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Abstract

Background: The global burden of Alzheimer’s disease and related dementias is rapidly
increasing, particularly in low- and middle-income countries where access to specialized
healthcare is limited. Neuropsychological tests are essential diagnostic tools, but their
administration requires trained professionals, creating screening barriers. Automated

computational assessment presents a cost-effective solution for global dementia screening.

Objective: To develop and validate an artificial intelligence-based screening tool using the Trail
Making Test (TMT), demographic information, completion times, and drawing analysis for

enhanced dementia detection.

Methods: We developed: (1) non-image models using demographics and TMT completion times,
(2) image-only models, and (3) fusion models. Models were trained and validated on data from
the Framingham Heart Study (FHS) (N = 1,252), the Long Life Family Study (LLFS) (N =1,613),

and the combined cohort (N = 2,865).

Results: Our models, integrating TMT drawings, demographics, and completion times, excelled
in distinguishing dementia from normal cognition. In the LLFS cohort, we achieved an Area Under
the Receiver Operating Characteristic Curve (AUC) of 98.62%, with sensitivity/specificity of
87.69%/98.26%. In the FHS cohort, we obtained an AUC of 96.51%, with sensitivity/specificity of

85.00%/96.75%.

Conclusions: Our method demonstrated superior performance compared to traditional approaches
using age and TMT completion time. Adding images captures subtler nuances from the TMT
drawing that traditional methods miss. Integrating the TMT drawing into cognitive assessments

2



22 enables effective dementia screening. Future studies could aim to expand data collection to include

23 more diverse cohorts, particularly from less-resourced regions.

24  Keywords: Alzheimer’s disease, Artificial Intelligence, Dementia, Trail Making Test
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Introduction

Dementia, of which Alzheimer’s Disease (AD) is the most common form, profoundly impacts
memory, thinking, and daily functioning. The global prevalence of dementia is increasing rapidly
and is projected to reach 139 million cases by 2050.! Currently, about 60% of dementia cases are
in low- and middle-income countries, a figure projected to rise to 71% by 2050.> Dementia not
only impacts individuals but also imposes substantial financial and emotional strains on families
and societies, with costs exceeding 1.3 trillion dollars annually and anticipated to rise to 2.8 trillion
dollars by 2030.° Dementia, with its substantial global economic impact, often remains
undiagnosed, with only 20-50% of cases identified in high-income countries and fewer in low-
income regions.* The growing global population of older adults intensifies the need for large-scale

screening to effectively manage, monitor, and even predict this age-related disease.>®

To address the need for large-scale dementia screening, pen-and-paper drawing tasks within
neuropsychological test batteries have become essential. These include the Clock Drawing Test
(CDT),” Trail Making Test (TMT), Pentagon Drawing Test (PDT),® and Rey-Osterrieth Complex
Figure Test (RCFT), which are extensively used in detecting neurocognitive disorders such as
Alzheimer’s Disease and Related Dementias (ADRD). Although these drawing tests can be easily
implemented in a pen-and-paper format, they still require administration and interpretation by
trained professionals. Recent research has utilized digital pen technology to collect drawing tests
electronically. Leveraging digital data, studies have used deep learning techniques to develop
automated scoring systems, demonstrating promising performance in the PDT,”'? RCFT,!*!* and

CDT.'51¢

However, research on developing an automated diagnostic tool using the TMT has been relatively
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limited. The TMT consists of two parts: (i) in Part A (TMT-A), numbered circles are displayed
on a piece of paper, and participants are instructed to use a pen to draw lines to connect the numbers
in sequential order as quickly as possible; (i) in TMT Part B (TMT-B), a series of numbers and
letters are displayed and participants are instructed to connect the numbers and letters in alternate
sequences.!” Over the past decades, research has shown that the TMT is a useful tool for detecting
cognitive impairment, with completion time being a strong indicator. This has led to the
development and validation of adapted TMT versions across many countries.'®2° A major area of
research on TMT involves establishing normative data for older adult populations, investigating
differences based on education level, gender, and age across culturally and geographically diverse

countries.? %3

Additionally, digital adaptations of the TMT, known as dTMT, have introduced more nuanced
measurements. Studies comparing these digital iterations with the traditional pen-and-paper format
affirm their efficacy in cognitive assessment.24 The dTMT’s key advantage is its capability to
gather additional data, offering a richer, more comprehensive analysis than its original
counterpart.25—-27 While there are studies demonstrating the utility of TMT in discriminating
between cognitive impairment and normal cognition utilizing geographically diverse datasets, a
significant portion of prior studies have relied on data from a single center or limited geographical
area with small sample sizes. Moreover, the majority of these studies utilized only the completion
time of the TMT as a predictor variable, with few incorporating the actual drawings into their
models. As a result, the predictive potential of TMT drawings remains largely unexplored. To fully
explore the diagnostic capabilities of the TMT for dementia, large-scale, multi-center studies are
needed that analyze both the TMT completion time and the drawings, in conjunction with

demographic information.
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To accelerate the screening and diagnosis of cognitive impairment globally, our study aimed to
develop an accessible detection tool that can be readily implemented worldwide, including in
resource-limited regions. Accordingly, our model utilized easily collectible information such as
age, gender, education level, the completion time of TMT-A, and the TMT-A drawing.
Specifically, TMT-A was selected over TMT-B given its use of universally recognized Arabic
numerals, as opposed to alphabet letters used in TMT-B which may not be as widely recognized,
especially in non-English speaking countries. Using data from the Framingham Heart Study (FHS)
and Long Life Family Study (LLFS), our multifaceted study first explored the ability of
demographics and completion time, individually and in combination, to distinguish individuals at
risk for developing dementia. We then fine-tuned two vision networks to evaluate the predictive
potential of TMT-A drawings. Ultimately, we developed a fusion model that integrated three key
components: (1) the probability score output by the fine-tuned vision model when using a TMT-
A drawing as input, (2) demographic characteristics, and (3) the TMT-A completion time. By
combining these signals in our fusion model, we significantly enhanced the model’s overall

performance both within and across studies.
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Methods

Study cohorts

We used data collected from 1,252 participants in the FHS cohort and 1,613 participants in the
LLFS cohort. FHS is the longest ongoing longitudinal transgenerational cohort study of chronic
disease.?® LLFS is a multicenter (Boston, New York, Pittsburgh, and Denmark) longitudinal study
of human longevity and healthy aging.?® Data used in our study were collected across several
geographic regions which are different in environment, culture, and demographics. All
participants provided written informed consent. Study protocols and consent forms were approved
by the Boston University Medical Campus Institutional Review Board and the Institutional Review
Boards of the LLFS field sites as well as the LLFS coordinating center at Washington University

St. Louis.

The cognitive status was provided by each study cohort. In the FHS cohort, a participant’s
cognitive status was determined by the dementia diagnostic review panel.>® A dementia diagnosis
for those showing signs of cognitive decline was reached by consensus between at least one
neurologist and one neuropsychologist, based on neurology exams, medical records, and brain
imaging.®>! In the FHS dataset, there were 1,233 participants with normal cognition (NC) and 19
with dementia. Similar to the FHS cohort, an impaired cognitive status in the LLFS cohort was
determined by a dementia diagnostic review panel based on cognitive testing and informant
interviews. Specifically, participants from Denmark who were flagged for a dementia review were
omitted due to the absence of case adjudication in Denmark, with only those classified as normal
being included. Given the gradual progression of cognitive decline and the limited available

samples of Mild Cognitive Impairment (MCI) cases, we focused our analysis on distinguishing

7
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between normal cognition and dementia cases. Consequently, 1,548 participants were identified
with normal cognition, and 65 participants were diagnosed with dementia. The participant selection

process for both the FHS and LLFS datasets is illustrated in Figure 1.

FHS participants who completed TMT-A test LLFS participants who completed TMT-A test
(N=1,284) (N=1,774)
A 4 v
Excluded participants with MCI Excluded participants with MCI
(N=31) (N =126)
\ 4
Participants with NC or Dementia Participants with NC or Dementia
(N =1,253) (N = 1,648)
\ 4

A 4

Excluded participants with > 600s completion time
(N=1)

Excluded participants from Denmark flagged for
dementia review

(N =35)
\ 4 \ 4
Participants with < 600s completion time Participants with definite cognitive status
(N =1,252) (N=1,613)

Figure 1: Flow diagram for the participant selection process in the Framingham Heart Study (FHS) and the Long Life
Family Study (LLFS). Participants with mild cognitive impairment (MCI), those with greater than 600s completion

time on the Trail Making Test Part A, and those without a definite cognitive status were excluded.

Data preparation

During the in-person TMT, information such as gender, age, education, and type of Apolipoprotein
E (ApoE) alleles was documented. A digital pen recorded x and y coordinates approximately
every 13 milliseconds. The data corresponding to each pen stroke, which is defined as continuous

drawing without lifting the pen, was saved in a separate section of a .«xt file.

We deliberately chose not to use the raw data collected by the digital pen, as digital pens are not
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readily available, and older adults are often unfamiliar with such technology. Our goal was to
develop an automated tool that does not heavily depend on resources or expertise predominantly
available in developed countries and regions. While digital pens capture rich information including
pressure sensitivity, precise temporal dynamics, and stroke-level metrics, these advantages come
at the cost of accessibility and widespread applicability. There were additional reasons for not
relying on the digital pen detailed trajectory data. Specifically, LLFS test administrators recorded
participant names during the TMT administration. By converting to a static image format, we
could easily anonymize the data through targeted image cropping, while preserving the essential
elements of the TMT drawing itself. Further, an image-based approach allows our method to
be applied to TMT drawings collected through various means, including those administered with
traditional paper-and-pencil methods and subsequently digitized. This universality enhances the
potential for retrospective analyses of existing datasets and enables wider implementation across

diverse clinical environments without requiring specialized equipment.

To diminish our reliance on digital pens, we developed a preprocessing pipeline. This pipeline
was designed to extract x and y coordinates, compute the duration of each stroke, and derive the
overall completion time. We then plotted these extracted coordinates from a participant on a blank
canvas to create an image and stored it as a .png file. This approach preserves the essential spatial
and visuomotor patterns evident in TMT performance while allowing for standardized processing

across diverse collection methods.

Our datasets are highly imbalanced, with a significantly smaller proportion of dementia cases
compared to normal cognition cases. To address this imbalance and mitigate potential overfitting,
we implemented a comprehensive set of strategies. Following our previous work, we generated

additional training data through image augmentation, applying transformations more frequently to
9
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the minority class.!> These transformations include rotations of £10 degrees, zooming in/out by
+15%, width and height shifts of +10%, shearing of +10%, and image resizing to 224 x 224 pixels.
We applied these transformations disproportionately, based on the ratio of positive to negative
cases. This approach enabled us to expand our training dataset with more varied positive cases.
For non-image and fusion models, we adopted oversampling in the training sets, where samples
from the minority class were randomly duplicated to match the majority class distribution.
Additionally, we implemented stratified 5-fold cross-validation to ensure that each fold maintained
the same proportion of dementia and normal cognition cases as the overall dataset, preventing
potential sampling biases during model evaluation. To further optimize model performance on
imbalanced data, we refined the classification threshold based on F1 scores for each fold, typically
resulting in thresholds greater than the standard 0.5. This approach helped achieve a more
appropriate balance between sensitivity and specificity in our predictions. We also applied
regularization techniques to prevent overfitting. Specifically, we used weight decay ({>-norm
penalty with weight A = 0.001) during model training, which penalizes large weights and
encourages the model to learn more generalizable patterns. Detailed data preprocessing steps and

imputation procedures are provided in Appendix A.

Statistical analysis and performance metrics

We performed the Kolmogorov-Smirnov test for continuous variables and the y? test for categorical
variables to determine whether the distributions across the Normal Cognition (NC) and Dementia
groups are significantly different.>>* A significance level of 0.05 was used. A p-value less than
0.05 indicates that the distribution of a given feature is significantly different across cognitive

statuses.

10
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The data were randomly divided using stratified five-fold cross-validation. A model was trained
on four folds and tested on the remaining fold. This training process was repeated five times.
Performance metrics for all models were reported as the mean across the five runs, along with the
standard deviation. The performance metrics included Area Under the Receiver Operating

Characteristic Curve (AUC), sensitivity, specificity, weighted F1 score, and accuracy.

Models

As demonstrated in Figure 2, we developed three types of binary classification models aimed at
identifying participants with dementia from those with normal cognition: (i) image-only models,

(i) non-image models, and (iii) fusion models.

The TMT-A drawings were used as inputs for our image-only models and two backbones were
employed: Residual Network (ResNet) and Vision Transformer (ViT).>*** Specifically, we selected
the ResNet-50 variant and the ViT base variant. ResNet-50 is a 50-layer convolutional neural
network, which includes 48 convolutional layers, one MaxPool layer, and one average pooling
layer. Conversely, the ViT base variant has 12 transformer layers, a hidden size of 768 dimensions,
and 12 attention heads; it is designed to process 196 patches of 16 x 16 pixels each. In our study,
the ResNet-50 and ViT base variants are referred to as ResNet and ViT, respectively. Given the
relatively small sample size, we applied transfer learning and initialized the selected backbones

with weights pre-trained on ImageNet.>¢

We fine-tuned these two backbones by appending a fully
connected layer to each and training only that layer while freezing all other layers. Notably, this
approach significantly reduces the complexity of training; only 1,538 trainable parameters in ViT

and 4,098 in ResNet need to be trained. In the model training process, a batch size of 32 and a

total of 50 epochs were used to train each vision model. Images were resized to 224 x 224 pixels

11



186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

and were normalized by dividing the value of each pixel by 255, thus rescaling the pixel values to
a range between 0 and 1. The Adam optimizer was utilized for updating model parameters, with
a learning rate of 3 X 10™% and a weight decay of 1 X 1073. A dynamic adjustment mechanism
for the learning rate was implemented, reducing the learning rate by a factor of 0.2 if no
improvement in validation loss was observed for 5 consecutive epochs. The best model state was

saved based on the lowest validation loss observed over the training course.

We used factors such as age, gender, education, and completion time to develop our non-image
models. Although ApoE is known for its significant predictive value in dementia, we intentionally
excluded it from our model development since it isn’t routinely assessed in dementia evaluations.
We developed a wide range of traditional machine learning classifiers, including Logistic
Regression (LR), Support Vector Machine (SVM), Decision Tree (DT), Random Forest (RF), and
Extreme Gradient Boosting (XGBoost).’” These classifiers were trained solely on demographic
features (referred to as baseline), specifically age, gender, and education, to determine the best
model for subsequent analysis. As the LR classifier showed the highest overall performance, we
selected the LR algorithm for our fusion model (cf. Appendix B). To understand how non-imaging
features affected our model’s performance, we used the following sets of features as inputs to
logistic regression models for comparison: (1) age alone, (2) education alone, (3) gender alone, (4)
completion time alone, (5) baseline (age, education, and gender), (6) age and completion time,

and (7) baseline and completion time.

The fusion model integrates multiple features through a logistic regression model. Specifically, we
combine: (1) the probability score derived from the fine-tuned vision model’s analysis of TMT-A
drawings, (2) demographic information, and (3) completion time. All these features serve as inputs

to the logistic regression model, which then predicts the final probability of dementia. Figure 3
12



209  illustrates how the best-performing fusion model combines age, completion time, and the ResNet-
210 50 derived image probability to generate predictions, alongside participants’ ground truth

211  cognitive status.

212

213

13



214
215
216
217
218
219
220
221
222
223

Aﬁ Boston New York 9

Framingham

Pittsburgh Denmark
FHS LLFS N
T —_—
o @ Vision] Model
Gender Education
[ ]

C () N
[]
Age

GG
( Logistic Regression )
Completion Time
\II/ Normal h

Logistic Regression

A4

Normal

Non-image Model Fusion Model

Figure 2: Dementia detection framework. This study leveraged data from two cohorts: the Framingham Heart Study
(FHS) cohort (N = 1,252, single-center in Framingham, MA) and the Long Life Family Study (LLFS) cohort (N =
1,613, multi-center in Boston, New York, Pittsburgh, and Denmark). Our study used two forms of data collected
during an in-person neuropsychological test: demographic characteristics (age, gender, and education) and digital pen
data from the Trail Making Test Part A (TMT-A), including the TMT-A completion time and x and y coordinates.
These coordinates were plotted and saved as .png images. We developed three types of dementia detection models:
(i) image-only models, where the Vision Transformer (ViT) and Residual Network (ResNet) were fine-tuned using
TMT-A drawings; (if) non-image models, utilizing demographic data and the TMT-A completion time; and (iif) fusion
models, which combine non-image features with the image scores derived from the fine-tuned vision models to

differentiate individuals with dementia from their normal counterparts.
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Figure 3: Visualization of the proposed fusion model. The figure includes four subfigures, each representing a
participant from either the FHS or LLFS cohort. Two of the participants are diagnosed with dementia, while the other
two are cognitively normal. For each participant, their age, the TMT-A completion time, and the probability of
dementia derived from the ResNet-50 model based on the TMT-A image are displayed. The bar below each subfigure
shows the predicted probability of dementia when combining age, the TMT-A completion time, and the image-derived
probability as predictors in the proposed fusion model. The Ground Truth (GT) label indicates the actual cognitive

status of each participant.
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Results

Characteristics of the participants

Descriptive statistics based on cognitive status (NC and dementia) are presented in Table 1 and
Table 2. The feature distributions for the FHS and LLFS datasets are provided in Appendix C. In
both datasets, several differences emerged when comparing the characteristics of participants in
the dementia group with those in the normal cognition group. Participants flagged as demented
were generally older. They took longer to complete the TMT-A. The dementia group also had a
higher percentage of females than males. Additionally, a greater proportion of participants in the

dementia group had an education of high school level or lower compared to those in the normal

group.

When comparing the overall characteristics across datasets, distinct differences become evident.
Specifically, participants from LLFS are older than those from FHS on average. Additionally,
LLFS has a higher proportion of individuals with an education level of high school or lower.

Typically, individuals from LLFS take a longer time to complete the test.

16
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Table 1: Descriptive characteristics and statistical analysis in the FHS dataset. This table compares
both numerical and categorical features between the Normal Cognitive (NC) and dementia groups
within the FHS cohort. For Age and Completion time, this table shows mean values for the NC,
dementia, and overall groups. Kolmogorov-Smirnov tests were conducted to assess the
significance of differences in these features between NC and dementia groups. For Gender,
Education, and Apolipoprotein E (ApoE), column percentages are presented for each group. Chi-
square (x?) tests were conducted to determine the significance of differences in these features
between NC and dementia groups. A significance level of @« = 0.05 was used, with a p-value less

than 0.05 indicating a significant difference in feature distribution by cognitive status.

Feature NC Dementia Overall p-value
N=1233 (98.48%) N=19(1.52%) N =1252(100.00%)

Age 69.74 + 12.31 84.79 £ 8.71 70.25 +12.42 <0.01

Gender 0.37

Female 713 (57.83%) 13 (68.42%) 741 (57.76%)

Male 520 (42.17%) 6 (31.58%) 542 (42.24%)

Education 0.24

High school or lower 228 (18.49%) 5(26.32%) 242 (18.86%)

College or above 1005 (81.51%) 14 (73.68%) 1041 (81.14%)

Completion time 37.56 +21.89 105.44 +72.9 39.14 +£25.20 <0.01

ApoE 0.09

§2/e2 7 (0.57%) 0 (0.00%) 7 (0.55%)

e2/e3 148 (12.00%) 5(26.32%) 157 (12.24%)

e2/e4 23 (1.87%) 0 (0.00%) 23 (1.79%)

17
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£3/c4

ed/e4

812 (65.86%)
226 (18.33%)

17 (1.38%)

7 (36.84%)
7 (36.84%)

0 (0.00%)

840 (65.47%)
237 (18.47%)

19 (1.48%)
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Table 2: Descriptive characteristics and statistical analysis in the LLFS dataset. This table
compares both numerical and categorical features between the Normal Cognitive (NC) and
dementia groups within the LLFS cohort. For Age and Completion time, this table shows mean
values for the NC, dementia, and overall groups. Kolmogorov-Smirnov tests were conducted to
assess the significance of differences in these features between NC and dementia groups. For
Gender, Education, and Apolipoprotein E (ApoE), column percentages are presented for each
group. Chi-square (y"2) tests were conducted to determine the significance of differences in these
features between NC and dementia groups. A significance level of a = 0.05 was used, with a p-

value less than 0.05 indicating a significant difference in feature distribution by cognitive status.

Feature NC Dementia Overall p-value

N = 1548 (95.97%) N=65(4.03%) N =1613 (100.00%)

Age 69.67 + 8.68 9497 +£7.38 71.74 £10.74 <0.01
Gender 0.64
Female 841 (54.33%) 35 (53.85%) 939 (54.00%)

Male 707 (45.67%) 30 (46.15%) 800 (46.00%)

Education 0.02
High school or lower 479 (30.94%) 29 (44.62%) 556 (31.97%)

College or above 1069 (69.06%) 36 (55.38%) 1183 (68.03%)

Completion time 38.68 +17.57 135.05+91.24 44.36 +33.05 <0.01
ApoE 0.21
€2/€2 9 (0.58%) 0 (0.00%) 9 (0.52%)

€2/€3 214 (13.82%) 5(7.69%) 241 (13.86%)

€2/e4 30 (1.94%) 1 (1.54%) 37 (2.13%)

19



£3/e3 999 (64.53%) 50 (76.92%) 1129 (64.92%)
£3/e4 274 (17.7%) 9 (13.85%) 299 (17.19%)

£4/c4 22 (1.42%) 0 (0.00%) 24 (1.38%)
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Non-image models

Table 3 presents the mean performance metrics, across five runs, of the non-image models
specifically designed for distinguishing participants with dementia from those with normal
cognition. Both gender and education, when evaluated individually, showed poor predictive
power. Their AUC values were just around 50%, indicating that their performance was nearly
equivalent to random guessing. In contrast, age and completion time were strong individual
predictors. The higher AUC scores for age and completion time suggest that these features
considerably contributed to the model’s ability to discern individuals with dementia. When we
integrated the completion time with demographics, we observed increases in both AUC and
sensitivity across all datasets. Since completion time is the time taken to complete the TMT-A,
this finding suggests that effective screening for potential dementia requires the inclusion of some
form of cognitive testing. The risk of developing dementia cannot be inferred from demographics

alone.

The best-performing non-image models are the models that used both age and completion time as
features. Specifically, compared to the metrics of the baseline model, this combination enhanced
the AUC by 14.96% and sensitivity by 18.33% in the FHS dataset. For the LLFS dataset, this
combination achieved an AUC of 98.50%, a sensitivity of 81.54%, and a specificity of 98.64%.
Like the results for the individual datasets, the top-performing non-image model for the combined
dataset utilized both age and completion time as predictors. As shown in Figure 4, mixing the two
datasets led to decreases in AUC values compared to using the LLFS dataset alone, but resulted in

increases in AUC values for the FHS dataset.
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Table 3: Performance metrics (in %) of non-image models using demographics and completion
time. The models were trained and evaluated on the LLFS, FHS, and combined datasets,
respectively, to differentiate participants with dementia from those with normal cognition. This
table summarizes the mean values + standard deviations in percentages for a 5-fold cross-

validation process. Evaluation metrics included AUC, sensitivity, specificity, F1 score, and

accuracy.

Dataset Feature AUC Sensitivity Specificity F1 score Accuracy
Gendser 46.86 £2.07 43.07 £4.21 50.65 +4.86 63.68 £4.10 50.34 +£4.56
Education 56.84 £6.37 44611141 69.06 +1.75 77.74 £1.43 68.07 £2.04
Age 97.98 £0.78 7846 £10.03  97.81 £0.66 97.21 £0.59 97.02 £0.67

LLFS Time 97.09 £2.01 73.85+£11.67 98.19+1.49 97.35+0.93 9721 £1.18
Baseline 97.97 £0.69 7846 +£13.76  98.06 £0.68 97.40 £0.23 97.27 £0.26
Age+Time 98.50 +0.59 81.54 £15.95 98.64 +£0.48 98.00 £0.42 97.95+0.35
Baseline+Time  98.46 £0.68 81.54+£15.95 98.77+0.84 98.11 £0.42 98.08 £0.46
Gender 56.09+£21.09 70.00 £41.08  42.17 £1.50 58.27+1.73 42.57 +£1.98
Education 54.09 £13.07 26.67+£25.28 89.22 £9.87 92.15+£4.99 88.26 £9.29
Age 84.72£10.68  46.67+31.51 92.55+14.64 94.20+8.70 91.87+13.96

FHS Time 91.00 +6.11 46.67+19.19 9870 +1.12 98.08 +0.76 97.92 £1.03
Baseline 79.87 £13.16  46.67 £31.51  95.46 +3.60 96.14S £2.17  94.73 £3.64
Age+Time 94.83 +£2.30 65.00 £33.54  96.59 £3.99 97.07 £2.01 96.08 +3.47
Baseline+Time  91.75+7.49 55.00+£27.39  96.18 £5.19 96.72 £2.99 95.52 £5.06
Gender 46.62 £4.73 46.40 £13.87 46.85+5.97 61.23 £4.95 46.84 +£5.45
Education 57.51+£2.88 40.44 £6.11 74.58 £0.49 82.33+£0.26 73.58 £0.36
Age 95.19+2.82 57.13 £8.71 98.99 +0.37 97.71 £0.30 97.76 £0.31

Combined  Time 95.63 £2.65 70.29 £9.09 97.91 +£1.26 97.36 £0.74 97.1+1.04

22



1.0 1.0

o

==
———n
.

0.8
Jﬂ_.‘P u
2 2
v 0.6 ¢ 06 .
2 2 s
.“:g o g e
L ~ Gender (AUC = 46.86) a Gender (AUC = 56.09)
$04 Education (AUC = 56.84) L04 Education (AUC = 54.09)
= =

= Age [AUC = 97.99)
Time (AUC = 97.09)
Baseline (AUC = 98.00) 0.2
Age+Time (AUC = 98.52)

Baseline+Time (AUC = 98.46)

Age (AUC = B4.70)

Time {AUC = 91.03)

= Baseline (AUC = 79.88)
Age+Time (AUC = 94.73)
Baseline+Time (AUC = 91.73)

0.2

09% 0.2 04 0.6 08 1.0 0350 0.2 0.4 0.6 0.8 1.0
False Positive Rate False Positive Rate
(a) Combined ROC curves for the LLFS dataset. (b) Combined ROC curves for the FHS dataset.
Combined
1.0 —
08
&
[}
o«
v 06
z
:‘i‘
£ = Gender (AUC = 46.63)
g 04 Education (AUC = 57.51)
> - Age (AUC = 95.12)
= Time (AUC = 95.60)
0.2 = Baseline (AUC = 94.93)
— Age+Time (AUC = 97.51)
Baseline+Time (AUC = 97.45)
%9% 0.2 04 06 0.8 1.0

False Positive Rate

(c) Combined ROC curves for the combined dataset.

Baseline 94.96 £2.72 60.59£12.75  98.60 £0.39 97.52 +£0.37 97.49 £0.36
Age+Time 97.56 +1.41 71.32£15.51 98.78 £0.62 98.02 £0.39 97.97 £0.45

Baseline+tTime  97.44 £1.40 70.15+15.25 98.92+0.36 98.09 £0.26 98.08 £0.21

Time: completion time; Baseline: age, gender, and education.

293 Figure 4: Mean ROC curves of non-image models using demographics and completion time. The models were trained
294 and evaluated on the LLFS, FHS, and combined datasets, respectively, to differentiate participants with dementia from

295  those with normal cognition.

23



296

297

298

299

300

301

302

303

304

305

306

307

Image models

Our comparison of two image models, ViT and ResNet, on the LLFS and FHS datasets revealed
performance disparity (cf. Figure 5). In the LLFS dataset, ViT outperformed ResNet, achieving a
higher AUC of 89.03% compared to 86.85% from ResNet. In contrast, in the FHS dataset, ResNet
demonstrated significantly better performance with an AUC of 74.87% versus 59.35% from ViT.
When evaluating the combined dataset of LLFS and FHS, the models achieved more comparable
performance. ViT achieved an AUC of 86.11%, while ResNet achieved 85.36%. The variability
between the datasets appears to balance out when examining the aggregated dataset. Additionally,
the image-only models achieved AUCs between 59.35% to 89.03%, indicating room for
improvement in predictive performance by incorporating additional features like demographics and

completion time.
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308 Figure 5: Mean ROC curves of ViT and ResNet models using the TMT-A drawings. The models were trained and

309 evaluated on the LLFS, FHS, and combined datasets, respectively, to differentiate participants with dementia from

310  those with normal cognition.
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Fusion models

The fusion models, detailed in Table 4, incorporated non-imaging features along with probability
scores derived from fine-tuned vision models to enhance dementia identification. Across all
datasets, the AUC exceeded 96% for each fusion model, demonstrating strong discriminative
performance in differentiating between demented and cognitively healthy individuals. The best
AUC (98.74%) was achieved with the LLFS dataset using age, completion time, and the
probability score predicted by ViT. The highest sensitivity (92.32%) was obtained from the LLFS
dataset using age, completion time, and the probability score derived from ResNet. Overall, ResNet
outperformed ViT in terms of sensitivity, given that there was no significant difference in AUCs
and other metrics. Models utilizing age, completion time, and the image score from ResNet
achieved better AUCs and sensitivities compared to models that additionally incorporate gender
and education level, alongside age, completion time, and image scores from ResNet, in both the
FHS and the combined datasets. Therefore, the optimal feature combination is age, completion
time, and the probability score from ResNet. For the LLFS dataset, this combination yielded an
AUC of 98.62%, sensitivity of 87.62%, and specificity of 98.26%. Similarly, for the FHS dataset,

it achieved an AUC of 96.51%, sensitivity of 85.00%, and specificity of 96.75%.

Figure 6 and Table 5 show the performance improvements by adding completion time alone and
both completion time and ResNet-derived image score to the models using only age as a single
predictor. Adding completion time alone demonstrated moderate gains while incorporating both
temporal data and visual signals led to substantial improvements across all datasets. Notably, the
addition of temporal information and visual signals to the demographic data resulted in marked

increases in sensitivity across all datasets. Specifically, for the LLFS dataset, we observed a 3.08%
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improvement by adding temporal information to age, and a 9.23% improvement by incorporating
both temporal and visual signals in terms of sensitivity. For the FHS dataset, the improvements
were 18.33% and 38.33%, respectively; for the combined dataset, the increases were 14.19% and
16.55%, respectively. Moreover, AUC also exhibited a pronounced boost with the full fusion model
for the FHS dataset. These gains indicated that fusing the visual signal from a participant’s drawing

and the time taken to complete the TMT-A could considerably enhance predictive performance.

The ablation study in Appendix D compared different model configurations to assess the impact
of various features on model performance. The study revealed that while the Age+Image model
improved sensitivity compared to the traditional Age+Time model, it slightly compromised other
metrics. The proposed Age+Time+Image model consistently outperformed others across most
metrics, demonstrating the value of including completion time. Further analysis of error-related
features collected by trained examiners during the test showed no significant improvement when
added to the Age+Time+Image model. This suggests that the ResNet-derived image probability
likely captures this information. In conclusion, the Age+Time+Image model provides the best
balance of predictive power and ease of administration, aligning with the goal of developing an

accessible dementia screening tool.

Since the risk of developing Alzheimer’s disease and related dementias increases with aging, we
reapplied our pipeline to a subset of the combined dataset that included only participants aged 65

years and older. Table 6 reports the results for this subsample.

As depicted in Figure 7, age was the dominant factor with a significantly higher coefficient than
all other features. After excluding younger participants, age remained the top contributing feature,

but a decrease in the coefficient was observed. Although the probability score derived from ResNet
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ranks as the least important factor in distinguishing individuals with cognitive dysfunction across
most datasets, its coefficients are notably above zero. This suggests that the visual subtleties

captured by ResNet offer a complementary signal.
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Table 4: Performance metrics of fusion models using combinations of demographics, completion
time, and probability score derived from ResNet and ViT. The models were trained and evaluated
on the LLFS, FHS, and combined datasets, respectively, to differentiate participants with dementia
from those with normal cognition. This table summarized the mean values + standard deviations
in percentages for a 5-fold cross-validation process. Evaluation metrics included AUC, sensitivity,

specificity, F1 score, and accuracy.

Dataset AUC Sensitivity Specificity F1 score Accuracy
Aget+Time+Image (ResNet) 98.62+£0.91 87.69 +8.77 98.26£0.67 9797+0.58 97.83+0.66
LLFS Baseline+Time+Image (ResNet)  98.59+0.97 92.31+7.69  9825+093 98.17+0.57 98.01 +0.72
Age+Time+Image (ResNet) 96.51+2.37 85.00+22.36 96.75+340 97474193  96.56 +3.12
FHS Baseline+Time+Image (ResNet) 9426 +6.09 80.00+20.92 96.10+£4.11 97.03+2.44 9584 +3.97
Age+Time+Image (ResNet) 97.95+1.02 73.68+7.50  98.81+052 98.14+031 98.08 +0.39
Combined  gyeline+Time+Image (ResNet)  97.80 =126 70.15+9.69  98.88=0.68 98.08+0.37  98.04 = 0.48
Age+Time+Image (ViT) 98.74£0.75 80.00+16.85 98.90+0.54 98.14+048 98.14+0.38
LLFS Baseline+Time+Image (ViT) 98.66+0.89 81.54+£13.97 98.97+0.62 9828+0.66 98.26+0.65
Age+Time+Image (VIT)FHS ~ 97.714£121 61.67+19.19 98.62+167 98324095 98.08+ 1.48
FHS Baseline+Time+Image (ViT) 9729+195 71.67+24.01 97.81+£2.50 97.98+1.59 97.44+2.44
Age+Time+Image (ViT) 98.15+0.68 66.55+19.64 99.10+£0.72 98.11+025 98.15+0.26
Combined - g,eline+Time+Image (ViT) 98.10+0.84 70.15+16.86 98.63+0.86 97.87+033 97.80+0.47

Time: completion time; Baseline: age, gender, and education; Image (ResNet): probability score derived from ResNet; Image

(ViT): probability score derived from ViT.
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Table S: Performance metrics for models using age only, age with completion time, and age with
both completion time and the probability score generated by ResNet. This table compares the
performance of models that use a single demographic feature without any cognitive assessment,
models that incorporate the demographic feature and completion time (commonly used in

traditional cognitive assessments), and models that use demographic, temporal information, and

TMT-A drawing from digital cognitive assessments.

Dataset  Feature AUC Sensitivity Specificity F1 score Accuracy
Age 97.98 £0.78 78.46 £10.03 97.81 £0.66 97.21 £0.59 97.02 £0.67
LLFS Age+Time 98.50 £0.59 81.54£15.95 98.64 +£0.48 98.00 £0.42 97.95 +0.35
Age+Time+Image (ResNet) 98.62 £0.91 87.69 £8.77 98.26 £0.67 97.97 £0.58 97.83 £0.66
Age 84.72 £10.68 46.67 £31.51 92.55 +14.64 94.20 £8.70 91.87 £13.96
FHS Aget+Time 94.83 £2.30 65.00 £33.54 96.59+3.99 97.07 £2.01 96.08 +3.47
Age+Time+Image (ResNet) 96.51 £2.37 85.00 £22.36 96.75 £3.40 97.47+1.93 96.56 +3.12
Age 95.19+£2.82 57.13£8.71 98.99+0.37 97.71 £0.30 97.76 +0.31
Combined Age+Time 97.56 £1.41 71.32£15.51 98.78 £0.62 98.02 +£0.39 97.97 +0.45
AgetTime+Image (ResNet) 97.95+1.02 73.68+7.50 98.81+£0.52 98.14+0.31 98.08 £0.39

Time: completion time; Image (ResNet): probability score derived from ResNet.
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372 Figure 6: Comparison of key performance metrics: from age to integrating temporal and visual information. This
373  figure presents radar plots for the LLFS, FHS, and combined datasets, respectively. Each plot highlights the
374 improvements in three key metrics — AUC, sensitivity, and specificity — when augmenting the baseline model first
375 with the completion time alone, and then with both completion time and ResNet-derived image score. Other metrics,

376 not showing significant improvements, were excluded from this visualization.
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Table 6: Performance metrics of models trained and evaluated on the subset of older adults aged

65 and over from both cohorts. This table summarizes mean values + standard deviations in

percentages for a five-fold cross-validation process.

Feature AUC Sensitivity Specificity  F1 score Accuracy
Gender 4742+434 4595+ 11.78 48.89+6.44 62.14+£536 48.76+5.87
Education 5628 +4.44 40.96+9.80 71.61+2.05 79.34+1.12 70.37+1.75
Age 9428 +£295 56.62+9.17 98.38+0.92 96.68+1.04 96.7+1.16
Time 9438+ 1.61 65.00+11.12 97.67+0.72 96.51 £0.62 96.36+0.70
Baseline 94.15+2.69 60.15+12.87 98.28+0.77 96.76 £0.97 96.74 +1.03
Age+Time 96.57+0.97 71.18+7.40 98.38+1.05 97.35+£0.50 97.28 +0.72
BaselinetTime 9641+ 131 7228+3.28 98.43+0.61 97.44+0.43 97.38+0.53
Age+Time+Image (ResNet)  97.04 +1.49 69.85+7.28 98.63+0.63 97.49+0.31 97.47+0.41
Baseline+Time+Image (ResNet)97.09 £ 1.90 68.60 = 8.01  98.63+0.73 97.44+0.32 97.43+0.44

Time: completion time; Baseline: age, gender, and education; Image (ResNet): probability score derived

from ResNet.
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381 Figure 7: Feature importance for the best-performing fusion models. This figure shows the mean coefficients of the
382 fusion models using the combination of age, completion time, and probability score derived from ResNet. These
383 coefficients were obtained from the fusion models trained on the combined dataset, the subset of older adults aged 65
384 and over, the LLFS dataset, and the FHS dataset, respectively

385
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Discussion

This work demonstrated the ability of multimodal Al models to distinguish individuals with
dementia from cognitively healthy controls. We found that integrating visual, temporal, and
demographic data significantly enhances performance, surpassing single-modality models. That
is, models using age alone are less predictive. Incorporating completion time with age adds value,
showing substantially improved predictive performance. Furthermore, the inclusion of the visual
predictor, TMT-A image, enhances discriminative capability beyond age and completion time. As
shown in Table 5, incorporating the predictor of completion time, used in traditional cognitive
assessments, along with age, results in sensitivity improvements of 3.08% and 17.33% for the
LLFS and FHS datasets, respectively, compared to age alone. Moreover, the inclusion of the visual
predictor, TMT-A image, significantly increases sensitivity by 6.15% and 20% when integrated
with the traditional cognitive predictors, age, and completion time, for the LLFS and FHS datasets,
respectively. In addition, we showed that the discriminative capability of these fusion models
remains consistent across various cohorts. Our findings highlight the potential of utilizing
geographically diverse data sources to automate large-scale dementia screening. Importantly, our
evaluation of the clinical significance of these improvements reveals meaningful real-world impact
(see Appendix E). Using established metrics such as clinical significance ratio and Number
Needed to Diagnose (NND), we demonstrate that the fusion model captures a substantial
proportion of previously missed cases, with particularly strong performance for the FHS dataset

where an NND of only 3.33 indicates a good diagnostic efficiency in clinical practice.

One strength of our framework is its accessibility. While neuroimaging and biofluid analyses are

sensitive and accurate for diagnosing Alzheimer’s disease, their limited accessibility and reliance
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on specialized personnel make them less practical, particularly in resource-limited regions.*®* In

contrast, our proposed framework addresses these challenges through deliberate design choices.
We opted not to use ApoE. Individuals in resource-limited regions face challenges in obtaining
genetic information, such as limited access to genetic testing facilities, the costs associated with
testing, and the availability of trained professionals to administer a blood test. Similarly, we made
a strategic decision not to use raw digital pen recordings directly. Instead, we extracted the overall
completion time and converted the raw data into images, then fine-tuned deep learning models to
learn spatial information from TMT-A drawings. This approach represents a deliberate
prioritization of accessibility over the capture of fine-grained data. Digital pen technology, while
capable of recording nuanced information about drawing dynamics, timing, and pressure, remains
inaccessible in many settings due to cost, technological barriers, and unfamiliarity among older
adults — our primary target population. Our best-performing model utilizes age, TMT-A
completion time, and TMT-A drawings — all readily obtainable variables that eliminate the need
for specialized equipment. This approach enables diverse implementation pathways: individuals
can complete the test using standard pen and paper, time it with a basic stopwatch, and then digitize
the drawing through various means. For example, drawings can be collected through traditional
paper-and-pencil methods in clinical settings, completed at home and photographed using a
smartphone camera, or captured via telehealth platforms during remote assessments. This
versatility extends the potential reach of automated cognitive assessment by supporting both
prospective implementation across diverse clinical environments and retrospective analysis of
existing datasets. This flexibility addresses a critical gap in cognitive assessment infrastructure
globally, particularly in settings where specialized neuropsychological expertise is limited. The

performance of our image-only models suggests that essential diagnostic information is preserved
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in the spatial patterns of TMT-A drawings. This finding is consistent with a growing body of
evidence supporting image-based approaches for cognitive assessments. In the clock drawing tests,
several works have demonstrated that deep learning models can effectively screen for dementia and
identify cognitive decline using the visual features of drawings.!>*>*! This pattern extends to other
neuropsychological instruments, including the Rey-Osterrieth Complex Figure Test, where image-
based deep learning approaches have shown comparable efficacy in predicting cognitive

t.!3 These findings across multiple drawing-based assessments suggest that spatial

impairmen
patterns and visual features captured in static images contain sufficient information for effective

cognitive evaluation.

Another advantage of our framework is its scalability. We selected TMT-A over the more
challenging TMT-B to facilitate large-scale screening. TMT-A, which simply involves connecting
Arabic numerals, is easier and more universally recognized than TMT-B, which requires
alternating between numerals and alphabetic letters. This difference is particularly relevant for
older adults, non-English speaking populations in regions with lower education levels, where the
complexity of TMT-B may lead to a higher failure rate due to misunderstood instructions or the
difficulty of the task, as demonstrated in previous studies.*>** The simplicity and broader global

recognition of TMT-A make it a more practical choice for implementing our framework widely.

In addition, our framework can adapt to other cohorts, as we use multi-center, multi-cohort data
from geographically diverse populations across various states and nations. Our framework was
applied to and validated on both individual and combined cohorts, demonstrating its
generalizability across different cohorts. This versatility indicates the potential for global adaptation
of our method for large-scale cognitive impairment screening, particularly in settings where

dementia expertise is limited or unavailable.
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Our framework demonstrates broad applicability to general populations, as it was developed using
community-based cohorts comprising participants with diverse cognitive profiles. Unlike
dementia-specific cohorts, which primarily include individuals with diagnosed dementia or
elevated risk factors, our community-based approach captures a more representative spectrum of
cognitive function. Consequently, our model provides a more ecologically valid approach for
identifying dementia cases within heterogeneous populations. The performance characteristics
observed in our models, particularly the trade-off between sensitivity and specificity, should be
interpreted within this community-based research context. While specialized clinical settings such
as Alzheimer’s Disease Research Centers (ADRCs) or memory clinics offer comprehensive
assessments with higher diagnostic accuracy and potentially more balanced case distributions, they
introduce selection bias. Our approach reflects the natural prevalence of cognitive impairment in
general populations, where most individuals are cognitively normal. This better represents the
intended application environment for accessible screening tools and minimizes potential
distributional shift during real-world implementation. A better dementia care pathway would likely
combine approaches like ours with comprehensive assessment, using community-based digital
screening for initial identification and referral of high-risk individuals to specialized centers,

allowing for more efficient allocation of resources while maximizing population coverage.

The performance metrics of models trained on the FHS dataset demonstrate greater variability
compared to those trained on the LLFS dataset, as indicated by higher standard deviations across
evaluation metrics. This performance discrepancy can be attributed to fundamental differences in
cohort characteristics and study designs (detailed in Appendix F). Age distribution represents a
primary factor influencing model performance, with FHS participants being younger on average

(70.25+12.42 years) compared to those in LLFS (71.74+10.74 years). This younger demographic
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profile corresponds with a substantially lower prevalence of dementia in FHS (1.52% vs. 4.03% in
LLFS), resulting in fewer dementia cases available for model training (19 cases vs. 65 cases), and
thereby creating a significant class imbalance challenge for deep learning algorithms. Variations
in performance may also stem from differences in cohort selection criteria. While the FHS primarily
examines cardiovascular health in a community-based population, the LLFS cohort consists of
individuals selectively recruited from families with exceptional longevity, emphasizing factors
associated with healthy aging.** These divergent selection criteria result in populations with distinct
cognitive aging profiles. Data collection settings also differ meaningfully between the two studies.
LLFS conducted in-home assessments, potentially including participants who may be unable to
travel to clinical settings due to health or mobility limitations. This approach may capture a
broader spectrum of cognitive impairment compared to FHS, where all assessments required clinic
visits. The cumulative effect of these differences manifests in the increased variability observed in
FHS model performance, reflecting the inherent challenges of detecting subtle cognitive changes

in a relatively younger population with fewer overt cases of dementia.

Although this study offers valuable insights, it also has several limitations. Our study is limited
by the small sample size and highly imbalanced dataset. The area under the precision-recall curve
(AUPRC) revealed low values, likely due to the scarcity of dementia cases. While our models
achieved decent sensitivity, this came at the cost of precision, which lowered the AUPRC. These
limitations highlight the need for larger datasets with more dementia cases. However, addressing
this challenge is inherently difficult as our datasets are derived from community-based studies

where the prevalence of dementia is naturally low.

We compromised on some clinically valuable information to enhance the feasibility of

implementation in different settings by choosing not to use the time-series data collected by digital
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pens, despite its potential to provide additional clinically meaningful insights. Features such as
stroke-by-stroke timing, pauses between strokes, and writing pressure variations contain
information about cognitive processing speed, motor control, and executive function that is not fully
captured in static images.**’ As digital pen technology becomes more widely available and
affordable, future research could compare the performance of models trained on TMT images
versus those utilizing digital pen data. Such studies would help quantify the practical impact of
this tradeoff between data richness and accessibility. Additionally, future work could explore
hybrid approaches that maintain accessibility while incorporating selective temporal features that
can be captured without specialized equipment, such as developing smartphone applications that

capture basic temporal dynamics during test administration.

A key limitation of our study was the exclusion of TMT-B data. While TMT-A primarily measures
processing speed through a simple number-sequence task, TMT-B offers a more comprehensive
evaluation of executive functions through its complex alternation between numbers and letters,
making it particularly sensitive for dementia detection. TMT-A’s simpler design means its
performance might be more influenced by motor impairments related to factors like frailty, rather
than cognitive decline alone. Due to limited TMT-B data availability in our dataset for
comprehensive experimentation, we focused our analysis on TMT-A. Future studies should
incorporate both tests to develop more comprehensive screening models that can better

differentiate between motor and cognitive impairments.

Another limitation is that both FHS and LLFS do not conduct a comprehensive review to determine
the cognitive status of all participants. Instead, the FHS focuses on those at higher risk, prioritizing
dementia reviews for them. Participants who are at lower risk, show no signs of cognitive concerns,

or are relatively young, are presumed to have normal cognition without undergoing a detailed
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consensus review. It is important to note that the FHS confirms cognitive status, including normal
cognition, at the time of death. Similarly, in the LLFS cohort, participants were selected for review
if they had a clinical dementia rating score greater than 0 or if they were labeled as having cognitive
impairment consistent with dementia by a diagnostic algorithm that considered sex and specific
cognitive scores.*® Consequently, both datasets include both confirmed cases of normal cognition,

determined through a dementia review, and presumed cases of normal cognition.

While our study focuses on distinguishing normal cognition from dementia, we recognize the
clinical importance of detecting earlier stages of cognitive decline. Our preliminary investigations
explored multiple classification scenarios across the cognitive spectrum, including MCI detection
(see Appendix G for comprehensive analysis). These preliminary analyses revealed that our fusion
model performed significantly better when distinguishing between the more distinct cognitive states
of normal cognition and dementia, compared to classifying the more subtle differences between
normal cognition and MCI. This guided our decision to focus the current study on normal vs.
dementia classification, establishing a strong methodological foundation. Future research should
build upon this foundation to develop specialized approaches for the more challenging task of early
MCI detection, potentially incorporating longitudinal data and additional neuropsychological

measures to capture subtle cognitive changes.

Future research directions could explore several key areas to enhance model performance. More
extensive fine-tuning of both ResNet and ViT models, allowing additional layers to be updated
during training, may improve the models’ ability to learn from limited datasets. For ViT
specifically, investigating the impact of different patch sizes, particularly smaller patches, might
capture more fine-grained information. Given the sparse nature of TMT drawings, which consist

primarily of line segments, future work should also explore architectures specifically designed for
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sketch analysis, such as graph neural networks. These specialized architectures might better

capture the sequential and structural aspects of TMT drawings.

Although our data collection spans geographically diverse locations, there remains a need to
include more demographically and ethnically diverse populations to enhance the generalizability
of our framework. We have already begun addressing this limitation by expanding beyond the
initial FHS cohort through integration with the LLFS dataset, which introduced greater
demographic variability. We also explored the National Alzheimer’s Coordinating Center’s
Uniform Data Set (NACC UDS) for its potential to enhance ethnic diversity through multi-center
cohorts, but encountered methodological challenges as UDS contains TMT completion times
without corresponding drawings. Looking ahead, we are implementing several practical validation
strategies. First, we have developed a web-based platform (developed in our previous CDT work)
that targets global participation across varied demographic and ethnic backgrounds, allowing us to
gather TMT drawings from diverse populations worldwide.!> As this dataset reaches sufficient
sample size, we will implement external validation and periodic model retraining to improve
generalizability. Additionally, we plan to establish collaborative partnerships with international
research centers to validate our models, particularly focusing on underrepresented populations and
resource-limited environments. Finally, integrating factors such as race, ethnicity, and other
sociodemographic characteristics into our models will further enhance their predictive power across

diverse populations.
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Appendix A: Data preprocessing

In the FHS dataset, one participant, who took over 600 seconds, was identified as an outlier and
excluded from our analysis due to the completion time from that participant significantly deviating
from the distribution, while no outlier was identified in the LLFS dataset. Regarding education
data, nine participants from FHS lacked information. We filled in these missing values using the
most common education level, i.e., college or above. The LLFS dataset had seven such cases, and
the missing values were addressed in a similar manner. In both datasets, all participants reported
their gender. As for the ApoE genotype, the FHS dataset had 45 missing entries, while the LLFS
dataset had 143. These missing entries were replaced with the most common genotype, i.e., £3/¢3.
In the FHS cohort, all participants reported their ages. In the LLFS cohort, two participants did not
provide their ages. For those with missing ages, we imputed them using the mean age.
Furthermore, we excluded participants identified with mild cognitive impairment from both the
LLFS and FHS datasets. The missing values in our datasets are relatively low. Specifically, for
education, the missing values are only 0.72% in the FHS dataset and 0.43% in the LLFS dataset. In
terms of age, there are no missing values in the FHS dataset and only 0.12% in the LLFS dataset.
Additionally, there are no missing values for gender in both datasets. For completion time, only a
single case was excluded from the LLFS dataset. Given the relatively low percentages of missing
values for these variables, it is suggested that the missing data and imputation would likely not

have a significant impact on model performance.
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Appendix B: Model selection

In this study, a wide range of traditional machine learning models were developed, including Logistic
Regression (LR), Support Vector Machine (SVM), Decision Tree (DT), Random Forest (RF), and
Extreme Gradient Boosting (XGBoost). These models were built utilizing baseline demographic
features, namely age, education, and gender. As shown in Table A1, the LR model was the best-
performing model. Therefore, it was adopted as the base model for both non-image models and

fusion models.

Table Al: Model selection.

Model AUC (%) Sensitivity (%) Specificity (%) F1 score (%) Accuracy (%)

DT 78.9 £4.35 56.92 £8.77 98.04 £1.29 96.47+0.61  96.42 £0.94
LR 97.71 £0.94 75.39 £10.03 98.29 £1.52 9753 £123 9739+147
RF 89.81 £2.89 63.08 +12.64 97.41 £1.63 96.28£0.73  96.05 +1.14
SVM 97.45+091 75.39+10.03 97.85+1.5 97.17+098  96.96 £1.27

XGBoost 95.74+1.03 61.54+7.69 98s.11 £1.05 96.73 £0.66  96.66 +£0.86

LR: Logistic Regression; SVM: Support Vector Machine; DT: Decision Tree; RF: Random Forest; XGBoost: Extreme

Gradient Boosting.
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Appendix C: Feature distribution

This section presents the feature distributions for the FHS and LLFS datasets. Figure A1 shows
the age distribution for the FHS dataset, while Figure A2 displays the age distribution for the
LLFS dataset. The completion time distributions for the FHS and LLFS datasets are presented in

Figure A3 and Figure A4.
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Figure Al: Age distribution for the FHS dataset. (a) Histogram displaying the overall age
distribution. (b-c) Histograms showing the age distributions for the normal cognition and dementia

groups, respectively.
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Figure A2: Age distribution for the LLFS dataset. (a) Histogram displaying the overall age

distribution. (b-c) Histograms showing the age distributions for the normal cognition and dementia

groups, respectively.
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Figure A3: Completion time distribution for the FHS dataset. (a) Histogram displaying the overall
distribution of completion times. (b-c) Histograms showing the completion time distributions for
the normal cognition and dementia groups, respectively. The completion time represents the

duration taken by participants to complete the tasks.
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Figure A4: Completion time distribution for the LLFS dataset. (a) Histogram displaying the
overall distribution of completion times. (b-c) Histograms showing the completion time
distributions for the normal cognition and dementia groups, respectively. The completion time

represents the duration taken by participants to complete the task.
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Appendix D: Comparative analysis of feature combination

We conducted an experiment comparing three models: Age+Time (traditional), Age+Image
(excluding Time), and Age+Time+Image (our proposed model). This experiment aimed to explore
the impact of including completion time. As shown in Table A2, the Age+Image model
demonstrated substantially better sensitivity compared to the Age+Time model across both LLFS
and FHS datasets. However, this improvement came at the cost of slightly lower AUC,
specificity, F1 score, and accuracy. Across all datasets, the Age+Time+Image model consistently
outperformed the Age+Image model in terms of AUC, specificity, F1 score, and accuracy.
Additionally, the Age+Time+Image model achieved higher sensitivity across the FHS and
combined datasets. While the Age+Image model offers decent discriminative power and reduces
the participant effort for timing, the inclusion of completion time in the Age+Time+Image model
offers superior overall performance across most metrics. We propose that the image can be
captured as a snapshot and the time can be tracked using a stopwatch. In settings where
approximate timing is feasible, we recommend using the Age+Time+Image model. Although this
approximation of completion time using a simple stopwatch by the participant may not be as
accurate as that tracked by a digital pen or trained examiner, it still contributes valuable information.
In extremely resource-limited settings or where timing is impractical, the Age+Image model

provides an alternative for initial dementia screenings.

We also examined error-related features documented during the TMT administration. We focused
on two key error features: LiftPen, which records the number of times participants lifted their
pen from the paper, and Tremor, indicating the presence of obvious tremor. While examiners also

noted self-corrected and examiner-corrected perceptual errors, these were excluded from our
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analysis due to lack of statistical significance. We compared our proposed model
(Age+Time+Image) against models incorporating these error-related features to assess their
contribution to predictive performance. As shown in Table 3, adding error-related features to our
proposed model (Age+Time+Image) did not improve the AUC and sensitivity. We hypothesize
this may be because the error information is already captured by ResNet. Furthermore, tracking
these features requires documentation by trained professionals, which deviates from our goal of
developing an accessible dementia screening tool and limits the applicability of our approach. Our
findings indicate that the most effective model, combining age, completion time, and image
probability derived from ResNet, captures the most relevant information for discriminating
between individuals with and without dementia. This approach balances predictive power and ease

of administration.
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Table A2: Performance metrics for models using age only, age with completion time, age with

image probability score derived from ResNet, and age with both completion time and the

probability score generated by ResNet.

Dataset Feature AUC Sensitivity Specificity F1 score Accuracy
Age 97.98 £0.78 78.46 £10.03 97.81 +0.66 9721+0.59 97.02+0.67
Age+Time 98.50 £0.59 81.54+1595 98.64+£0.48 98.00+0.42 97.95+0.35
Aget+Image (ResNet) 98.44+082  9231+£7.69 97.87+1.09 97.86+0.71 97.64+0.90
LLFS Age+TimetImage (ResNet)  98.62 +0.91 87.69 £8.77 98.26 £0.67 97.97+0.58 97.83+0.66
Age 84.72+10.68 46.67+31.51 92.55+14.64 9420+8.70 91.87+13.96
Age+Time 94.83 £2.30 65.00£33.54 96.59+3.99 97.07+2.01 96.08 +3.47
Age+Image (ResNet) 94.82 £3.13 73.33 £18.07 95.94+5.02 96.87+2.86 95.60+4.73
FHS Age+Time+Image (ResNet) 9651237  85.00£22.36 96.75+3.40  97.47+1.93 96.56+3.12
Age 95.19+£2.82 57.13 £8.71 98.99 +£0.37 97.71+030 97.76 +£0.31
Age+Time 97.56 £1.41 71.32+£1551 98.78 £0.62 98.02+0.39 97.97+0.45
Age+Image (ResNet) 97.26 £1.03 67.65+13.15 98.74+£0.85 97.89+0.50 97.83+0.64
Combined Age+Time+Image (ResNet) 97.95+1.02 73.68+7.50  98.81£0.52 98.14+0.31 98.08+0.39

Time: completion time; Image(ResNet): probability score derived from ResNet.
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87  Table A3: Performance metrics for models using age, the completion time, and the probability
88  score generated by ResNet and models using additional error-related features. This table compares

89  the performance of our proposed models with the models that use extra error-related features.

Dataset Feature AUC Sensitivity Specificity F1 score Accuracy
Age+Time+Image (ResNet) 98.62+091 87.69+877 9826+0.67 97.97+0.58 97.83+0.66
Age+Time+Image

LLFS (ResNet)+Error 9837149 84.62+770 9836+1.48 97.98+1.08 97.81+1.30
Age+Time+Image (ResNet) 96.51£2.37 85.00+£2236 96.75+3.40 9747+193 96.56+3.12
Age+Time+Image

FHS (ResNet)+Error 95.79+£2.52 6833+£20.75 97.24+£2.74 97.52+£1.53 96.80+2.38
Age+Time+Image (ResNet) 9795+1.02 73.68+7.50 98.81+0.52 98.14+0.31 98.08+0.39

Combine  Age+Time+Image

d (ResNet)+Error 9776 £1.18 71.54+15.60 98.86+0.79 98.12+0.74 98.07+0.79

Time: completion time; Image (ResNet): probability score derived from ResNet. Error: the number of times participants lifted

their pen from the paper) and the presence of obvious tremor.
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Appendix E: Clinical relevance of sensitivity improvements

We conducted statistical analysis of our models using the Wilcoxon signed-rank test. While the
improvements did not reach conventional statistical significance, we argue that in clinical diagnostic
contexts, practical significance can be more relevant than statistical analysis—particularly with
limited sample sizes. We therefore present four complementary metrics specifically designed to

quantify clinical impact:

Absolute Improvement = Fusion — Baseline + Time,

_ Fusion — Baseline + Time
Relative Improvement = - - X 100%,
Baseline + Time

Fusion — Baseline + Time
100% — Baseline + Time

Clinical Significance Ratio (CSR) =

1

Number Needed to Di NND) = .
umber Needed to Diagnose ( ) Fusion — Baseline + Time

The CSR measures the percentage of previously missed cases now correctly identified, while the
NND quantifies the screening effort required to benefit one additional patient—metrics widely

accepted in clinical research for assessing practical utility.

As shown in Table A4, our analysis reveals substantial clinical relevance across all datasets, with
particularly notable results for the FHS cohort. The FHS dataset shows remarkable improvements
with an absolute sensitivity increase of 30 percentage points (from 55.00% to 85.00%). This
translates to a 54.55% relative improvement, with the fusion model correctly identifying 66.67%
of cases that would have been missed by the baseline model (CSR). Most importantly, the NND

of only 3.33 indicates that for approximately every 3-4 patients screened, one additional case will
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be correctly identified that would otherwise be missed—an efficiency level considered highly

significant in clinical practice.

Table A4: Sensitivity performance comparison and clinical impact metrics for Baseline+Time vs.

Fusion models.

Dataset Baselinet+tTime  Fusion  Absolute Relative Clinical Number Needed
Improvement  Improvement  Significance Ratio to Diagnose

LLFS 81.54% 87.69%  6.15% 7.54% 33.29% 16.26

FHS 55.00% 85.00%  30.00% 54.55% 66.67% 3.33

Combined  70.15% 73.68%  3.53% 5.03% 11.83% 28.33

The Fusion model incorporates age, completion time, and image probability (ResNet).
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Appendix F: Comparison of cohort characteristics

The comparison between the FHS and LLFS cohorts reveals notable differences that help explain
the performance variations observed in our models (Table AS). Despite similar average ages
(70.25 years in FHS vs. 71.74 years in LLFS), the LLFS cohort contains a substantially higher
proportion of dementia cases (4.03% compared to just 1.52% in FHS), providing more balanced
training examples for our deep learning models. Educational backgrounds also differ considerably,
with FHS participants demonstrating higher educational attainment (81.14% with college education
or above compared to 68.03% in LLFS). Additionally, the LLFS cohort shows longer average Trail
Making Test (TMT) completion times (44.36 seconds vs. 39.14 seconds in FHS), suggesting

potential underlying differences in cognitive performance distributions.

The FHS primarily focused on cardiovascular health with clinic-based assessments, while LLFS
specifically selected families demonstrating exceptional longevity and conducted in-home
assessments. This design difference may have resulted in the inclusion of participants with

mobility issues in LLFS who might also exhibit higher rates of cognitive impairment.

These cohort differences, particularly the lower prevalence of dementia cases in FHS (only 19
cases compared to 65 in LLFS), create a more challenging classification task due to fewer positive
examples available for training. This disparity helps explain the higher standard deviations and

lower performance metrics observed in our FHS models.
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Table AS: Overall cohort comparison between FHS and LLFS datasets. This table highlights key

demographic differences between FHS and LLFS cohorts that may influence model performance.

Feature FHS (N =1, 252) LLFS(N=1,613)
Age (mean + SD) 70.25 +12.42 71.74 £10.74
Gender

Female (%) 57.76% 54.00%

Male (%) 42.24% 46.00%

Education

High school or lower (%) 18.86% 31.97%

College or above (%) 81.14% 68.03%
Completion time (mean = SD) 39.14 £25.20 44.36 +£33.05
Dementia cases (%) 1.52% 4.03%
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Appendix G: Evaluation of fusion models across the cognitive impairment

spectrum

During our initial experimental design phase, we systematically explored model performance
across four distinct classification tasks representing different clinical objectives in cognitive

assessment (Table A6).

Normal vs. MCI: This task focused on detecting early cognitive decline by differentiating
individuals with normal cognition from those with MCI. This represents the earliest stage of

detection, aimed at identifying subtle cognitive changes before dementia develops.

Normal/MCI vs. Dementia: This task aimed to identify established dementia regardless of whether
individuals were cognitively normal or had intermediate impairment. This classification approach

aligns with the clinical need to identify patients requiring dementia-specific interventions and care.

Normal vs. MCI/Dementia: This task focused on detecting any cognitive impairment, grouping
together individuals with either MCI or dementia. This classification mirrors screening approaches

that aim to identify patients requiring further clinical evaluation.

Normal vs. Dementia: This task specifically differentiated individuals with normal cognition from

those with dementia, excluding the intermediate MCI category.

To systematically evaluate these classification approaches, we analyzed performance using our
fusion model (Age + Time + Image (ResNet)) on the LLFS dataset, as shown in Table A6. Analysis
of these performance metrics reveals several important patterns. The Normal vs. Dementia task
demonstrated consistently superior performance across all evaluation metrics, with the highest

AUC (98.62%), F1 score (97.97%), and accuracy (97.83%). In contrast, tasks involving MCI
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classification showed relatively lower performance, particularly in terms of sensitivity. The
Normal vs. MCI task presented the greatest challenge, with substantially lower sensitivity
(60.98%) compared to other tasks. This indicates that approximately 39% of MCI cases were
misclassified as normal cognition using our fusion model. Similarly, the Normal vs. MCI/Dementia
task showed lower sensitivity (69.16%), primarily due to the difficulty in correctly identifying MCI
cases. The Normal/MCI vs. Dementia task performed better than the MCl-specific classifications
but still showed lower sensitivity (80.00%) compared to the Normal vs. Dementia task (87.69%).
This suggests that while our fusion model can effectively identify dementia, the inclusion of MCI

cases introduces significant classification challenges.

These performance differences likely stem from several factors. MCI represents a heterogeneous
intermediate stage with subtle cognitive changes that may not be as consistently reflected in TMT
performance as the more pronounced deficits seen in dementia. Additionally, the boundaries
between normal aging and MCl are less distinct than those between normal cognition and dementia,
leading to greater classification uncertainty. MCI detection typically requires more extensive
neuropsychological assessment or longitudinal monitoring in clinical practice, suggesting that

single timepoint TMT data may have inherent limitations for identifying this intermediate stage.
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174  Table A6: Performance of Fusion model (Age + Time + Image) across different classification tasks

175 on LLFS dataset.

Task AUC  Sensitivity Specificity F1 Accuracy
Normal vs. MCI 86.38  60.98 94.69 92.59 92.22
Normal/MCI vs. Dementia 97.39  80.00 97.95 97.48 97.29
Normal vs. MCIl/Dementia 90.20 69.16 95.20 92.53  92.39
Normal vs. Dementia 98.62  87.69 98.26 9797 97.83
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Appendix H: Oversampling effects

Table A7 presents the results of our ablation study examining the effects of oversampling on our
best-performing non-image model (Age+Time). The results demonstrate that oversampling
significantly improves model sensitivity for detecting the minority class (dementia). For the
Combined dataset, oversampling increases recall from 13.02% to 71.32%, while maintaining high
specificity (98.78% vs 99.89%). Similarly, for the FHS dataset, recall improves from 0% to 65%,
albeit with increased variability, and for the LLFS dataset, recall enhances from 24.62% to 81.54%.
These findings underscore the critical role of oversampling in addressing the inherent class
imbalance in our dementia detection task. Without oversampling, models exhibit strong bias toward
the majority class (normal cognition). The observed trade-off between improved recall and
marginally reduced specificity aligns with our clinical objective of prioritizing dementia case
identification. These results validate our methodological choice of employing oversampling

techniques to enhance model performance.
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Table A7: Performance comparison of the best-performing non-image model with and without

oversampling (mean =+ std across 5-fold cross validation).

Dataset Oversampling AUC Sensitivity Specificity Accuracy
Combined No 97.35+1.00 13.02+6.35 99.89 £ 0.16 97.38+0.23
Yes 97.56 +1.41 71.32+1551 98.78 £0.62 97.97 £ 0.45
FHS No 95.36 +£2.50  0.00 +0.00 100.00+£0.00 98.48 +£0.18
Yes 94.83+£230 65.00+33.54 96.59+3.99 96.08 + 3.47
LLFS No 98.21 £0.98 24.62+6.44 99.81 +£0.28 96.84 + 0.35
Yes 98.50 +£0.59 81.54+1595 98.64+0.48 97.95+0.35
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