data is augmented 7 times, while each
image in the training set of converters’ data is
augmented 3 times.

2

Randomly apply one of the following: “180°
rotation,” “+90° rotation followed by horizontal
flip,” or “-90° rotation followed by horizontal flip.”

2

Add random Gaussian noise in the range of 0 to
0.0005.

12

Randomly shrink or expand the shorter side by
+5%.

2

Apply random rotation in the range of -3° to +3°.

2

Randomly shift the image within a range of £7 px
in the x and y directions (affine transformation).

v
The transformed images are re-centered on the
canvas. Resize the image randomly within 75% to
100% of the canvas size and center it. Apply
binarization, resize to 224 X 224 px, and save in
PNG format.

Figure 3. Overview of data pre-processing and augmentation processing.

calculated for horizontal, vertical, and diagonal lines: the
number of lines, average and variance of line lengths, and
average and variance of the angles between lines of the
same type (as a measure of line parallelism). Additionally,
the number of vertices was calculated. For the number of
lines in each direction (horizontal, vertical, and diagonal)
and the number of vertices, the differences from the refer-
ence values (four lines in each direction and eight vertices)
were computed. The absolute values of these differences
were used as feature values.

Global features

The instruction manual for the Japanese version of the
Montreal Cognitive Assessment™ specifies that the CCT
must be drawn in three dimensions. However, its definition
is not sufficiently clear. Moreover, normal aging can intro-
duce distortions in CCT drawings,'®™'® suggesting that even
non-converters may produce images that deviate from the
ideal cube representation. To address this issue, we
employed both rule-based and data-driven approaches to
quantify not only features related to deviations from the
model cube drawing (matching score), but also differences

from images drawn by non-converters included in the core
set through feature extraction using deep learning-based
anomaly-detection models (PatchCore scores and recon-
struction errors; Figure 4).

Matching score. Similarity to the model cube image was
assessed using the Speeded-Up Robust Features algorithm.?
This algorithm detects feature points in both images, extracts
their descriptors, and matches them. The matching score,
generated based on the number of matched feature points,
represents a rule-based approach that directly compares
drawings to a predefined reference image.

PatchCore score. A core set comprising 33% of non-
converter images was used to establish a reference distribu-
tion. These features quantified the dissimilarity between test
samples (67% of non-converters and 100% of converters)
and the reference distribution derived from non-converter
images. After extracting image features using a pre-trained
ResNet50 model, the PatchCore score,20 defined as the dis-
tance to the nearest point within the core set, was computed
and saved as a feature. Additionally, anomaly-detection
results were visualized to confirm the appropriateness of
the model. A higher PatchCore score signifies a greater
deviation from the non-converter core set. This represents
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( Preprocessing (refer to Figure 3) )

Non-converters” data:
n =208 (67%)

Non-converters’ data for coreset:
n=102 (33%)

Converters’ data:
n=457 (100%)

After dividing into 33% and
67%, 7 augmentations per each

After dividing into 80% training and 20% test
sets, 7 augmentations per each for training set

After dividing into 80% training and 20% test
sets, 3 augmentations per each for training set

for the 33% coreset

( Augmentation Processing (refer to Figure 3) )

l l

l | |

Training sets: n = 1328
(166 originals,
1162 augmentations)

Non-converters: n =816
(102 originals, 714 augmentations)

Test sets: n =42
(42 originals)

Training sets: n = 1464
(366 originals,
1098 augmentations)

Test sets: n=91
(91 originals)

l

} | }

Training with

Generation of global features using coreset (PatchCore score, reconstruction error) )

PatchCore and convolutional
autoencoder

2. Generation of local features (number of lines, number of vertices, average of line length, variance of line length,
average angle difference of lines, variance of angle difference of lines)
3. Generation of global features using model cube image (matching score)
\_4: Generation of handwriting pressure features (mean thickness, variance of thickness, foreground ratio) Y,

|

} ! }

Training sets of
non-converters’ data

Test sets of
non-converters’ data

Training sets of Test sets of
converters’ data converters’ data

Training with a random
forest ensemble model

1

Performance evaluation of model ’

Figure 4. Feature extraction and machine learning flow.

a data-driven approach that leverages deep learning-based
feature extraction.

Reconstruction error. Similar to the PatchCore score,
33% of the non-converter images were used as a core set
to capture structural differences from non-converters in
the remaining samples. After extracting image features
using a pre-trained ResNet18 model, CAE was trained on
the core set. Hyperparameters were optimized using
Bayesian optimization. These included the hidden layer
size, number of epochs, L2 weight regularization, and
sparsity proportion. The reconstruction error, calculated
based on the difference between the input and reconstructed
images, was saved as a feature. A higher reconstruction
error indicates greater structural deviation from the core
set of non-converters, representing another data-driven
approach using deep learning.

Handwriting pressure features

Since dementia is associated with reduced handwriting
pressure,’® the average and variance of line thickness, as
well as the ratios of foreground pixels, were calculated to
quantify handwriting pressure as a feature (Figure 4).

Image feature selection, model training, and
evaluation

Missing values were estimated and imputed using the
k-nearest neighbor method. Related features (age, sex,

and years of education) were analyzed using the Mann—
Whitney U test for continuous variables and chi-squared
test for categorical variables to assess differences between
the converter and non-converter groups. These variables
were subsequently included in the model as covariates to
adjust for their effects. The differences in image features
between non-converters and converters were analyzed
using two-sided analysis of covariance. Correlation coeffi-
cients between selected image features were calculated to
identify and address multicollinearity. Pairs of features
with an absolute correlation coefficient of 0.8 or higher
were identified, and one feature from each pair was
excluded. The mean and standard deviation (SD) were cal-
culated for each feature using the labels. If more than half of
the features for an image data point exceeded +3 SD, that
data point was considered an outlier and excluded.

The selected image and related features were integrated
using a Random Forest ensemble model. This method was
chosen based on several advantages: it is a well-established
and representative approach, effectively handles nonlinear
feature combinations, performs well with limited training
data, provides implicit feature selection through random
feature sampling that emphasizes optimal feature combina-
tions, offers interpretability through feature importance ana-
lysis, and balances versatility with ease of implementation.
During model selection, the performances of XGBoost and
Support Vector Machine (SVM) were also compared.
Random Forest was ultimately selected due to its superior
performance.
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Optimal hyperparameters, including the number of learn-
ing cycles, maximum number of splits, minimum leaf size,
and number of variables to sample, were identified through
Bayesian optimization using the training dataset. These
hyperparameters were then applied to train the Random
Forest ensemble model. To reduce overfitting, Shapley
Additive exPlanations (SHAP) values were calculated to
identify features with minimal contributions. Image features
with SHAP values below a set threshold were excluded,
and the model was retrained using the remaining features.
To ensure consistency and avoid data leakage, the test data
were processed using the same methods as the training
data. The final model was trained, and predictions were
made independently of the test data using the same para-
meters determined from the training dataset.

A 10-times five-fold cross-validation was performed to
evaluate the accuracy and area under the curve (AUC) of
the final model. Accuracy, sensitivity, specificity, FI
score, and AUC were calculated for the simple model,
which used only related features (age, sex, and years of edu-
cation), and the final model, which included image features
in addition to the related features. Additionally, 95% confi-
dence intervals (Cls) for the model metrics were computed
using bootstrap resampling. The AUCs of the two models
were compared using a two-sided DeLong test.

SHAP values, representing the contribution of each feature
to the final model, were calculated. Absolute SHAP values
were computed to evaluate the average impact of each
feature on the predictions, and the mean and SD for each
feature were calculated. Furthermore, a beeswarm plot was
created for each label using SHAP values to visually interpret
the distribution and impact of features.

Finally, the Mann—Whitney U test was used to examine
differences in image features between misclassified and cor-
rectly classified images in the test dataset. Statistical tests
were conducted with a significance level of p <0.05. Effect
sizes were calculated using Cohen’s d or Cliff’s 6 for con-
tinuous variables and Cramér’s V for categorical variables.

Software

The analysis was performed using MATLAB R2024a®
from The MathWorks®. The Deep Learning Toolbox
(version 24.1), Image Processing Toolbox (version 24.1),
Statistics and Machine Learning Toolbox (version 24.1),
Parallel Computing Toolbox (version 24.1), and
Computer Vision Toolbox add-ons for MATLAB® were
utilized. SHAP values were calculated using the Python
SHAP library (version 0.46.0).

Results

In total, 767 participants met the criteria, comprising 457 con-
verters (318 with AD, 116 with DLB, and 23 with FTD) and

310 non-converters (Table 1). While some participants with
DLB and FTD had comorbid AD, the distribution of dementia
subtypes among study participants (AD: 69.6%, DLB: 25.4%,
FTD: 5.0%) aligned well with previously reported prevalence
rates in the literature (AD: 60-77%, DLB: 15-20%, and
FTD: 5—15%).3 1535 Cardiovascular disease was observed in
178 (38.9%) of the converters and 115 (37.1%) of the
non-converters.

The analysis of covariance revealed significant differ-
ences between converters and non-converters for all but
one image feature. For local features, converters demon-
strated greater absolute differences from the reference
values (four lines in each direction) in the number of lines
detected across all directions (horizontal, vertical, and diag-
onal) compared to non-converters. Converters also exhib-
ited larger absolute differences from the reference value
(eight vertices) in the number of vertices. Additionally, con-
verters had shorter horizontal and vertical lines and longer
diagonal lines than non-converters. For all line types, con-
verters showed greater variance in line lengths, larger
average angle differences between lines of the same type,
and greater variance in angle differences for horizontal
and diagonal lines.

Regarding global features, converters had lower match-
ing scores, higher PatchCore scores, and greater reconstruc-
tion errors. For handwriting pressure features, converters
displayed lower mean line thicknesses, greater variance in
thickness, and lower foreground ratios than non-converters
(Table 2).

To prevent multicollinearity, the correlation coefficients
for all image feature values were examined, and no feature
pairs with absolute values of 0.8 or higher were found.
Outlier detection was performed, but no outliers were iden-
tified. Consequently, 22 image features were selected for
inclusion in the initial model.

Using the 22 selected image features and three related
features, hyperparameters were optimized through
Bayesian optimization, and the initial Random Forest
ensemble model was trained. SHAP values were calculated
to refine the model. One image feature (number of vertical
lines) with SHAP values below the threshold of 0.0005 was
excluded. The final model was retrained using the remain-
ing 21 image features and three related features as inputs.

During model selection, XGBoost showed a training
AUC of 1.00 but exhibited lower generalization with a
test AUC of 0.73, indicating overfitting. The SVM model
yielded moderate results with a test AUC of 0.83, accuracy
0.75, sensitivity 0.76, specificity 0.74, and F1 score 0.81.
While SVM achieved slightly higher specificity, Random
Forest demonstrated superior performance across all other
metrics, with smaller discrepancies between training and
test data.

Following 10 iterations of five-fold cross-validation, the
final Random Forest model achieved an AUC of 0.85 (95%
CI: 0.78-0.91) for the test data (Table 3). The ROC curves
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Table |. Characteristics of the participants (n =767).
Label
Converters Non-converters
Mean +SD or N (%) (n=457) (n=310) U-statistic or chi-squared value p Effect size
Age (y) 77.6 +£5.9 739+58 —46477.500 <0.001 0.344
Sex (female) 299 (65.4%) 162 (52.3%) 13.358 <0.001 0.132
Years of education (y) 11.3+2.6 125+2.5 —91210.000 <0.001 —0.288
MMSE 26.1 +1.7 282+1.8 —114210.500 <0.001 —-0.612
Cardiovascular disease 178 (38.9%) 115 (37.1%)
Diagnosis 3-5 y after baseline
Alzheimer’s disease 318 (69.6%)
Dementia with Lewy bodies 116 (25.4%)
Frontotemporal dementia 23 (5.0%)
No cognitive impairment 310 (100%)

Sex was analyzed using y? test with Cramér’s V as the effect size. Age, years of education, and MMSE scores were analyzed using the Mann—Whitney U test
with Cliff's § as the effect size. SD: standard deviation; MMSE: Mini-Mental State Examination. Hypertension is included in cardiovascular disease.

Table 2. Differences between converters and non-converters after adjusting for related features (ANCOVA).

Feature Converters (n = 1464) Non-converters (n= 1328)
Mean (SD) Mean (SD) p Cohen’s d
Local features
Number of lines (Abs)
Horizontal 0.477 (0.772) 0.175 (0.439) <0.001 0.475
Vertical 0.449 (0.744) 0.193 (0.487) <0.001 0.404
Diagonal 1.480 (1.274) 1.222 (1.124) <0.001 0.214
Number of vertices (Abs) 2.059 (2.730) 1.102 (2.090) <0.001 0.391
Average line length
Horizontal 111.104 (26.588) 117.687 (20.527) <0.001 —-0.275
Vertical 113.533 (25.982) 122.158 (20.146) <0.001 —0.369
Diagonal 88.141 (88.071) 72.265 (62.758) <0.001 0.206
Variance of line length
Horizontal 1063.765 (1487.302) 502.276 (900.328) <0.001 0.452
Vertical 1014.968 (1488.599) 547.037 (963.425) <0.001 0.370
Diagonal 5550.603 (17183.455) 2618.515 (12008.967) <0.001 0.196
Average angle difference of lines
Horizontal 3.236 (2.388) 2.582 (1.723) <0.001 0.312
Vertical 2,612 (1.696) 2.228 (1.620) <0.001 0.231
Diagonal 25.322 (12.373) 21.646 (12.052) <0.001 0.301
Variance of angle difference of lines
Horizontal 10.031 (16.989) 6.572 (7.966) <0.001 0.257
Vertical 7.841 (35.705) 6.826 (48.928) 0.601 0.024
Diagonal 587.061 (458.210) 449.658 (381.093) <0.001 0.325
Global features
Matching score 3.903 (2.203) 5.149 (2.438) <0.001 —0.538
PatchCore score 17.290 (1.927) 15.978 (1.470) <0.001 0.761
Reconstruction error 0.040 (0.008) 0.036 (0.006) <0.001 0.632
Handwriting pressure features
Mean thickness 3.478 (0.079) 3.497 (0.059) <0.001 —0.267
Variance of thickness 0.459 (0.036) 0.452 (0.035) <0.001 0.186
Foreground ratio 0.071 (0.006) 0.072 (0.004) <0.001 —0.186

The sample sizes (n) reflect the number of images after data augmentation.
ANCOVA was conducted after standardization, but the means and standard deviations in the table are presented as raw, pre-standardized values. Abs:
absolute value; ANCOVA: analysis of covariance; SD: standard deviation.
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are shown in Figure 5. The difference in AUC between the
final model and a simple model using only the related vari-
ables was evaluated using the DeLong test. The final model
demonstrated a significantly higher AUC (p<0.001,
Cohen’s d=1.307).

SHAP values indicated that among the image features,
the PatchCore score, reconstruction error, and variance in
horizontal and vertical line lengths substantially contribu-
ted to the final model’s predictions (Table 4, Figure 6).

Finally, for the test dataset, differences in image fea-
tures between misclassified and correctly classified
images were analyzed by labels (Table 5). The results
showed that for converters, misclassified images exhib-
ited smaller absolute differences from the reference
values in the number of lines detected in horizontal and
diagonal directions, as well as in the number of vertices,
compared to correctly classified images. Misclassified

Table 3. Performance evaluation of test data.

Developed model Simple model

Accuracy 077  [070-083] 043  [0.35-0.51]
Sensitivity 080  [0.72-0.88] 048  [0.38-0.58]
Specificity 071 [0.56-0.84] 03I [0.18-0.46]
Fl score 083  [0.76-088] 054  [0.44-0.62]
AUC 085  [0.78-091] 03I [0.22-0.41]

Values in brackets are 95% confidence intervals. AUC: area under the
curve.

images also exhibited longer horizontal and vertical
lines, shorter diagonal lines, and smaller variances in
line lengths within each line type (horizontal, vertical,
and diagonal). Additionally, misclassified images had
smaller averages and variances in angle differences
among vertical and diagonal lines. Regarding global fea-
tures, misclassified images had higher matching scores,
lower PatchCore scores, and fewer reconstruction errors.
For handwriting pressure features, misclassified images
exhibited higher mean thickness, lower variance in thick-
ness, and higher foreground ratios.

For non-converters, misclassified images exhibited
shorter horizontal and vertical lines and longer diagonal
lines compared to correctly classified images.
Additionally, misclassified images showed greater variance
in line lengths among diagonal lines. Global features of mis-
classified images included higher PatchCore scores and
greater reconstruction errors. Handwriting pressure features
of misclassified images showed lower mean thickness,
greater variance in thickness, and lower foreground ratios
compared to correctly classified images.

Discussion

In this study, a machine learning model was developed to
predict dementia conversion within 3-5 years using only
CCT drawings from patients with NC or MCI at baseline.
The model achieved an AUC of 0.85, sensitivity 0.80,
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Figure 5. ROC curve for the final model. AUC: area under the curve; ROC: receiver operating characteristic.
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Table 4. Mean and standard deviation of absolute SHAP values

for features selected in the final model.

Mean Abs (SD Abs)

Local features
Number of lines (Abs)
Horizontal
Diagonal
Number of vertices (Abs)
Average line length
Horizontal
Vertical
Diagonal
Variance of line length
Horizontal
Vertical
Diagonal
Average angle difference of lines
Horizontal
Vertical
Diagonal
Variance of angle difference of lines
Horizontal
Vertical
Diagonal
Global features
Matching score
PatchCore score
Reconstruction error
Handwriting pressure features
Mean thickness
Variance of thickness
Foreground ratio
Related features
Age
Sex
Years of education

0.00169 (0.00140)
0.00173 (0.00182)
0.00573 (0.00431)

0.00877 (0.00945)
0.00992 (0.00723)
0.00399 (0.00206)

0.04426 (0.02022)
0.03207 (0.01494)
0.00403 (0.00265)

0.00388 (0.00279)
0.00105 (0.00084)
0.00534 (0.00227)

0.00764 (0.00450)
0.00374 (0.00227)
0.00568 (0.00368)

0.02352 (0.01237)
0.12919 (0.04482)
0.08193 (0.04205)

0.00753 (0.00530)
0.00220 (0.00159)
0.01228 (0.01216)

0.00736 (0.00625)
0.00245 (0.00152)
0.00622 (0.00646)

Abs: absolute value; SHAP: Shapley Additive exPlanations; SD: standard

deviation.

and specificity 0.71 using CCT image features and related
features (age, sex, and years of education).

Among the tested algorithms, Random Forest demon-
strated the most stable generalization performance and
was less prone to overfitting compared to XGBoost and
SVM. Given the relatively small dataset and the wide
variety of feature types, including categorical variables
and deep learning-derived image features, Random Forest
was considered the most suitable approach for this study.

To our knowledge, this is the first study to develop a
machine learning approach for identifying individuals at
high risk of dementia conversion using CCT alone,
without requiring time-consuming neuropsychological test
batteries or invasive biomarker assessments.

Previous studies using CCT data have primarily focused
on distinguishing dementia status at the time of testing. One
study reported an AUC of 0.73, with a sensitivity of 81.9%
and specificity of 53.9%, by manually scoring features

such as the number of vertices, edge lengths, and three-
dimensionality to classify dementia versus non-dementia.*®
Another study achieved an AUC of 0.78, accuracy 0.77-
0.78, and F1 score 0.50-0.51 in classifying MCI versus
normal cognition using deep learning with CCT.*” In con-
trast, our study tackled the more challenging task of predict-
ing future dementia conversion by detecting subtle drawing
differences between future converters and non-converters.

To enhance predictive performance, our approach not
only considered traditional features related to geometric
deviations from the model cube drawing, but also utilized
deep learning-based anomaly-detection models to extract
features that distinguish pathological drawing distortions
from drawing distortions arising from normal aging. In par-
ticular, PatchCore, an industrial-grade anomaly-detection
model, demonstrated highly effective performance in
detecting structural anomalies in drawings, distinguishing
pathological changes from normal aging, thereby signifi-
cantly improving model accuracy.

Our findings suggest that very early signs of construc-
tional apraxia-like symptoms are already present during
the preclinical or MCI stages in individuals who will even-
tually convert to AD, DLB, or FTD and that these subtle
changes can be detected using high-precision Al technol-
ogy. Visuospatial dysfunction in patients with dementia
encompasses difficulties in object recognition, spatial orien-
tation, figure-ground discrimination, visual integration, and
visual attention.”®**! These impairments are often reflected
in CCT drawings as inappropriate sizes, inaccurate line
lengths and shapes, failures in connecting lines or position-
ing, lack of parallelism, missing elements, unnecessary
lines, and distortions or simplifications of three-dimensional
structures, 532443

In this study, converters’ drawings exhibited greater dis-
crepancies from the reference values for the number of lines
in all directions (horizontal, vertical, and diagonal) and the
number of vertices compared to those of non-converters.
These deviations likely reflect characteristics such as
drawing with multiple discontinuous lines rather than a
single straight line, producing wavy lines, endpoints
failing to overlap at a single point, and lines that were
inappropriately segmented or connected at incorrect points.

Converters also exhibited shorter horizontal and vertical
lines and longer diagonal lines than non-converters, along
with greater variance in the lengths of all line types. This
pattern suggests a distorted drawing style characterized
by compromised perspective and reduced accuracy.
Additionally, the average angle differences between lines
of the same type, as well as the variance of angle differences
between horizontal and diagonal lines, were larger. These
findings indicate that converters’ drawings lacked parallelism,
reflecting inconsistency in their drawing styles (Figure 7).

The lower matching scores observed in converters
further support the distinct drawing characteristics asso-
ciated with progression to dementia. Conversely, non-
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Figure 6. Shapley additive exPlanations (SHAP) beeswarm plot by label for features selected in the final model.

converters demonstrated higher matching scores, suggest-
ing that while aging may cause some drawing distortions,
as noted in previous studies, their drawings remained
closer to the model cube drawing than those of converters.
The higher PatchCore scores and reconstruction errors of
the CAE using the core set indicate that converters exhibit
structurally different drawing styles, not only compared to
the model cube drawing but also to non-converters. While
normal aging can lead to distortions in drawings and a
reduction in the accuracy of the CCT,16 this study demon-
strates that these distortions have structurally distinct char-
acteristics compared to those observed in individuals at high
risk of progressing to dementia within 3-5 years.

Additionally, consistent with previous studies,* conver-
ters exhibited weaker handwriting pressure, drew thinner
lines, and showed greater variability in line darkness com-
pared to non-converters. The association between lower
grip strength and increased dementia risk has been previ-
ously highlighted,***® and the results of this study align
with these findings.

Compared to DLB, AD typically presents with milder
visuospatial impairments or constructional deficits, while
FTD shows even milder visuospatial impairments than
AD and DLB, as reported in previous studies.'>*’°

Despite most converters in this study being patients with
AD, the model achieved an AUC of 0.85 based on a
single test result related to visuospatial impairment. This
result supports those of previous studies'*'* emphasizing
the importance of visuospatial function as an indicator for
the early detection of dementia.

The SHAP values indicated that among the image fea-
tures, those generated using the PatchCore algorithm contrib-
uted the most to the model’s predictions. Visualization of the
anomaly-detection points identified by the PatchCore algo-
rithm confirmed the model’s appropriateness, as these
points closely corresponded to areas that clinical psycholo-
gists typically focus on during assessments (Figure 8). This
study demonstrated that PatchCore’s anomaly-detection
approach, originally developed for industrial applications,
can be effectively repurposed to analyze visuospatial cogni-
tive impairments in drawing tests. Additionally, the recon-
struction error of the CAE and the variances in horizontal
and vertical line lengths contributed significantly to the
model’s predictions. These results indicate that both global
structural features, particularly those related to differences
from drawing distortions associated with normal aging, and
local features, particularly those related to parallelism and
consistency, are critical for accurate prediction.
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Figure 7. Characteristics of converters’ drawings. (a) Multiple discontinuous, wavy lines instead of a single straight line. (b) Lines
segmented at intersections with other lines. (c) Endpoints do not converge at a single point. (d) Incorrect connection positions of
endpoints. (e) Lengths and angles between lines of the same type differ, causing a lack of parallelism.
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Figure 8. Visualization of anomaly-detection locations using PatchCore.

Conversely, analysis of misclassified cases revealed that
converter and non-converter images shared features with
their misclassified categories. In other words, some conver-
ters display drawing styles similar to those of non-
converters and vice versa. This suggests that even with
advanced Al technology, misclassification remains pos-
sible. Some high-risk individuals may present with
minimal visuospatial impairments and produce relatively
undistorted drawings, whereas cognitively normal indivi-
duals may create significantly distorted drawings due to
factors such as their educational background. Therefore,
to improve the reliability of dementia-risk assessment,
CCT should be administered in conjunction with other cog-
nitive domain evaluations, such as memory tests.

Our findings suggest that Al-enhanced CCT technology
has the potential to serve as a practical solution for commu-
nity-based, large-scale screening, providing a rapid, minim-
ally invasive, and cost-effective option. Beyond these

advantages, the CCT’s non-verbal nature makes it uniquely
suitable for cognitive assessment across diverse popula-
tions, including individuals with hearing impairments,
non-native speakers, and immigrant populations, contribut-
ing to more equitable and accessible cognitive screening.
This aspect will become increasingly important as health-
care systems continue to serve diverse communities with
varying levels of language proficiency and cultural
backgrounds.

Future integration into digital platforms could facilitate
remote cognitive assessments, reduce geographical barriers,
and support the broader adoption of dementia screening in
both clinical and community settings.

Limitations

While the model demonstrated good sensitivity (0.80), its
specificity was relatively low (0.71). The data were
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collected retrospectively from a single memory clinic in
Japan, which may have introduced several sources of bias
and limited the generalizability and external validity of
our findings. This is recognized as a major limitation of
our study.

Patients with subjective memory complaints have a 2.07
times higher relative risk of progressing to dementia than
those without such complaints.’’ Additionally, depression
is a known risk factor for dementia.’” The study participants
were patients who visited the clinic multiple times due to per-
ceived cognitive abnormalities reported by themselves or
their families. Consequently, the sample may have included
a higher proportion of individuals with subjective memory
complaints or depressive tendencies compared to the
general population, indicating a potentially high-risk sample.

Analysis of misclassified cases revealed that some non-
converters exhibited drawing styles similar to those of con-
verters. In this study, we attempted to exclude MCI cases
based on follow-up diagnostic results at 3—5 years according
to Petersen’s criteria®* or DSM-5; however, complete exclu-
sion was difficult, particularly for non-amnesic MCI, and
some may have been included in the non-converter group.

From a data availability perspective, this database began
collection in 2011, limiting the maximum available
follow-up period to approximately 10 years. Additionally,
the consultation rate during the pre-dementia conversion
stage was low, and long-term longitudinal data were very
limited. While extending the follow-up period would
enable analysis of longer-term progression patterns, pro-
longed follow-up increases the risk of new medical events
such as stroke, trauma, and depression, which could
obscure the causal relationship with baseline image fea-
tures. Considering these factors, the observation period
for this study was set at 3—5 years from baseline.

Although some variations exist across studies, reports
indicate that the annual conversion rate from MCI to
dementia and the recovery rate from MCI to normal cogni-
tion are each approximately 15%2°%->*; approximately half
of the patients with MCI are expected to show clear out-
comes within 3-5 years. This period setting was judged to
capture relatively definitive cognitive outcomes rather
than short-term temporary changes. Nevertheless, progres-
sion to dementia can take longer than this timeframe,””’
and some patients classified as non-converters may have
developed the condition later. Additionally, patients with
MCI or an undetermined diagnosis after 3—5 years, as
well as those who were challenging to follow up with,
were excluded. Among those difficult to follow up, some
may have been institutionalized or deceased, while others
might have experienced improved or stable cognitive func-
tion, and therefore, did not return to the clinic. This selec-
tion bias may have influenced the study’s results.

The data used in this study were collected from a single
facility in Japan. The CCT is influenced by the educational
content and standards of a country or region,'® and the

findings may reflect Japan-specific factors, such as mathem-
atics education. The SHAP value for years of education, as
shown in Table 4, was 0.00622, which was relatively small
compared to the image features. These results may differ in
countries or regions where drawing cubes is not a common
practice in school education.

Despite these limitations, our model achieved a high
AUC of 0.85 using only CCT images, demonstrating
strong predictive performance with a rapid, non-invasive,
and low-burden assessment. While the feature-extraction
methodology is adaptable through calibration and may be
applicable across cultural contexts using region-specific
data, extensive external validation remains essential for
clinical translation. To address these limitations and
ensure broader applicability, we are preparing multi-center
collaborative validation studies. These upcoming efforts
will involve diverse populations across various healthcare
settings and cultural backgrounds, leveraging larger
sample sizes to enhance the robustness, generalizability,
and real-world applicability of our model.

Conclusion

A machine learning model was developed to predict demen-
tia conversion within 3-5 years using only CCT drawings
from patients with NC or MCI at baseline. The model
achieved strong predictive performance with an AUC of
0.85.

To our knowledge, this is the first study to develop a
machine learning approach for identifying individuals at
high risk of dementia conversion using CCT alone,
without requiring time-consuming neuropsychological test
batteries or invasive biomarker assessments. Notably,
PatchCore, an industrial-grade anomaly-detection model,
exhibited highly effective performance at detecting struc-
tural anomalies in drawings that distinguish pathological
changes from normal aging.

Our findings indicate that very early signs of construc-
tional apraxia-like symptoms are already present during
the preclinical or MCI stages in individuals who will eventu-
ally convert to AD, DLB, or FTD and that these subtle
changes can be detected using high-precision Al technology.

For community-based population-screening programs,
rapid, minimally invasive, and cost-effective assessment
tools that can provide highly accurate and efficient screen-
ing while minimizing patient burden are essential. When
combined with minimal additional assessments such as
brief memory tests, this Al-enhanced CCT technology has
potential applications for developing practical screening
tools suitable for real-world implementation.
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