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Abstract

Background: Mild cognitive impairment is a transitional stage between normal cognitive aging and dementia. Identifying
individuals at the preMCl stage, prior to the onset of mild cognitive decline, can be pivotal for early interventions aimed to
reduce the progression neurodegeneration.

Objective: The objective of this study is to develop convolutional neural networks trained on fluid attenuated inversion recovery
magnetic resonance imaging for classification of preMCl in an imbalanced cohort of 350 participants.

Methods: A DenseNet 264 convolutional neural network was trained on an imbalanced dataset of 350 participants with a dataset
split into 64%, training, 16% validation, and 20% testing sets. Training was conducted with a batch size=70, epoch=200,
processing images resized to a uniform dimension of 128x128x128 voxels, and optimizer=Adam. The optimization of our
network was conducted using the Adam Optimizer with a learning rate of 10-3 and a weight decay of 5-4. Data augmentation
strategy included Random affine transformation, random rotation across an axis, and random Gaussian noise on each image
during training.

Results: Mean age of the participants was 71.6 (SD 5.14); the average educational attainment was 16.3 years (SD 2.39). The
mean MoCA scorewas 26.7 (SD 1.93). Our DenseNet mode achieved R2=0.146 and RM SE=0.5609.

Conclusions: These findings underscore the potential of brain imaging and DL to identify this at-risk population, offering a
promising tool for early detection and potential personalized preventative strategies against cognitive decline. Further research is
warranted to improve upon the results to validate these findingsin alarger, more diverse popul ation.
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Abstract

Background

Mild cognitive impairment is a transitional stage between normal cognitive aging and dementia.
Identifying individuals at the preMCI stage, prior to the onset of mild cognitive decline, can be
pivotal for early interventions aimed to reduce the progression neurodegeneration.

Objective

The objective of this study is to develop convolutional neural networks trained on fluid attenuated
inversion recovery magnetic resonance imaging for classification of preMCI in an imbalanced cohort
of 350 participants.

Methods

A DenseNet 264 convolutional neural network was trained on an imbalanced dataset of 350
participants with a dataset split into 64%, training, 16% validation, and 20% testing sets. Training
was conducted with a batch size=70, epoch=200, processing images resized to a uniform dimension
of 128x128x128 voxels, and optimizer=Adam. The optimization of our network was conducted
using the Adam Optimizer with a learning rate of 10~ and a weight decay of 5. Data augmentation
strategy included Random affine transformation, random rotation across an axis, and random
Gaussian noise on each image during training.

Results

Mean age of the participants was 71.6 (SD 5.14); the average educational attainment was 16.3 years
(SD 2.39). The mean MoCA score was 26.7 (SD 1.93). Our DenseNet mode achieved R?=0.146 and
RMSE=0.569.

Conclusion

These findings underscore the potential of brain imaging and DL to identify this at-risk population,
offering a promising tool for early detection and potential personalized preventative strategies
against cognitive decline. Further research is warranted to improve upon the results to validate these
findings in a larger, more diverse population.

INTRODUCTION
Memory decline in healthy aging is common and occurs more rapidly for episodic and working
memory functions specifically (Luo & Craik, 2008; W. C. Wang et al., 2016). As we age, increasing
memory difficulties often become concerning due to the threat of potential Alzheimer’s disease
(AD). Further, should age-related cognitive decline reach the level of mild cognitive impairment
(MCI), those MCI-diagnosed patients who demonstrate impaired memory (amnestic MCI) are much
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more likely to develop dementia when compared to the 1-2% yearly rate observed in the general
population (Petersen et al., 1999) or even individuals with general cognitive complaints (Visser et al.,
2006). For this reason, recent studies have sought to identify older adults at risk for dementia
development prior to the occurrence of true normative impairment; when cognitive changes were
subtle and before they reached the established clinical threshold. Studies examining this so called
“pre-MCI” construct find it to be a viable predictor of future decline to dementia, especially in those
with amnestic weaknesses who appear to progress to dementia at a much higher rate than those
without cognitive impairment (Duara et al., 2011; Loewenstein et al., 2012).

Pre-MCI is considered an intermediate stage between normal cognition and MCI, which may
indicate a greater risk of future cognitive decline (Duara et al., 2011). Pre-MCI criteria is variable
and heterogeneous within the literature, but generally seeks to identify individuals who do not meet
full criteria for a mild cognitive impairment but show subtle cognitive weakness via objective
assessment (Chipi et al., 2019). Prior studies suggest the pre-MCI stage exists when cognitive
performance is 1 to 1.5 SD below expected levels, with no evidence of cognitive impairment upon
clinical evaluation (Loewenstein et al., 2012; Storandt et al., 2006). Additionally, the presence of
subjective cognitive complaints increases risk of progression to dementia, despite normal cognitive
functioning (L. Wang et al., 2004). Therefore, the occurrence of subjective cognitive complaints is
often incorporated into the pre-MCI criteria (Chipi et al., 2019; Crocco et al., 2018; Loewenstein et
al., 2016). Pre-MCI individuals have higher rates of progression to MCI, show greater declines in
memory performance and hippocampal volume over time, and have reduced cerebral metabolism in
AD signature regions (i.e. posterior cingulate cortex) that is associated with poorer verbal memory
(Caselli et al., 2008; Crocco et al., 2018; Duara et al., 2011; Loewenstein et al., 2012). Therefore, it is
important to identify those in our sample who may be at a higher probability of future cognitive
impairment.

Artificial intelligence approaches are increasingly used as a means to identify patients at-risk for
dementia. Approaches such as Support Vector Machine (SVM) and Convolutional Neural Networks
(CNN) provide the opportunity to predict group membership with high accuracy using objective
biomarker data (Bernal et al., 2019; Hojjati et al., 2018; Payan & Montana, 2015; Wen et al., 2020).
These types of approaches separate healthy individuals from those with potential MCI or dementia as
well as identify individuals who are at-risk for potential decline using longitudinal data (Gullett et
al., 2021; Jo et al., 2019; Moradi et al., 2015). However, these approaches have traditionally required
a large amount of varying data to yield accurate group predictions, such as integration of cognitive
performance and demographic data with multiple modalities of neuroimaging data. Further, lower
predictive accuracy is typically achieved when the severity of participants’ clinical diagnoses is
closer together along the diagnostic spectrum. In other words, stronger predictive accuracy is
achieved when distinguishing cognitively intact older adults from those with dementia and weaker
predictive accuracy is achieved when attempting to separate cognitively intact older adults from MCI
or MCI from dementia. As such, attempting to differentiate cognitively intact individuals from other
cognitively intact individuals who scored at the lower end of the normal range is important as it may
be an early indicator of future decline, but creates a tremendous hurdle for achieving accurate results
with objective biomarker data; in this case, magnetic resonance imaging (MRI). Given that early
identification is of the utmost importance for early intervention to potentially delay progression to
dementia, developing a model that can accurately distinguish fine gradations of cognitive functioning
differences in otherwise healthy older adults with objective biomarker data alone is a critical
challenge.

The use of machine learning models incorporating multiple MRI modalities to predict group
membership or disease progression has become increasingly common, although mixed results have
been found when testing whether the addition of other modalities increases the accuracy of overall
model (Gullett et al., 2021; Hojjati et al., 2018; Moradi et al., 2015). As such, incorporating MRI
modalities with increased depth and variety of data may yield stronger predictive value; one such
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modality being fluid attenuated inversion recovery (FLAIR). FLAIR imaging is sensitive to white
matter ischemia, white matter disease and lesions, and contains much of the same structural feature
information as commonly used T1 images. Research has found data gathered via FLAIR imaging
correlates with cognitive impairment, aging, and dementia conversion, as well as other validated
CSF-derived biomarkers of AD (Bahsoun et al., 2022; Chan et al.,, 2023; Crystal et al., 2023;
DiGregorio et al., 2022). Furthermore, white matter disease is frequently present in the brains of
aged individuals and increases in prevalence as thinking changes occur, even within cognitively
intact older adults (Dadar et al., 2022). The use of deep learning with FLAIR imaging has been found
to be highly predictive of diseases of white matter, such as multiple sclerosis (Yilmaz Acar et al.,
2022), or when classifying subtypes of vascular cognitive impairment among a sample of normal
aging and affected older adults (Q. Chen et al., 2020). Thus, the FLAIR sequence provides a unique
opportunity to incorporate more data and more complex information into machine learning models to
yield potentially higher predictive accuracy.

Comparing cognitively intact older adults to pre-MCI samples also leads to an issue of
imbalanced data, as there are many more cognitively intact adults than pre-MCI. Machine learning
models have difficulty achieving a high specificity score when evaluating imbalanced data; the
overall deep learning model may perform well on the majority cases but perform poorly on the
minority cases of interest. In the present study, we sought to leverage multimodal MRI techniques in
a homogenous sample of typically aging older adults to predict the presence of pre-MCI using deep
learning approaches (Huang et al., 2017; Wen et al., 2020). Specifically, we sought to determine
whether use of deep learning methods with T2 fluid attenuated inversion recovery (FLAIR) imaging
data would provide sufficient accuracy for the separation of typically aging older adults from those
with mild thinking changes classified as pre-MCI. Lastly, we compare the performance of the
utilized convolutional neural network (CNN) to our previously established support vector machine
(SVM) model.

METHODS

Participant Selection

Data were collected at baseline from participants recruited through the Augmenting Cognitive
Training in Older Adults (ACT, RO1AG054077) study (Woods et al., 2018). The 350 participants
from the present study were selected from a larger pool of 396 potential participants if they met the
following criteria: a) high quality T2 FLAIR, and b) complete neurocognitive testing to allow for
computation of the pre-MCI variable.
Participant Screening and Classification

The inclusion and exclusion criteria for the larger study are detailed in a prior work by Woods
et al. (Woods et al., 2018). Briefly, participants were between the ages of 65 and 89 with no history
of brain or head injury resulting in loss of consciousness greater than 20 minutes, no history of major
psychiatric illness, and no formal diagnosis or evidence of MCI, dementia, or neurological brain
disease. All participants were right-handed and had no contraindications for MRI. Prior to beginning
study procedures, participants signed a consent form approved by the Institutional Review Boards at
the University of Florida and at the University of Arizona.

To screen for individuals with possible MCI or dementia, the study used the Uniform Data
Set (UDS) from the National Alzheimer’s Coordinating Center (NACC) (Weintraub et al., 2018).
Individuals were excluded from the parent study with possible MCI if they scored 1.5 standard
deviations below the normative mean in any of the following cognitive domains: general cognition,
memory, visuospatial, executive functioning/working memory, or language. Further, older adults
who performed above the 80" percentile on a composite measure of cognitive training were excluded
to prevent ceiling effects in the larger clinical trial, which focused on a cognitive training
intervention. For the purposes of determining pre-MCI status, participants were considered pre-MCI
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if they scored at least 0.5 standard deviations below the normative mean on a combination of delayed
verbal (Craft Story) and non-verbal (Benson Figure) recall memory (see formula in next section). As
such, all participants classified as pre-MCI had combined delayed verbal recall normative scores
between -0.5 and -1.5 standard deviations below the mean.
Neuropsychological Battery

Participants completed a comprehensive neuropsychological evaluation which assessed
various cognitive domains. Within the larger overall battery of tests, verbal learning and memory was
measured using Craft 21 Story Recall (Craft et al., 1996); confrontation naming was assessed with
the MINT (Gollan et al., 2012); visuospatial cognitive functioning was evaluated with the Benson
Figure Drawing (Possin et al., 2011) and Block Design (Wechsler et al., 2008); executive function
was assessed with the Stroop Test Color-Word trial (Stroop, 1935; Tobergte & Curtis, 2013; Trenerry
et al., 2012) and Trail Making Test - B (Arango-Lasprilla, Rivera, Aguayo, et al., 2015; Reitan,
1958); verbal fluency was assessed using category (Benton, 1968; Ostrosky-Solis et al., 2007) and
phonemic fluency (Ruff et al., 1996); and non-verbal memory was measured using the delayed recall
of the aforementioned Benson Figure Drawing. For the purposes of this study as a means of
identifying those particularly at risk for developing MCI, participants who scored between -0.5 and -
1.5 standard deviations below the mean on a Memory Composite were classified as pre-MCI
according to the formula:

Memory Composite = (Craft Story Delay Z-Score + Benson Figure Delay Z-score)/2

Magnetic Resonance Imaging

Participants completed a 1-hour MRI acquisition on a Siemens Prisma 3T MRI scanner
(Siemens Medical Solutions, Erlangen, Germany) with 64-channel head coil at the University of
Florida and on a 3T Siemens Skyra with a 32-channel head coil at University of Arizona. Both sites
implemented identical scanning procedures and sequences. A 3D T1 weighted volumetric
magnetization-prepared rapid gradient-echo sequence (MPRAGE) sequence was utilized for
visualization of potential exclusionary findings. This MPRAGE sequence was three minutes in
duration with a protocol as follows: TR = 1,800 ms, TE = 2.26 ms, flip angle = 8°, voxel size = 1.0
mm?, 176 slices; FOV =256 x 256 mm. The three-minute T2-weighted fluid-attenuated inversion
recovery (FLAIR) imaging protocol was as follows: TR =7,000 ms; TE =101 ms; 1.0 x 1.0 x 2.5
mma3 voxels; 55 slices; FOV =256 x 256 mm; FA = 120. The T2-weighted FLAIR sequence, which
provides high tissue contrast and high spatial resolution with whole brain coverage, was also used for
visualization of potential exclusionary incidental findings.
Structural MRI Pre-processing

Individual MPRAGE and FLAIR images were converted from DICOM to NIFTI using
dcm2niix (Li et al., 2016). Raw FLAIR images for each participant were included in the model as
opposed to warping the MRI images because 1) it decreases the preprocessing on the front end,
allowing the deployed model to make inferences on raw MRI data with little latency, 2) the variance
in head placement allows us to use data augmentation by injecting further head motion to force the
model to “learn” the brain, and 3) it creates a more accessible model for clinicians that might not
have access to preprocessing software.
Supervised Machine-Learning
Convolutional Neural Network

In the development of our deep learning framework for prognostic memory performance, we
employed the DenseNet264 convolutional neural network (Huang et al., 2017) of FLAIR images,
utilizing a significant growth rate (k=32) across the network to optimize feature representation. Our
training/validation/testing data sets were 64%/16%/20%, respectively. Our parameters for training
include a batch size=70, epoch=200, processing images resized to a uniform dimension of
128%128x128 voxels, and optimizer=Adam. Optimizer algorithms were compared based on
performance between Adam and SGD between 2 full training cycles, and the Adam optimizer was
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chosen based on performance of the model. The optimization of our network was conducted using
the Adam Optimizer with a learning rate of 10 and a weight decay of 5*. A data augmentation
strategy was used to enhance model robustness and generalizability. A total of three augmentations
were applied to each image in the training dataset: Random affine transformation, random rotation
across an axis, and random Gaussian noise. Each image was subjected to random translations of two
voxels in any axial direction to account for slight variations in brain positioning within the MRI
scanner. Images were also randomly rotated around the x-axis by approximately +5 degrees, which
introduced anatomically plausible head rotations into the images. Finally, random Gaussian noise
was added to mimic the electronic noise inherent in the MRI data acquisition. The augmentation
process resulted in a final training set of 1115 images. These augmentations were carefully chosen to
simulate the variability and imperfections present in real-world medical imaging data, thereby
preparing the model to handle a wide range of imaging scenarios (Huang et al., 2017).
Support Vector Machine

To compare our CNN model, we also used Support Vector Machine (SVM); a machine
learning algorithm to search for the optimal hyperplane that predicts the target with less than ¢ error,
which is satisfied in this study. Specifically, Scikit-Learn (Abraham et al., 2014; Pedregosa et al.,
2011) was used to optimize the objective function:

max%wTWﬂ: Z max (‘yi—(wai+b)|—£,O)
w,b i=1
SVM performance was evaluated with ten-fold stratified cross-validation.

RESULTS

A total of 350 participants met study criteria and were utilized for this secondary data
analysis. Mean age of the participants was 71.6 (SD 5.14); the average educational attainment was
16.3 years (SD 2.39). The mean MoCA score was 26.7 (SD 1.93) (Table 1). Seventy participants
were classified as meeting criteria for pre-MCI while 280 participants were classified as having
normal cognitive function for their age. Participants meeting criteria for pre-MCI were more likely to
score lower on the MoCA, Memory Composite, and Language Composite compared to normal
individuals (Table 1). Otherwise, groups did not differ significantly on any of the examined
demographic or cognitive factors.

Table 1. Demographics and cognitive performance for total sample, typically aging, and pre-MCI
groups

Total Typically-Aging Pre-MCI®* X/t p-val
(N=350) (N=280) (N=70)

Age 71.58 (5.14) 71.41 (4.89) 72.26 (6.04) -1.08 .282

Education 16.25 (2.40) 16.24 (2.35) 16.30 (2.58)  -0.18 859

Gender (% Female) 63.4% 63.9% 61.4% 0.15 .698

Race 10.43 .108
Amer. Indian/Alaskan Native 2.6% 3.2% 0% - -
Asian 1.1% 1.4% 0% - -
Black 5.7% 5.0% 8.6% - -
White 87.1% 87.9% 84.3% - -
Native Hawaiian/Pacific Islander 0.3% 0.4% 0% - -
Multi-racial 1.7% 1.1% 4.3% - -
Unknown 1.4% 1.1% 2.9% - -

Ethnicity (% Hispanic) 6.0% 6.4% 4.3% 4.41 110

Cognitive Performance
MoCA Total Score 26.69 (1.93) 26.90 (1.83) 25.86 (2.14) 3.75 <.001
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Memory Composite” 0.05 (0.66) 0.27 (0.52) -0.86 (0.29) 24.43 <.001
Attention Composite® -0.11 (0.79) -0.10 (0.77) -0.16 (0.87)  0.65 .516
Executive Function Composite® -0.01 (0.57) -0.01 (0.58) 0.13 (0.52) -0.33 .742
Language Composite® 0.14 (0.62) 0.20 (0.61) -0.06 (0.59) 3.15 .002

“Based on Memory Composite Z-score <-0.5; °((Craft Story Delay Z-Score + Benson Figure Delay
Z-score)/2); ¢ ((Digit Span Forward Z-score + Digit Span Backward Z-score)/2); %((Trails B Z-score +
Letter Fluency Z-score)/2); “((MINT Naming Z-score + Animal Fluency Z-score)/2).

Convolutional Neural Network

The DenseNet264 architecture was evaluated for its effectiveness in leveraging FLAIR data
for prediction of NACC memory composite scores, a quantitative measure reflecting an individual's
memory performance, which is crucial for early detection and monitoring of cognitive decline. The
model demonstrated a coefficient of determination (R?) of 0.146, indicating approximately 14.6% of
the variance in the NACC memory composite scores could be explained by the model’s predictions.
This is an indication that structural changes in the brain capture a meaningful portion of the variance
in memory performance scores of older adults. Moreover, the model also achieved a root mean
square error (RMSE) of 0.569, demonstrating the model’s capacity to offer reasonably close
estimates of an individual’s memory performance. In the context of early detection and monitoring of
cognitive changes, this can be incredibly valuable.

Ensemble Test Performance (n=70): R?=0.146, RMSE = 0.570
20
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Support Vector Machine

In evaluating the efficacy of our newly developed model relative to a conventional
benchmark, we employed a support vector machine (SVM) for comparative analysis. The
performance metrics for the SVM were primarily gauged using the R score, which was recorded at
0.023. This metric suggests that the SVM's predictive capabilities could account for merely ~2% of
the variability observed in the NACC memory composite scores when utilizing FLAIR imaging data.
Furthermore, the SVM model reported an RMSE of 0.724, highlighting a higher discrepancy in its
predictive accuracy in contrast to our CNN model. This comparative assessment underscores the
enhanced performance of our CNN model. While the SVM is recognized for its robustness across a
variety of regression challenges, it was outperformed by our CNN in the context of predicting
cognitive performance metrics.
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SVM Test Performance (n =70): R2=0.023, RMSE =0.724
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DISCUSSION

The ability to determine whether a person with normal cognitive function will go on to
develop a neurodegenerative disorder is a tremendous challenge in clinical translational research.
Use of multimodal machine learning models provides a unique opportunity to take advantage of
unseen patterns within neuroanatomical data to overcome this disease prediction challenge.
However, recent work demonstrates that the ability to discern MCI, a potential precursor to AD, from
normal controls remains relatively low when compared to the ability to differentiate MCI from AD
(Odusami et al., 2023). A potential diagnostic method for bridging the gap between normal (healthy)
controls and those with MCI is classification of a third, pre-clinical MCI (pre-MCI) group, which has
been fruitful at predicting future development of MCI and AD (Duara et al., 2011; Loewenstein et
al., 2012, 2018). The present study demonstrates the first deep learning model for early detection of
pre-MCI using a multimodal deep learning model. This finding has considerable clinical relevance as
it demonstrates the ability for a model to predict pre-MCI based off of FLAIR data at a point in time
that interventions or plan of care can be implemented years ahead of potential neurodegeneration and
subsequent functional impairment. Our previous study demonstrated that machine learning
algorithms have the ability to precisely predict the decline from MCI to AD over a year later with
over 90% accuracy (Gullett et al., 2021) . Using deep learning models to examine the difference
between pre-MCI and healthy older adults requires an accurate model with large amounts of data in
each class to identify subtle differences in MRI data and aid in the detection of the early stages of
cognitive decline. Given that the prevalence of pre-MCI is ~20% of the population (Loewenstein et
al., 2012), our study had a moderately imbalanced dataset of n=350 , with 70 positive samples
pertaining to the pre-MCI group. To our knowledge, this represents one of the largest datasets
utilized for pre-MCI classification. Other studies that utilize imaging data have focused on clinical
presentations of MCI and AD (P. Chen et al.,, 2024). Despite this imbalance, our model out
performed a state-of-the-art machine learning technique in making this subtle distinction when
compared to the SVM model which tends to work well with class imbalance and a small number of
training samples.

Despite identifying a substantial number of patients with pre-MCI, the overall dataset was
skewed towards participants with normal cognitive function. We applied several techniques to
develop the deep learning model to consider the class distribution in the dataset such as
oversampling the minority class and under sampling the majority class during the training phase of
model development. Each technique was applied individually, to assess the performance of the
model once the change was made and then one attempt of applying both techniques together which
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concluded with a decrease in overall performance of the model. Furthermore, we implored the use of
binary cross entropy with inverse class probability weighting. Predicting rare events is difficult
because they occur in scenarios with low probability, leading to imbalanced data. This causes models
to prioritize the more frequent class, overlooking important patterns in the minority class (Diez-
Pastor et al., 2015). Given the low propensity of capturing pre-MCI, to our knowledge we have
developed the first deep learning classifier that is able to classify pre-MCI through an imbalanced
dataset. Since pre-MCI occurs in roughly 20% of the population, it is imperative that models be
developed on imbalanced data to achieve performances that can generalize and identify this small
population. This insight will guide future personalized medicine research and targeted interventions
to changes the trajectory of cognitive aging.

Prior work utilizing brain MRI to predict group membership has included structural T1 and
resting-state functional images, which when combined often prove to be high performing predictors
of disease progression or group membership (Gullett et al., 2021; Hojjati et al., 2018; Moradi et al.,
2015). T1 (structural) MRI was used during initial data exploration to determine its usefulness in our
classification task for pre-MCI but fell below the chance level. The present study investigated MRI
data as features in the model attempting to separate pre-MCI from normal cognition and found that
T1 (structural) MRI performance was inadequate for inclusion in the final model (below chance). Of
the many reasons for this potential discrepancy, the strongest is likely that structural differences
between normal aging and pre-MCI are not yet apparent on T1 MRI at this early stage of prodromal
disease progression. FLAIR imaging, however, was found to be a strong predictor of pre-MCI group
membership, likely because it contains a combination of structural features and markers of
cerebrovascular health and disease (Bahsoun et al., 2022; Chan et al., 2023; Q. Chen et al., 2020;
Crystal et al., 2023; DiGregorio et al., 2022) which may make it a stronger early progression
biomarker than T1 alone. Additionally, it is likely that despite numerous methods implemented to
counteract the negative effects of imbalanced data, the present study likely still suffers from accuracy
loss secondary to the low base-rate of pre-MCI in this sample.

CONCLUSION

Machine learning algorithms have achieved good performance in their classification abilities
based on a variety of data types. Within a sample of typically aging older adults, it is important to
determine the onset of neurodegenerative diseases as early as possible given that these insidious
processes are often several years underway before a formal diagnosis is made. Given the prevalence
of individuals that would be classified as having pre-MCI is relatively low, our model showcases the
ability of machine learning to learn from imbalanced data and to lay the foundation for machine
learning and deep learning to continue to be explored in this domain.
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