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For a while, we became students as children
For a while, we rejoiced in our own mastery
Listen to the end of the tale and what befell us
We came from dust and turned to wind

Omar KhayyÆm
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ABSTRACT

Dementia, characterized by a progressive decline in cognitive function, poses signi�cant

societal challenges. This dissertation develops a suite of Arti�cial Intelligence (AI) approaches

that analyze digital data from subjects to assess and predict cognitive decline associated

with Alzheimer’s disease and related dementias.

First, a deep convolutional neural network (CNN) was applied to images derived from the

Clock Drawing Test (CDT), using transfer learning to extract high-level features. Combined

with demographic information such as age, the model demonstrated strong performance,

yielding high accuracy and sensitivity in identifying cognitive impairment.

Next, language models were employed to automate the diagnosis of cognitive impairment

from Electronic Health Records (EHR). Clinical notes were analyzed with the Universal

Sentence Encoder, focusing on sentences containing keywords related to dementia and

daily activities. The analysis involved multiple binary classi�cation tasks, where the

language model generated text features from random and encounter-based sampling methods,
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achieving high performance in detecting both dementia and mild cognitive impairment

(MCI).

A novel natural language processing (NLP) approach was also developed to identify

different stages of dementia using automated transcriptions of voice recordings from

neuropsychological (NP) tests. The pipeline incorporated speech recognition, speech

diarization, transformer-based sentence encoding, and logistic regression models. This

method achieved strong predictive performance for distinguishing between different cognitive

stages, from normal cognition to dementia and MCI. Building on the voice data, this

approach was extended to predict the progression from MCI to Alzheimer’s disease,

leveraging speech features alongside demographic factors such as age and education.

The results demonstrated promising accuracy and sensitivity, outperforming models using

traditional NP test scores.

Finally, smartphone-based cognitive assessments were evaluated for their utility in early-

stage detection of cognitive impairment. The approach focuses on text features derived

from voice recordings of cognitive tests and embedding them using language models. The

proposed method, which combines text features with age data, demonstrates high predictive

accuracy, particularly in higher-risk populations.

Through the integration of digital technologies, smartphone-based tests, machine learning,

NLP, and computer vision, this research offers accessible and reliable tools for dementia

diagnosis and prognosis, with potential for broad clinical applications and early interventions.
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Chapter 1

Introduction

Imagine experiencing the deterioration of your cognitive ability over 10 � 15 years: starting

from not remembering recent conversations, names, and events; apathy and depression;

having dif�culty talking, confusion, poor judgment, behavioral changes and, ultimately

failing in making decisions in simple tasks, to the extent of even confusing family members

and not able to live alone. This is a typical story of someone living with Alzheimer’s disease

(AD), a prevalent neurodegenerative disorder, and the most common cause of dementia.

Unfortunately, someone in the world develops dementia every 3 seconds. An estimated 6.5

million Americans age 65 and older are living with AD in 2022. By 2050, the number of

people age 65 and older with AD is projected to reach 12.7 million. In the US, the cost

associated with AD and Related Dementias has been estimated to be $321 billion in 2022,

expected to rise to as much as $1.1 trillion by 2050 [1].

Dementia encompasses a range of neurodegenerative conditions, including AD, vascular

dementia, Lewy body dementia, frontotemporal dementia, and others [2]. Figure 1�1

illustrates different types of dementia and their prevalence. Each of these conditions exhibits

distinct characteristics, symptoms, and disease progression patterns, contributing to the

overall heterogeneity of dementia. This heterogeneity can be attributed to various factors,

including genetic variations and interactions with environmental factors [4]. Genetic factors

play a signi�cant role in the development and progression of dementia, and different forms

of dementia may have speci�c genetic associations. Additionally, environmental factors

such as lifestyle, diet, education, occupation, and exposure to toxins can interact with genetic
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Figure 1�1: Types of dementia [3].

predispositions to in�uence the risk and manifestation of dementia. These interactions can

result in variations in disease presentation, age of onset, rate of progression, and response to

treatment among individuals with dementia [5].

Early detection of dementia symptoms is important, as it can also help with managing the

condition and planning ahead. Dementia is typically diagnosed via a specialist doctor who

evaluates a series of tests including neuropsychological (NP) tests, neurological evaluation,

brain scans, laboratory tests, and a psychiatric evaluation. AD is characterised by the

abnormal clumps of proteins called amyloid and tau in the brain. These changes are

re�ected in the levels of proteins in the cerebrospinal �uid, so a lumbar puncture can

indicate whether the brain is affected by Alzheimer’s disease. Particularly, AD pathology

can be assessed using (a) biomarkers such as amyloid-b plaques and neuro�brillary tangles

of tau protein detected in cerebrospinal �uid and observed through Positron Emission

Tomography (PET) and (b) evidence of neurodegeneration assessed through Magnetic

Resonance Imaging (MRI) [6, 7, 8]. Although these techniques provide useful information,

they are invasive and expensive, limiting their applicability to certain regions of high-income
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countries and lacking the scalability and accessibility needed for low- and middle-income

countries [9]. Furthermore, clinical and pathological variability is observed in AD using

imaging techniques, which can make accurate diagnosis and prognosis challenging [10].

In recent years, there has been a growing interest in developing novel technological

approaches to aid in the clinical diagnosis and assessment of cognitive decline. Digital

technologies now enable collection of high volume data using traditional measures, which

may enhance sensitivity in detecting more subtle decline and speci�city in cognitive

functioning. Arti�cial Intelligence (AI) is transforming the �elds of computer vision,

language processing, image analysis and big data interpretation and has already been used

to overcome the healthcare challenges [11]. AI provides the technologies that could aid

development of new ef�cient and accessible methods to assist in detecting the earliest stages

of AD and other dementias. Several review papers have been published on AI applications

for dementia detection based on MRI scans [12], cognitive tests [13], and other various tests

[14].

In this dissertation, we leveraged recent advances in machine learning and screening

tools such as traditional NP tests, the Clock Drawing Test (CDT), digital recordings of NP

tests, Electronic Health Records (EHR), and smartphone-based cognitive assessment to

determine cognitive decline status. These screening tools need to be analyzed and modeled

depending on data modality. For instance, traditional NP tests are in the form of tabular

data while the CDT tests are drawings of an analog clock showing ten minutes past eleven.

Therefore, various AI techniques have been utilized here to detect dementia. However,

dementia detection applications encounter several challenges, including the following:

(i) limited availability of large-scale datasets for training and testing algorithms, which

hinders the development of robust model;

(ii) imbalanced datasets where the number of dementia cases is considerably smaller than

non-dementia cases, posing dif�culties in achieving accurate predictions for both
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classes;

(iii) lack of affordable and non-invasive screening tools, impeding widespread and cost-

effective early detection efforts;

(iv) dependence on clinicians and trained specialists for diagnosis, indicating a need for

automated computer-assisted assessment tools;

(v) absence of fully automated assessment tools, which limits scalability and accessibility

for dementia detection in diverse healthcare settings.

Additionally, the complexity of the disease and the heterogeneity of the patient

population present massive challenges to the development of early diagnostic tools.

Consequently, the development of effective screening tools using AI becomes crucial

for facilitating the broader adoption and implementation of algorithms aimed at dementia

detection. Most existing studies have relied on handcrafted features and the cognitive scores

calculated by clinicians. However, these approaches have not yet achieved full automation,

limiting their potential as fully automated prediction systems. The goal of this dissertation

is to develop AI-assisted tools that are accessible and easy-to-administer for cognitive

decline applications. Throughout the rest of the Introduction, we provide an overview of the

materials and AI techniques used for dementia detection.

1.1 Notational Conventions

We use boldfaced lowercase letters to denote vectors, ordinary lowercase letters to denote

scalars, boldfaced uppercase letters to denote matrices, and calligraphic capital letters to

denote sets. All vectors are column vectors. For space saving reasons, we write x =

(x1; : : : ;xn) to denote the column vector x 2 Rn. For any matrix A, we let ai j denote its (i; j)

element and ai the ith row.
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1.2 Preliminaries and Related Works

1.2.1 Framingham Heart Study

The Framingham Heart Study (FHS), initiated in 1948 as a longitudinal and trans-

generational cohort study, has made signi�cant contributions to our understanding of chronic

diseases [15]. While initially focused on cardiovascular health, the study has expanded

its scope to include a broader range of chronic conditions, including neurodegenerative

diseases. This comprehensive approach allows researchers to examine the long-term effects

and patterns of chronic diseases like dementia [16]. In recent years, the FHS has embraced

digital technology to enhance data collection, including the use of digital tools for NP tests.

This integration of digital technology enables more accurate and ef�cient assessments of

cognitive function, facilitating the early detection and monitoring of neurodegenerative

diseases. NP tests, conducted through an in-person interview, are employed to assess

cognitive changes over time. The NP test, triggered by patient history and in conjunction

with a clinical examination, provides a comprehensive evaluation of cognitive function,

including attention, memory, language, and visuospatial abilities. These tests are typically

conducted in controlled conditions and evaluated by comparing the results to established

norms [17].

Within the FHS, a comparable NP test was administered to participants from the three

FHS generation cohorts. This included the Original cohort (Gen 1, n = 5209), enrolled in

1948 [15], the Offspring cohort (Gen 2, n = 5214), enrolled in 1971 [18], and the Third

Generation cohort (Gen 3, n = 4095), recruited in 2002 [19]. This comprehensive dataset

spans over a period of 30 years, covering the late twentieth century to the early twenty-

�rst century, during which signi�cant societal changes took place [20]. All subjects were

evaluated by trained examiners. For those subjects identi�ed as showing symptoms of

cognitive impairment or decline and �agged for diagnostic review, dementia diagnosis was

reached by consensus of at least one neurologist and one neuropsychologist; the dementia



6

surveillance, �agging, and diagnostic procedures have been previously outlined in [21, 22].

The entire dataset for all participants was anonymized prior to analysis. All participants have

provided written informed consent and study protocols and consent forms were approved by

the Boston University Medical Campus Institutional Review Board. Consequently, the FHS

dataset offers an invaluable resource for the development of cognitive impairment screening

tools. In this dissertation, we will use the data collected by the FHS to develop and validate

predictive models for dementia and Mild Cognitive Impairment (MCI) detection.

1.2.2 Deep Convolutional Neural Networks

Machine learning is a study �eld of AI that enables systems to automatically learn and

improve from data. Its main objective is to develop computer programs that can analyze data,

construct models, and make informed decisions based on past observations or data records.

Machine learning techniques can be broadly classi�ed into supervised and unsupervised

learning, and they have numerous applications in healthcare, such as disease diagnosis,

patient outcome prediction, and personalized treatment planning [23, 24]. In supervised

learning, a model is trained on labeled data, allowing it to learn the relationship between

inputs and corresponding outputs. Once trained, the model can be used to predict labels for

new, unlabeled data [25]. Deep learning, on the other hand, is a subset of machine learning

that focuses on training arti�cial neural networks with multiple layers to extract hierarchical

representations from data. By leveraging complex architectures and advanced techniques,

deep learning models can automatically discover intricate patterns and features from raw

data [26, 27, 28, 29] .

Deep learning algorithms demonstrate remarkable pro�ciency in various domains such

as image and speech recognition, natural language processing (NLP), and other tasks

requiring the extraction of intricate patterns and relationships from extensive datasets

[30, 31]. One notable architecture within deep learning is the deep convolutional neural

network (CNN). Deep CNNs are speci�cally designed to analyze visual data, such as images
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or videos, by exploiting the hierarchical structure of convolutional layers [32]. These

networks have demonstrated exceptional performance in tasks such as image classi�cation,

object detection, and image segmentation. With their ability to automatically learn and

extract relevant features from raw visual data, deep CNNs have become a cornerstone in

computer vision research and applications. By employing complex convolutional operations

and incorporating techniques like pooling and non-linear activations, deep CNNs can

effectively capture spatial dependencies and patterns at different scales. This makes them

invaluable tools in medical imaging and other domains where visual information plays a

crucial role [33].

CNNs are generally composed of the following layers: convolutional layers, pooling

layers, and fully connected layers. In convolutional layers, �lters or kernels are applied to

input data, such as images, to extract relevant features through convolution operations. These

layers capture local spatial dependencies and patterns [34]. The output of convolutional

layers is often passed through a recti�ed linear unit (ReLU) activation function, which

introduces non-linearity and enhances the network’s ability to learn complex representations

[35]. Pooling layers reduce the spatial dimensions of the feature maps while preserving

important information. Max pooling and average pooling are commonly used techniques in

CNNs. To improve the training process and accelerate convergence, batch normalization

is often applied after convolutional layers. It normalizes the output of each layer by

adjusting and scaling the activations, which helps in mitigating the internal covariate shift

and improving generalization [36]. Finally, fully connected layers connect every neuron

from the previous layer to every neuron in the subsequent layer, enabling high-level feature

representation and classi�cation [32]. As an example, Figure 1�2 shows the VGG-16

architecture which is a speci�c architecture of CNN [37].

In healthcare applications, where data limitations pose a challenge, transfer learning in

neural networks emerges as a useful technique. By utilizing pre-trained models developed on
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Figure 1�2: An example of CNN architecture (VGG 16) [38].

large-scale datasets from diverse domains, we can harness the knowledge and representations

acquired by these models [39]. This initialization process overcomes the scarcity of labeled

healthcare data, leading to enhanced performance. Transfer learning also mitigates the

risk of over�tting and reduces the necessity for extensive training from scratch [40, 41].

It expedites the development of healthcare models, resulting in improved performance,

augmented generalization capabilities, and more ef�cient model creation. Ultimately, this

advancement contributes to the progress of healthcare technology, diagnosis, and treatment.

In recent years, the application of deep learning technology has signi�cantly advanced

the �eld of medical imaging, offering promising solutions for automatic feature extraction

from medical images in AD detection [42, 43]. Deep CNNs have played a pivotal role in

this domain, demonstrating their effectiveness in various AD-related tasks. For instance,

CNNs have been applied to predict the progression to AD based on features extracted

from hippocampal MRI scans and other baseline clinical data [44]. Additionally, deep
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learning frameworks capable of processing both imaging and non-imaging data have shown

remarkable AD classi�cation accuracy across diverse datasets [45]. Notably, a study by

Basaia et al. [46] achieved high levels of accuracy (ranging from 75% to 99%) in AD

classi�cation using a single MRI scan and a deep CNN. Furthermore, Li et al. [47] adopted

a deep learning classi�er to identify individuals with mild cognitive impairment (MCI)

based on MRI and PET scans. These advancements highlight the potential of deep CNNs in

transforming AD diagnosis by leveraging medical imaging data to facilitate accurate and

ef�cient classi�cation tasks.

In this dissertation, we utilize the power of deep CNNs and the idea of transfer learning

to develop a computer-aided AD screening tool. Speci�cally, we focus on drawing images

from the NP tests conducted by the FHS and leveraging the capabilities of deep CNNs to

generate a cognitive score. By incorporating transfer learning, we can leverage pre-trained

models on large-scale datasets to tackle the limited availability of large-scale dataset for

training. Through this research, we aim to contribute to the �eld of dementia detection by

harnessing the potential of deep CNNs and transfer learning to improve the accuracy and

ef�ciency of screening for this debilitating disease.

1.2.3 Large language models and transformers

Large language models (LLMs) have revolutionized the �eld of NLP by demonstrating

exceptional capabilities in understanding, generating, and manipulating human language.

Among these models, the transformer architecture has emerged as a powerful and versatile

framework for a wide range of NLP tasks. With the ability to capture long-range

dependencies and contextual information, transformers have pushed the boundaries of

language understanding and generation.

LLMs, such as OpenAI’s GPT-3 [48], have been trained on massive amounts of text data,

enabling them to learn intricate patterns, semantic relationships, and syntactic structures

present in human language. These models leverage the power of deep learning techniques
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and neural networks to process and interpret vast volumes of textual information.

The transformer architecture, introduced by Vaswani et al. in 2017 [49], has played a

pivotal role in the success of LLMs. It replaces the traditional recurrent neural networks

with self-attention mechanisms, allowing the model to attend to different parts of the

input sequence simultaneously. This parallelization of computation signi�cantly improves

ef�ciency and scalability, making transformers well-suited for processing long sequences

and handling complex language tasks.

The transformer architecture consists of two core components: the encoder and the

decoder. Both components are composed of multiple identical layers stacked on top of

each other. Each layer in the encoder and decoder consists of two sub-layers: a multi-head

self-attention mechanism and a position-wise fully connected feed-forward network. In

addition to the self-attention mechanism, the transformer architecture employs feed-forward

networks. These networks are applied independently to each position in the sequence,

providing a more �exible and non-linear transformation of the features. The transformer

architecture, depicted in Figure 1�3, consists of stacked multi-head attention for both the

encoder and decoder components.

The self-attention mechanism is the key innovation in the transformer architecture. It

enables the model to weigh the importance of different words in the input sequence by

attending to all words simultaneously. The self-attention mechanism computes attention

weights for each word in the sequence based on its relationship with other words. An

attention function maps a query and a set of key-value pairs to produce an output. The output

is computed by taking a weighted sum of the values, where the weights are determined by

the compatibility function between the query and each key [49]. The output matrix can be

computed as:

Attention(Q;K;V) = Softmax(
QKT
p

dk
)V; (1.1)

where Q, K, and V are queries, keys, and values matrices, respectively, and dk is the
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Figure 1�3: The transformer architecture [49].

dimension.

To enhance the performance of self-attention, transformers employ multi-head attention.

In multi-head attention, the self-attention mechanism is applied multiple times, each with

different learned linear projections. Rather than using a single attention function with

dmodel-dimensional keys, values, and queries, multi-head attention employs h different

linear projections to transform the keys, queries, and values into dk, dk, and dv dimensions,

respectively. This allows the model to attend to different parts of the input sequence and

capture different aspects of the data simultaneously. To facilitate the residual connections in
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Figure 1�3, all sub-layers in the model, as well as the embedding layers, produce outputs

of dimension dmodel = 512 [49]. The outputs of multiple heads are then concatenated and

linearly transformed to obtain the �nal attention output. The multi-head attention can be

calculated as follows:

MultiHead(Q;K;V) = Concat(head1; : : : ;headh)WO; (1.2)

where headi = Attention(QWQ
i ;KWK

i ;VWV
i ) and the projections are parameter matrices

WQ
i 2 Rdmodel�dk , WK

i 2 Rdmodel�dk , WV
i 2 Rdmodel�dv and WO 2 Rhdv�dmodel . The authors who

proposed the attention mechanism use h = 8 parallel attention layers, or heads. For each of

these heads, they use dk = dv = dmodel=h = 64. Due to the reduced dimension of each head,

the total computational cost is similar to the single-head attention with full dimensionality

[49].

The transformer architecture also incorporates positional encoding to account for the

order of words in the input sequence. Positional encodings are added to the input embeddings

and provide information about the relative positions of the words. This allows the model to

distinguish between words based on their position in the sequence, enabling the transformer

to process sequential data effectively. By stacking multiple layers of self-attention and

feed-forward networks, the transformer architecture can capture complex patterns in the

data. The depth of the transformer enables it to model long-range dependencies and capture

intricate semantic and syntactic structures in natural language.

BERT and Universal Sentence Encoder

Within the realm of LLMs and the transformer architecture, two notable models have

made signi�cant contributions to various NLP tasks: BERT (Bidirectional Encoder

Representations from Transformers) and the Universal Sentence Encoder (USE).

BERT, introduced by Devlin et al. in 2018 [50], is a groundbreaking language model
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that revolutionized various NLP tasks. Unlike traditional models that process text in a

left-to-right or right-to-left manner, BERT employs a bidirectional approach by training a

transformer model to predict masked words in a sentence based on both its left and right

context. This bidirectional training enables BERT to capture a deeper understanding of the

contextual relationships between words and improve performance on a wide range of tasks,

such as text classi�cation, named entity recognition, and question answering.

Researchers have developed other variations of BERT such as the ALBERT (A Lite

BERT) model that aims to address the limitations of BERT in terms of model size and training

ef�ciency. Introduced by Lan et al. in 2019 [51], ALBERT leverages parameter reduction

techniques to reduce the model size while maintaining or even improving performance.

The key idea behind ALBERT is to factorize the embedding parameters of BERT, which

effectively reduces the model size by sharing the parameters across layers. By sharing

parameters, the ALBERT model achieves a signi�cant reduction in the number of parameters,

allowing for faster training and inference. Despite its parameter reduction techniques, it

maintains the core architecture of BERT, including the bidirectional transformer layers

and the masked language modeling objective. This makes ALBERT compatible with the

pre-training and �ne-tuning procedures used in BERT.

The USE, on the other hand, is a model developed by Cer et al. in 2018 that focuses

on generating �xed-length representations, or embeddings, for sentences [52]. It aims to

capture the meaning and semantics of a sentence in a way that is generalizable across

different tasks and languages. The USE employs a transformer-based architecture that learns

contextual representations of sentences by considering their surrounding context. These

sentence embeddings can be used for various downstream tasks, such as semantic similarity,

sentiment analysis, and document classi�cation.

Both BERT and the USE have gained immense popularity and have been widely adopted

in the NLP community due to their remarkable performance and ability to generate rich
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and contextualized representations of text. Their contributions have signi�cantly advanced

the �eld of NLP for various applications in language understanding, sentiment analysis,

information retrieval, and more.

In recent years, the �eld of healthcare has witnessed the reliable performance of

NLP algorithms, enabling the extraction of valuable information from unstructured data

sources such as text, audio, and video in medical records [53, 54, 55, 56]. In the context

of cognitive impairment, linguistic features related to language impairment, including

vocabulary richness and size, have been utilized for the detection, classi�cation, and staging

of conditions such as dementia and MCI [57]. Previous works have explored the application

of NLP and deep learning techniques for constructing text classi�er models to identify

dementia, with some studies leveraging pre-trained transformer-based NLP models for

dementia analysis and identi�cation [58]. However, most of these studies have primarily

focused on structured examinations and relied on hand-crafted features. In this dissertation,

we aim to transform dementia diagnosis process by employing a range of NLP methods,

including speech recognition, speech diarization, and a transformer-based sentence encoder.

By utilizing these techniques, we seek to develop a fully automated tool for the detection of

dementia and MCI based on voice recordings and EHR data, contributing to the development

of more accurate and ef�cient diagnostic solutions in the �eld of neurodegenerative disorders.

1.3 Measures and validation metrics

To evaluate the performance of the proposed methods throughout this dissertation, we adopt

a strati�ed k-fold cross-validation technique, randomly dividing the data into n folds. During

each iteration, a model is trained on n� 1 folds of the data and tested on the remaining

nth fold. We split the training set into validation and training sets during dimensionality

reduction and feature selection to ensure that the held-out test data was unseen. We repeat

the training process ten times to ensure the reliability of the results.
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The performance metrics considered for the evaluation are binary classi�cation accuracy,

sensitivity, speci�city, F1-score, and the Area Under the Receiver Operating Characteristic

(ROC) Curve (AUC) [59]. The ROC plots the True Positive Rate (TPR =
tp

tp + fn
, a.k.a.

recall or sensitivity) against the False Positive Rate (FPR =
fp

fp + tn
, equal to 1 minus the

speci�city), where tp, tn, fp, and fn represent true positives, true negatives, false positives,

and false negatives in the prediction, respectively. The F1 score is the harmonic mean of

precision and recall. Precision (or positive predictive value) is de�ned as the ratio of true

positives over true and false positives. The F1 score is calculated by

F1 = 2
precision� recall
precision + recall

;

and the closer it is to 1 the lower fp and fn. The AUC is a valuable measure that estimates

the probability of the classi�er ranking a randomly chosen positive sample higher than a

randomly selected negative sample. Sensitivity and speci�city provide insights into the

correct classi�cation of positive and negative subjects, while the F1 score measures the

trade-off between precision and recall.

1.4 Contributions

The COVID-19 pandemic prompted a shift towards virtual healthcare visits and limited

access to medical facilities for non-life-threatening conditions. Consequently, there is an

increasing demand for virtual approaches to dementia screening. By embracing virtual

methods, healthcare can be made more accessible and equitable, while also facilitating

accurate diagnoses and broadening the pool of candidates for AD clinical trials. This has

the potential to accelerate the search for effective treatments. In this thesis, our goal is to

develop accessible tools that can be integrated into virtual screening systems. The main

contributions of this dissertation are as follows:

� Proposal of a novel deep CNN that leverages images of the clock drawing test (CDT)
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along with demographic information (age, gender, and education level) to construct a

predictive model for dementia detection. The deep CNN network generates cognitive

scores automatically by employing transfer learning, eliminating the need for digital

biomarkers or clinical tests. With the method relying solely on the image of the CDT,

it presents a cost-effective and accurate screening tool suitable for the potential remote

diagnosis of dementia.

� We utilized NLP techniques, speci�cally the USE, to predict dementia and MCI based

on EHR. The abundance of unstructured, lengthy notes in EHR makes them a valuable

resource for dementia prediction without requiring speci�c cognitive exams. Through

dimensionality reduction and logistic regression applied to USE-encoded data from

relevant and cleaned sentences in the notes, the method achieves high performance in

differentiating normal cognition from dementia (AUC 97.8%).

� Development of an automated tool to detect MCI and dementia using digital voice

recordings from NP test interviews. NLP techniques, including automatic speech

recognition, BERT, ALBERT, and USE, were employed to generate encodings from

the voice recordings, while classi�cation models like multilayer perceptron and

logistic regression were used to build the predictor. We further extended this tool

to develop a predictive model for the MCI-to-AD transition, capable of predicting

progression to AD within 6 years. By harnessing the capabilities of language models,

this approach advances dementia research and contributes to the development of

automated, scalable screening tools.

� Development of a predictive model using voice recordings from smartphone-based

cognitive assessments. NLP techniques, including TF-IDF and embedding-based

language models, were employed to extract text features from the recordings.

Classi�cation models such as logistic regression, random forest, and XGBoost were
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evaluated to build an effective cognitive impairment predictor. This project brings this

dissertation full circle, achieving the initial goal of developing a scalable, accessible,

and reliable tool for remote dementia diagnosis.

1.5 Outline

The remainder of this dissertation is organized as follows. In Chapter 2, we train and test a

deep learning-based model to predict cognitive impairment using images derived from the

CDT. The model performance is improved by including the age, gender, and educational

level of the participants. In Chapter 3, we develop an automated system to identify dementia

and MCI using digital voice recordings and NLP methods. In Chapter 4, we seek to detect

dementia and MCI using the physician’s notes extracted from the EHR data collected by

Massachusetts General Birgham Hospital. Chapter 5 builds upon Chapter 3 to develop a

predictive model for the MCI-to-AD transition, forecasting progression to AD within 6

years. Chapter 6 details the development of a predictive model that identi�es cognitive

impairment using voice recordings from a smartphone-based test. Finally, in Chapter 7 we

summarize the methods used to transform dementia diagnosis and prognosis and outline

potential future research directions.



Chapter 2

Identi�cation of dementia Using Clock Drawing
Test

2.1 Introduction

The Clock Drawing Test (CDT), a component of NP exams, serves as a valuable tool for

assessing cognitive status. In this test, individuals are instructed to draw the face of an

analog clock displaying ten minutes past eleven. The CDT is renowned for its resilience

against cultural biases and language barriers, offering insights into cognitive dysfunction

by evaluating comprehension memory, numerical knowledge, and visuoperceptual skills

[60, 21]. Given its sensitivity in cognitive screening, considerable efforts have been made to

unlock the full potential of the CDT in dementia identi�cation. For example, the authors in

[61] explored the sensitivity of the CDT in monitoring and distinguishing the progression

of cognitive decline across various cognitive domains. Ryu et al. [62] demonstrated

the utility of the CDT for screening cognitive impairment, noting a correlation between

CDT scores, global cognitive impairment severity as measured by the Mini-Mental State

Examination (MMSE) score, and the Hasegawa dementia scale. Moreover, a low CDT score

was associated with an increased risk of dementia progression, independent of the MMSE

score [63, 64].

The emergence of digital Clock Drawing Test (dCDT) technology offers new possibilities

in capturing and analyzing detailed neurocognitive behavior in real-time, surpassing the

capabilities of traditional pen and paper methods [65, 66]. Leveraging dCDT, machine

18
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learning approaches have demonstrated superior performance compared to scoring systems

employed by clinicians. Souillard et al. [67] achieved an AUC of 93% using a boosted

decision tree model with non-interpretable features extracted from the entire dCDT feature

set, outperforming simpler and interpretable models with an AUC of 83%. Furthermore, the

authors in [68] employed 350 dCDT features to classify MCI and AD, achieving accuracies

ranging from 83% to 91%. In contrast, other approaches often rely on costly medical

imaging techniques that necessitate in-person visits to specialized facilities.

In general, recent studies rely on a large collection of features available through NP tests,

dCDT, blood biomarkers (e.g., apolipoprotein genes), or medical imaging, thus requiring

expensive resources and in-person visits. These technologies, even the digital pen, make

the cost prohibitive for low-resourced healthcare environments and perpetuate persistent

health disparities in global testing. Consequently, in the context of using features from these

tests for AI-assisted detection, they also embed inherent biases, further exacerbating the

widening gap across global populations in healthcare knowledge and practice.

Our approach focuses on utilizing deep CNN [69, 70] to predict dementia by leveraging

the images of CDT obtained from the FHS. Rather than relying on handcrafted features

extracted from digital pen data, we directly employ the CDT images. The dataset comprises

3,263 images from normal subjects and 160 images from subjects with dementia, each

completing two analog clock drawings: one on command and another by copying. To

extract high-level features from the CDT images, we adopt transfer learning and �ne-tune a

deep CNN model pre-trained on the ImageNet dataset. This process generates a dementia

likelihood score for each patient based on their CDT images. Furthermore, we incorporate

demographic information, such as age, during the classi�cation phase. By training a logistic

regression model on the generated scores from both the command and copy CDTs, our

objective is to accurately classify individuals as either having dementia or being cognitively

normal.



20

2.2 Clinical setting and data preparation

Since 2011, the FHS has adopted digital pen technology to capture pen and paper NP

tests, including the CDT. In the FHS dataset, two different clock images are collected: (i)

one where the subjects are told to draw an analog clock showing ten minutes past eleven

(command clock), and (ii) one where they are asked to copy the image of such a clock

shown to them (copy clock). Additional information available includes self-reported gender,

age, race, and education level, and the presence of Apolipoprotein E (ApoE) genes. The

dementia diagnosis referenced in this study occurred either before the CDT or within 180

days after the CDT.

The original dataset contains information about 3;423 participants. The dataset attributes

consist of participant demographic data, education level, ApoE gene information, command

and copy clock drawings, as well as the dementia diagnosis. The clock drawings are stored

in .csk format as they are recorded using the digital pen [71]. Therefore, a pre-processing

pipeline was created to convert the .csk �les into the clock images of size (128;128;3),

which are three-channel images with 128�128 pixels. To normalize the data, the value of

each pixel was divided by 255 to rescale pixel values into the [0;1] range. We performed

data augmentation on the original images by randomly applying �10 degrees rotation,

�15 percent zoom, �10 percent width and height shift, and �10 percent shear. Data

augmentation enables us to develop a deep learning model that is robust against image

distortions. By disproportionally augmenting the non-dominant class of images, we also

mitigate class imbalance � 95.3% of participants have no cognitive impairment � enabling

training of the deep learning model in a balanced fashion without under-sampling the

dominant class. The composition of the dataset along with basic statistics is reported in

Table 2.1.

The 2nd column provides information on participants who were labeled as normal and

the 3rd column corresponds to participants diagnosed as Cognitively Impaired No Dementia
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Table 2.1: Summary of the variables in the FHS dataset corresponding to the Clock Drawing
test. Diagnosis scores 0, 0:5, and 1�3 are de�ned as normal cognition, CIND, and dementia,
respectively. Education labels 0 and 1 correspond to graduated from high school or less and
attending college or more, respectively. Note that 52 education labels are missing among
the normal group.

Characteristic Assessment p-value
Normal CIND/Dementia
(n=3263) (n=160)

Diagnosis �
0 3263 (100%) 0 (0%)

0.5 0 (0%) 96 (60%)
1 � 3 0 (0%) 64 (40%)

Age 61.8 � 13.2 82.1 � 7.3 <0.0001
Gender 0.95

Female 1773 (54.3%) 86 (53.75%)
Male 1490 (45.7%) 74 (46.25%)

Education <0.0001
0 610 (19.0%) 63 (45.6%)
1 2592 (79.4%) 87 (54.4%)

ApoE 0.12
E4/E4 45 (1.4%) 4 (2.5%)

E3/E4 or E2/E4 656 (20.1%) 46 (28.7%)
E2/E2 or E3/E3 or E2/E3 2429 (74.4%) 107 (66.9%)

Race 0.24
Asian 86 (2.6%) 1 (0.6%)
Black 87 (2.7%) 1 (0.6%)

Hispanic 80 (2.5%) 2 (1.2%)
White 2957 (90.6%) 156 (97.5%)
others 53 (1.6%) 0 (0%)

(CIND), or with clinical dementia (mild, moderate, severe). We included self-reported

gender, education level, age statistics (mean � standard deviation for each cohort), race,
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dementia diagnosis severity, and the type of ApoE (E2/E3/E4) genes for both copies of the

gene. Every individual has two copies of the gene. In the 4th column, we report the p-value

for each variable associated with the null hypothesis that the two cohorts have the same

distribution of the variable. Hence, a low p-value implies that the distribution of the feature

is different in each cohort, leading us to reject the null hypothesis. For age, we employed the

Kolmogorov-Smirnov (K-S) test [72] whereas we used the Chi-square test for the categorical

features [73]. It can be seen that age and education show signi�cant differences among the

two cohorts, leading us to use age, education, and CDT images in the proposed ensemble

model. An additional advantage of using only CDT images, age, and education is that these

features are easily obtained remotely without the need to visit a clinic.

2.3 Model development

We formulated the dementia detection system as a classi�cation task in which the model

seeks to make a binary decision on the dementia status, i.e., if the diagnosis score is greater

than zero, then we adjudicate the person to have cognitive impairment and be normal

otherwise. Since there was limited data for subjects with either CIND or dementia, a single

class was used to represent both CIND and dementia in our model.

Given that CNN models, which include many hidden layers and millions of parameters,

require a large number of images to be trained, we adopted a transfer learning approach

starting from a pre-trained CNN on the ImageNet dataset. Transfer learning is widely used

in medical image analysis and NLP applications [74, 75]. As the backbone network of our

proposed method, we selected the lightweight MobileNet V2, which can be trained fast and

is very suitable for embedded devices [76, 77]. We �ne-tuned the MobileNet V2 model

using the CDT images in the training set. To that end, we detached the fully-connected

layer and attached a global average pooling operation to convert the feature map into a

smaller size by taking the average value from the spatial dimension of the feature map.
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Global average pooling avoids over�tting and provides a more robust model against spatial

translations [78]. A softmax layer is attached to the deep learning model to predict the

probability distribution of each class. A block diagram of the modi�ed CNN can be found

in Figure 2�1. In the training procedure, all the layers of the MobileNet V2 trained on

Figure 2�1: Schematic diagram of the CNN model with the MobileNet network.

the ImageNet [79] were frozen, except for the softmax layer. Since the MobileNet V2 is
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based on a three-channel CNN, we used command CDT images of size (128;128;3) to train

the modi�ed deep learning model. 1 The participants tend to make more mistakes in the

command clock drawing task compared with the copying task, hence, the command clock

images can reveal more types of image defects associated with cognitive impairments.

Once the training process of the deep learning model is completed, the scores

corresponding to images of command and copy tests can be generated by feeding them into

the model. Finally, image scores, the age, and the education level of every participant were

used to train a logistic regression model to make predictions; a schematic of the approach is

shown in Figure 2�2. The entire model was implemented using the Python deep-learning

Keras library with a Tensor�ow backend.

Figure 2�2: Pipeline of cognitive impairment detection on the Clock Drawing test.

A binary cross-entropy (BCE) loss was selected for training the CNN model. This loss

function is commonly used in binary classi�cation tasks and is particularly suitable for our

problem of predicting a binary outcome. It is designed to measure the dissimilarity between

the predicted probability distribution and the true binary labels of a dataset. By minimizing

the BCE loss during training, the model is encouraged to make accurate predictions and
1The input size of the MobileNet V2 can be adjusted as needed.
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learn the underlying patterns in the data. The formula for BCE loss is as follows:

BCE(y; �y) =�(y log( �y)+(1� y) log(1� �y)) ; (2.1)

where y represents the true binary label and �y represents the predicted probability of the

sample belonging to the positive class (ranging from 0 to 1).

The hyperparameters of the model were selected on a validation set using a random

search. Learning rate, number of epochs, batch size, and regularization parameter of

regression l are set to 3 � 10�4, 400, 32, and 1, respectively. After augmenting the

CIND/dementia class 20 times more than normal images (400 and 20 images generated from

data augmentation, respectively), the CNN model was trained in a balanced fashion where

a subset of the data without augmentation was held out for the testing process. Data were

randomly split into 5 folds using strati�ed k-fold cross-validation. Speci�cally, a model was

trained on the 4 folds and tested on the 5th � test � fold. The process was repeated �ve times,

each time with a different fold retained for testing, and the average and standard deviation

(std) of all performance metrics on the test set over these �ve runs was obtained.

2.4 Results

We trained and validated the proposed classi�er, using 5-fold cross-validation to estimate

out-of-sample performance. The results are summarized in Table 2.2. We report AUC,

weighted F1-score (W-F1), sensitivity, speci�city, and accuracy. We note, however, that

accuracy in binary classi�cation with a highly imbalanced dataset is not an appropriate

metric, since predicting all subjects as being normal would lead to a high accuracy. In

the �rst row of Table 2.2, we report the performance of the classi�er that uses just the

command CDT (Cmnd CDT) image of a subject. The second row reports the performance

of our proposed ensemble model obtained by using logistic regression with features the deep

learning scores of command and copy CDT images, the education level, and the subject’s
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Table 2.2: Results on the test set for predicting cognitive impairment using the CDT [80].

Methods AUC % W-F1 % Accuracy % Sensitivity % Speci�city %

Cmnd CDT 81.3 � 5.8 94.3 � 0.4 95.5 � 0.3 73.8 � 6.7 77.4 � 5.8

Ensemble 91.9 � 1.1 94.6 � 0.4 95.7 � 0.3 86.9 � 1.2 84.5 � 4.0

Full 91.8 � 1.1 94.8 � 0.3 95.7 � 0.3 86.9 � 2.3 83.8 � 3.8

FullnApoE 91.9 � 1.2 94.7 � 0.4 95.7 � 0.3 85.6 � 2.5 85.7 � 1.9

Age, Cmnd CDT 91.9 � 1.2 94.6 � 0.7 95.8 � 0.4 89.4 � 1.5 82.9 � 3.6

Age 89.3 � 1.2 94.0 � 0.5 95.4 � 0.1 85.0 � 5.4 77.9 � 4.5

Cmnd CDT (age � 60) 77.7 � 6.5 90.6 � 0.7 92.6 � 0.4 71.3 � 8.9 73.6 � 4.1

Ensemble (age � 60) 86.6 � 2.0 91.3 � 0.6 92.7 � 0.2 85.0 � 3.6 76.1 � 3.2

Age (age � 60) 81.7 � 2.0 90.1 � 0.7 92.4 � 0.2 67.5 � 10.2 78.5 � 8.7

age. The third row, corresponds to the full model, which uses command and copy CDT

images, age, education, gender, ApoE, and race. The fourth row corresponds to a model

using all these features, except ApoE. The �fth column reports the performance of a model

using only age and the command CDT image. The sixth row reports the performance

of a model based just on age. The last three rows report the performance of the models

while considering only the subjects with age 60 and older. In all these models, education,

gender, ApoE, and race features, were encoded using one-hot encoding, i.e., creating a

binary variable for each category. Figure 2�3 plots the ROC curves for the two models with

high average AUC (full and ensemble), and, for comparison purposes, the corresponding

curve for the age-based model.

Since age in the dataset has a large range, [28;100], and dementia is likely to be

concentrated on those with older age, we performed an experiment excluding subjects

less than 60 years old. Figure 2�4(where the features edu0, edu1, edu2, edu3 indicate the

education level of the subjects, corresponding to attending high school, graduating from high

school, attending college, and graduating from college, respectively.)reports the coef�cients

of the features used by the logistic regression ensemble model with subjects 60 years and
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Figure 2�3: ROC curves over 5 folds for three models: the proposed ensemble model, the
full model, and the model based only on age.

older. The coef�cients are comparable as the scores of the CDT images and age were

normalized by subtracting the mean and dividing by the standard deviation. It can be seen

that age and the command CDT image are contributing more to the decision than the copy

CDT image. Although the education features have a negligible impact on the AUC of the

model, the predictive importance of the education labels reveals that the higher the education

level, the less likely a dementia diagnosis is.

2.5 Discussion

The proposed ensemble model can be employed to offer virtual cognitive impairment

screening using only CDT images drawn on pen and paper, education, and the age of the

subject [81]. The out-of-sample AUC and weighted F1 scores we report indicate strong

predictive power.
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Figure 2�4: Logistic regression coef�cients, indicating the relative predictive importance of
the features in the Ensemble model with subjects 60 years and older.

An important aspect of the method we used for training the deep learning models was

transfer learning. We started from a deep learning image classi�er previously trained on

a large number of generic images, which, apparently, has the ability to identify useful

features of presented images. Thus, with limited training using our CDT images, the deep

learning model adapted quickly to score CDT images and produced scores representing

the likelihood of the subject being cognitively impaired. Just using command CDT images

yields a classi�er of moderate strength (cf. �rst row of Table 2.2, AUC of 81.3%, on

average). Combining command and copy CDT images with age and education using logistic

regression yields a model with an AUC of 91.9%, on average, and a weighted F1 score of

94.6%, on average.

The ensemble model performs slightly better than the full model in terms of speci�city

(cf. Table 2.2). Furthermore, the full model is not amenable to online screening as ApoE

genotyping requires laboratory testing (typically, a blood sample). From Figure 2�3, it can

also be seen that the ROC curves of the full model and the ensemble model essentially

coincide for low values of the FPR (below 15%), that is, within the range one may want to



29

operate. Interestingly, adding to the ensemble model gender, education, and race (i.e., full

model without ApoE), leads to the same performance, con�rming the low discriminatory

power of these additional features, which was also suggested by their p-values listed in

Table 2.1.

Table 2.2 also indicates that a model based just on age performs relatively well; average

AUC of 89.3% vs. 91.9% for the ensemble model, yielding a difference of 2.6%. This is

consistent with related �ndings in [45] where a model based on age, gender, and MMSE

had an average F1-score 1.4% lower on their internal validation dataset than the fusion

model which also used a brain MRI. The ensemble model also outperforms the age model

by 4.9% while removing subjects younger than 60 years of age. It is useful to compare the

average TPR (sensitivity) of the ensemble model, the full model, and the age model for low

values of the average FPR (high speci�city). This comparison is shown in Table 2.3. For

Table 2.3: Average True Positive Rate (TPR, or sensitivity) for average False Positive Rates
(FPR) at 5%, 10%, and 20%.

% TPR at % TPR at % TPR at

Methods 5% FPR 10% FPR 20% FPR

Ensemble 53.1 73.1 91.2

Full 53.1 73.8 90.6

Age 43.4 59.5 81.9

instance, at 10% FPR, the TPR of the ensemble model is 13.6% higher compared to the

age model. Putting this difference in context, suppose we were interested in screening for a

nationwide clinical trial all 5 million or so individuals in the U.S. estimated to be suffering

from Alzheimer’s [1]. Setting FPR to 10%, about 3.66 million would qualify with the

ensemble model vs. 2.98 million with the age model, missing a non-trivial number of about

680,000 subjects with the latter. A similar perspective is gained by considering how many

individuals one should screen to assemble a clinical trial with about 1600 subjects (similar in
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size to the EMERGE aducanumab trial by Biogen [82]). Using an FPR of 5%, and assuming

the CIND and dementia incidence rate is 4.7% as in our dataset, it follows that one needs

to screen 78,439 people with the age model compared to 64,110 with the ensemble model,

namely, 14,329 less. Clearly, these differences imply signi�cant differences in cost.

In the present study, the clock drawing images were collected from the FHS using

a digital pen. The size of the images used for training was reduced to 128� 128 pixels.

Furthermore, the data augmentation described in Section 2.3 empowers the deep learning

features to become robust to various forms of image distortion that could be introduced by

drawing the images using pen and paper and capturing them using a cell phone.

A limitation of the study is that we do not have access to actual cell phone-captured

images, which would provide the ultimate test for the proposed screening approach. An

additional limitation is that the FHS does not conduct a comprehensive dementia review on

participants who are relatively younger or who may not exhibit severe signs of dementia;

thus, it is possible that some subjects classi�ed as cognitive normal are in the early stages.

In other words, FHS prioritizes full dementia assessment on higher-risk participants. As a

result, our dataset likely contained a relatively higher number of participants with normal

cognition.

In conclusion, our deep learning approach based on transfer learning allowed us to

classify individuals with dementia based on CDT images. These frameworks can be explored

further to assist dementia screening in limited resource settings. Future work entails testing

the robustness of our modeling approach across various cohorts comprising individuals from

multiple races and ethnicity as well as on CDT images captured via various devices.



Chapter 3

Automated Detection of Mild Cognitive
Impairment and Dementia Using Digital Voice
Recordings

3.1 Introduction

Studies have shown that speech can be a strong predictor of cognitive impairment in early

stages [83, 84]. Machine learning algorithms have been developed to build diagnostic

models using vocal and lexical features extracted from voice recordings [85, 86, 87, 88].

Vocal features were extracted in [89] to develop a classi�er to predict dementia among 64

subjects. Fraser et al. [90] have focused on linguistic as well as vocal features; achieving an

accuracy of 81.9% in classifying dementia versus control. MCI was also identi�ed from

healthy cases (AUC = 80%) by applying the support vector machine on features extracted

from manual transcriptions of voice recordings [91]. Using the FHS battery of tests, Lin

et al. presented a voice-based predictor to identify incidents of dementia with an AUC of

81% [92]. In addition, the language and voice features of 170 participants from FHS were

analyzed to predict cognitive impairment with an AUC of 94% [8].

However, most studies relied on both manual transcription and handcrafted features of

the voice data. Manual transcription is a lengthy and expensive procedure that might hinder

its implementation in a large-scale setting. Almost all the �ndings were limited by the use of

relatively small sample sizes and disparities observed in the clinical population. In particular,

in the context of speech assessment and machine learning, very few researchers included

31
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both MCI and dementia cases in their studies [93]. Given the fact that cognitive decline

can take several years to evolve from MCI to more severe stages of dementia, automated

detection of MCI is crucial to allow effective intervention in the early stages.

We sought to design and validate an automated diagnostic tool to detect cognitive decline

and MCI based on voice biomarkers. The proposed method takes either an audio �le or a

transcript of the NP interview as input and predicts the likelihood of cognitive impairment

using machine learning techniques, particularly NLP. The transcripts were classi�ed into 8

main sub-tests. Using the idea of transfer learning, we encoded the participants’ sentences

into quantitative data. This data and the participants’ demographic variables such as age, sex,

Apoe gene, and education were employed to train and test three binary classi�cation tasks,

(I) Normal cognition versus Dementia, (II) Normal/MCI versus Dementia, and (III) Normal

versus MCI. We evaluated the performance of the classi�cation tasks using the digital voice

recordings of NP assessments, collected from the FHS, containing 410 cognitively intact

subjects, 387 MCI, and 287 subjects with dementia. The AUC on the held-out test data

reached 92.6%, 88.0%, and 74.4% for Task I, Task II, and Task III, respectively.

3.2 Materials

3.2.1 Clinical setting and data sources

The digital recordings used in this study were collected from the NP examination

administered by FHS. The NP tests include sub-tests that assess naming and language,

visuoperceptual skills, premorbid intelligence, abstract reasoning, attention, verbal memory

(logical memory immediate and delayed recall), learning (paired-associate memory

immediate and delayed recall), and visual memory (visual reproductions immediate and

delayed recall) [22, 94]. Additional information such as sex, age, education, and the

presence of ApoE genes is available as well. The current study includes recordings of

subjects evaluated by trained examiners from 2005 to 2015.
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The dataset includes participants who were labeled as normal, with MCI, or dementia

(mild, moderate, severe), respectively. Various basic characteristics are reported in Table 3.1.

We report self-reported gender, education status, age statistics (mean � standard deviation

for each cohort), cognitive status, and the type of ApoE (E2/E3/E4) genes for both copies of

the gene. We also report the p-value for each variable associated with the null hypothesis

that the two cohorts have the same distribution of the variable.
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Table 3.1: Summary of the variables in the FHS dataset for digital voice recordings. Diagnosis scores 0, 0:5, and 1�3 are de�ned
as normal cognition, MCI, and dementia, respectively. Education labels 0 and 1 indicate subjects graduated from high school and
attended college or more, respectively.

Variable Assessment p-value

Normal (N) MCI Dementia (D) N vs D N/MCI vs D N vs MCI

Task I Task II Task III

Diagnosis � � �

0 410 (100%) 0 (0%) 0 (0%)

0.5 0 (0%) 387 (100%) 0 (0%)

1�3 0 (0%) 0 (0%) 287 (100%)

Age 77.2 � 9.7 81.6 � 8.0 85.1 � 7.5 <0.001 <0.001 <0.001

Gender 1e-5 8e-5 0.053

Female 204 (50%) 220 (57%) 192 (68%)

Male 206 (50%) 176 (43%) 95 (32%)

Education 0.002 0.008 0.289

0 149 (36%) 163 (42%) 145 (51%)

1 256 (62%) 222 (57%) 139 (48%)

ApoE 7e-5 0.030 4e-6

E44 4 (1%) 12 (3%) 8 (3%)

E34, E24 59 (14%) 107 (28%) 69 (24%)

E22, E33, E23 336 (82%) 261 (67%) 200 (67%)
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3.2.2 Data preparation

The original dataset contains information about 1;084 participants, including audio �les

stored in .wav format (8Khz sampling rate), age, sex, education, ApoE, and dementia

diagnosis. A total of 133 of these recordings have been manually transcribed, where

each transcript is separated into 8 sub-tests (details of these sub-tests can be found in the

supplementary). In order to prepare the material for the proposed method, all the audio

�les were transcribed via the Google Speech tool [95]. It has been shown that Google

Speech achieved a 9% word error rate, outperforming other well-known speech recognition

systems such as Sphinx-4 and Microsoft [96]. Given the raw text �les generated by Google

Speech, each transcript was diarized and sentences labeled using NLP to indicate the speci�c

sub-test they belong to. It should be noted that the Google Speech tool can separate the

speakers in an audio �le but it is unable to identify the label of the speakers, in our case,

examiner and participant. For diarization, we �ne-tuned an ALBERT-xlarge model [51] to

separate sentences of the participants (P) and the examiners (T) in each transcript, generating

a collection of unpunctuated and uncased words. To that end, we used a Named Entity

Recognition (NER)-type approach. The ALBERT model used context to assign to each

word one of the 4 labels: B-T, I-T, B-P, and I-P, where ‘B-’ means beginning and ‘I-’ means

inside. Then, a complete P sentence can be detected using a ‘B-P’ word and the following

consecutive ‘I-P’ words. Splitting the 133 manually-transcribed recordings into a training

and test set according to 80:20 ratio, we trained and tested the ALBERT model, obtaining

an Exact F1-score of 70.2% on the test set. The Exact F1-score is a strict metric in NER

tasks � even if we miss one word in a target sentence, which does not affect the semantic,

we still regard this target as misclassi�ed.

We also labeled each sentence based on the speci�c sub-test to which it belonged,

including categories such as WMS, WAIS, WAIS-R, BNT, FAS, CDT, DEMO, or OTHER.

This labeling allowed us to accurately associate the verbal responses with their corresponding
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cognitive domains, ensuring a precise analysis of participant performance across different

cognitive functions. The details and descriptions of each sub-test, as well as the number of

sentences produced by participants in the Normal, MCI, and Dementia groups, are available

in Table 3.2.

In Table 3.2, the category "OTHER" encompasses a variety of NP tasks such as Trails

A & B [97], the Hooper visual organization test [98], and tasks like math �uency, �nger

tapping, and balance testing, which are important for evaluating a broader range of cognitive

abilities beyond memory and language. These tests assess functions such as executive

function, attention, motor skills, and processing speed, all of which can be early indicators

of cognitive decline. The results show that participants with MCI and dementia tend to

produce more sentences in this category compared to the normal group, re�ecting increased

effort or confusion by individuals with MCI and dementia.

In comparison to the other categories in the table, which focus on speci�c cognitive

functions (like memory in WMS or visuospatial abilities in WAIS), the "OTHER" category

provides a broader spectrum of cognitive challenges that engage multiple domains. This

categorization of various NP sub-tests under the "OTHER" category is one approach to

organizing tasks that do not �t within the clearly de�ned domains of memory, language, or

visuospatial abilities. However, it’s important to note that this grouping is not de�nitive,

and alternative categorizations may offer more meaningful ways to group certain sub-tests

together. For instance, some sub-tests within the "OTHER" category, like the Trails A & B or

the Hooper visual organization test, primarily focus on executive function and visuospatial

reasoning, which could be grouped alongside tests like the CDT or WAIS.

We further �ne-tuned a BERT-based model [50] to predict the 8 different sub-tests

for each P/T sentence detected in the previous step. To improve the prediction accuracy

and consistency, we used the target sentence S0 together with the prior and following 8

consecutive sentences (�[CLS] S�8 [SEP]...[SEP] S0 [SEP]...[SEP] S8 [SEP]�) as
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the BERT input, and the [CLS] embedding was used as the sub-test predictor for S0. If certain

neighbor sentences do not exist, such positions were ignored. Using the manual transcription

and the ground truth labels of the sub-tests to train the BERT, the accuracy of classifying

sentences into the 8 sub-test types reached 96.2%. This sub-test classi�cation step was done

separately and the accuracy was obtained without using the output of the diarization step

because the diarization output lacks the sub-test ground truth label. Figure 3�1 demonstrates

Figure 3�1: Speaker diarization and sub-test classi�cation of the automated-transcribed
recordings using NLP models.

the mechanism of diarization and sub-test labeling in the pre-processing procedure. In

this analysis, the sentences can consist of an arbitrary number of words with any structure.

Some sentences can be as short as a single word or as long as a paragraph. Both BERT

and ALBERT are state-of-the-art methods in NLP. We considered both models for the

pre-processing tasks. However, the ALBERT model has fewer parameters compared to

a corresponding BERT model (e.g., 60 million parameters vs. 334 million parameters),

resulting in lower memory usage and lower computational cost. Since the performance of

both models for the diarization task was the same, the ALBERT model was selected as

our method of choice. In the sub-test classi�cation task, the BERT model outperformed

the ALBERT model with a margin of about 1% accuracy on 133 manually transcribed

recordings. Therefore, the BERT model was used to identify the sub-tests.
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3.3 Model Development

The NLP-based detection system can be formulated as a classi�cation task. We have

investigated three binary classi�cation tasks: (I) dementia detection (normal versus

dementia), (II) non-dementia detection (normal/MCI versus dementia), and (III) MCI

detection (normal versus MCI). Due to the limited data � both in terms of sample size and

composition � we used a transfer learning approach to capture relevant characteristics of

the participants’ sentences, subsequently converting the text data into a machine readable

format. Transfer learning is a widely used technique in NLP applications that addresses the

problem of training a classi�er when a large, complete training dataset is not available [75].

After the pre-processing step outlined in Section 3.2.2, the USE was employed to

encode the P sentences into an embedding vector. NP assessment is typically based

on the participants’ responses [91, 99]. The USE, which is a neural network based

on the transformer architecture and attention mechanism, has provided state-of-the-art

results on a different range of tasks [49]. This encoder is pre-trained on a variety of

sources like Wikipedia, web news, web question-answer pages, and discussion forums [52].

Once the quantitative data (the encoded sentences) were generated, our system computed

the likelihood of whether an individual is cognitively impaired using machine learning

techniques such as the Multilayer Perceptron (MLP) and logistic regression. Figure 3�2

provides an overview of the proposed system.

�>�������������������«���@
�>�������������������«���@
�>�������������������«���@

������

�7�U�D�Q�V�F�U�L�S�W�L�R�Q

�*�R�R�J�O�H��
�6�S�H�H�F�K

�'�L�D�U�L�]�D�W�L�R�Q

�$�/�%�(�5�7��
�0�R�G�H�O

�6�X�E���W�H�V�W��
�O�D�E�H�O�L�Q�J

�%�(�5�7��
�0�R�G�H�O

�(�Q�F�R�G�L�Q�J

�7�U�D�Q�V�I�R�U�P�H�U�V

�3�U�H�G�L�F�W�L�R�Q

�0�/�3���	
�/�R�J�L�V�W�L�F��
�5�H�J�U�H�V�V�L�R�Q

�5�D�Z���7�U�D�Q�V�F�U�L�S�W �3���V�H�Q�W�H�Q�F�H�V �����6�X�E���W�H�V�W�V �4�X�D�Q�W�L�W�D�W�L�Y�H���G�D�W�D��

Figure 3�2: The schematic of the proposed method for dementia detection using digital
voice recordings. We summarized the goal of each step and its corresponding method above
and under each arrow, respectively.
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The USE was selected to encode the sentences because it takes an input text with an

arbitrary length whereas the length of input text in other methods is often limited (e.g., the

BERT model takes as input a sequence of no more than 512 tokens, roughly equal to 400

words). Although the USE can process text data of any length, feeding the entire transcript

into the USE would result in a poor downstream classi�cation performance, mainly because

USE generates a �xed 512-dimensional vector for any input. Instead, we implemented two

different approaches that enable us to extract more information from each transcript.

1. Random Sampling (RS) method: We constructed a paragraph by randomly selecting

25 P sentences from each interview, given that each transcript contains at least 25 P

sentences. We repeated the random sampling for each interview until 30 paragraphs

were collected. These 30 paragraphs are different from each other even if a transcript

contains only 25 P sentences due to random order of the sentences. Then, the USE

takes each paragraph as input and generates a 512-dimensional sentence embedding.

2. Sub-test Sampling (STS) method: The STS method exploits the sub-test labels of

the P sentences. This method groups the P sentences of the same sub-test together,

compiling eight paragraphs from each interview (one for each sub-test). By passing

these paragraphs to the USE, eight 512-dimensional vectors are generated for each

interview. If any sub-test is missing throughout the interview, we �ll the corresponding

vector with zeroes.

After obtaining a vector representing a paragraph created by the above method, we

proceeded with the classi�cation task. We processed the embedding vectors in three

steps: (i) feature selection of the embedding vectors, to improve downstream classi�cation

performance, (ii) generating cognitive scores from the resulting lower-dimensional vectors,

and (iii) training a classi�er by a combination of the cognitive scores and demographic

information to arrive at the �nal prediction. Given the training and test dataset, we performed

logistic regression-based recursive feature elimination (RFE) (e.g., as in [100]) on the
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training data to remove the weakest feature until the embedding vector is of size 50, resulting

in reducing the 512-dimensional vectors to 50-dimensional vectors.

To generate the cognitive scores, the RS method trains an MLP model on the low-

dimensional embedding vectors. The model treats the extracted paragraphs of an interview

as independent examples with the same label as the corresponding interview label. In the

second method (STS), we trained 8 MLP models separately for each sub-test using the

corresponding low-dimensional embedding vectors. All the MLP models used in this step

were networks with an input layer, an output layer, and a hidden layer with 25 hidden nodes.

Therefore, the �rst method generated 30 cognitive scores (one per paragraph) for each

person using only one predictive model, whereas the other method generated 8 cognitive

scores associated with each sub-test, using 8 independent MLP models. In the RS method,

we then trained a logistic regression model using the average of the 30 cognitive scores in

addition to demographic information.

In the STS method, however, a subset of the sub-tests was selected to be fed into the

logistic regression model along with the demographics. To select the important sub-tests,

we calculated the increase in the model’s prediction error using the validation data after

removing the sub-test from training the logistic regression model. Comparing the model’s

performance error, we identi�ed a relative ranking of the sub-tests (see Table 3.2 for details

and naming conventions).

These rankings are different for each one of the three classi�cation tasks. Speci�cally,

the sub-tests ranked in order from most to least importance as follows: (i) [BNT, WMS, FAS,

OTHER, CDT, WAIS-R, WAIS, DEMO] for Task I, (ii) [WMS, BNT, CDT, FAS, OTHER,

WAIS-R, WAIS, DEMO], for Task II, and [WAIS-R, BNT, WMS, DEMO, OTHER, WAIS,

CDT, FAS] for Task III, respectively. To select the best set of sub-tests, we evaluated the

performance of the n most important sub-tests on the validation dataset. Therefore, out of 8

sub-tests, the STS method ended up achieving the best AUC performance on [BNT, WMS,
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Table 3.2: Summary of the sub-tests of the NP exams in the digital voice recordings. The
average number of sentences uttered by the participant in each class is also provided.

Sub-tests Details Normal MCI Dementia

WMS

Logical memory: immediate recall,
delayed recall, and multiple choice
� Visual reproduction: immediate
recall, delayed recall, and multiple
choice � Verbal paired associates
learning/recall/recognition.

54 60 60

OTHER

Similarities � Trails A & B [97] �
Hooper visual organization test [98]
� Cookie theft � Digit symbol
coding/learning � Math �uency �
Balance physical function test �
Finger tapping � Speech not related
to NP exam.

35 40 46

CDT Clock Drawing Test � Number
placement � and Time setting. 2 3 4

BNT
Boston Naming Test: the participants
have to describe a picture with one
word.

7 11 21

FAS
Verbal �uency: the participants have
to name as many words as possible
from a category in a given time.

7 7 8

WAIS Block design test [101]. 2 3 3

WAIS-R
General information: the examiner
asks the participant some general
questions.

11 11 12

DEMO
Demographic information: marital
status, job, and some inquiries about
health.

14 17 18

FAS, OTHER, CDT, WAIS-R], [WMS,BNT], and [WAIS-R, BNT, WMS, DEMO, OTHER]

in Task I, II, and III, respectively (see Table 3.2 for an explanation of the sub-tests). In

addition to these NLP methods, we developed an ensemble model that combines multiple
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other models in the prediction process. For instance, one can train a logistic regression

model that combines the RS and/or STS methods with different sources of data such as

demographic information or the presence of ApoE genes. In this paper, the �+� symbol

between different methods represents an ensemble model of them.

3.4 Results

The results of various methods based on automated transcriptions are summarized in

Table 3.3. In the �rst set of three rows (one per Task), we report the performance of

the STS method that utilizes the sub-test information of the NP test. The second set of three

rows reports the performance of the ensemble model that combines the STS method and

demographic information (sex and age), which leads to the 2nd highest AUC among all

methods for Tasks I and II. The third set of three rows corresponds to the RS method. The

fourth set of three rows reports the performance of the ensemble model using the RS method

and demographic variables. The �fth to seventh set of three rows report the performance

of the baseline models using different combinations of demographic information, ApoE,

and education. The 8th set of three rows corresponds to an ensemble model using both

methods along with age and sex. The 9th set of three rows corresponds to the ensemble

model that uses all of the sub-tests and demographics (age and sex). Finally, the 10th set of

three rows corresponds to the model that uses only MMSE score as a feature. The very last

row is speci�cally for MCI detection considering STS, demographics, and ApoE, leading

to the best AUC among all methods for this task. In all these models, education, sex, and

ApoE features, were encoded using one-hot encoding, i.e., creating a binary variable for

each category.

We observe that the ensemble model STS+RS+Dem. achieves the best AUC for Tasks

I and II, equal to 92.6% � 3.3% and 88.0% � 2.2%, respectively. The 2nd best AUC for

these tasks is achieved by the STS+Dem. method, equal to 91.2% � 4.1% and 87.1% �



43

4.2%, respectively. For Task 3, the best AUC is achieved by combining STS+Dem.+ApoE,

reaching 74.4% � 4.4%, with STS+RS+Dem. coming close behind (AUC: 74.1% � 4.4%).

For Task I, all methods that use our NLP approach (either through the STS or the RS

method), achieve an AUC above 88.5%, whereas the best AUC without using NLP does not

exceed 78.1%; the AUC difference between the best NLP method over the best non-NLP

method is 14.5%. Similarly, for Task II, NLP-based methods exceed 83.7% in AUC, whereas

non NLP-based methods reach up to 72.3%; the AUC difference of the best NLP method

over the best non-NLP method is 15.7%. Finally, for Task III, NLP-based methods exceed

67.8% in AUC, whereas the non-NLP methods reach 67.2% in AUC; however, the AUC

difference between the best NLP method over the best non-NLP method is 7.2%. Overall,

NLP methods result in a very signi�cant boost in performance.

A visual summary of the AUC results for each task is provided by the box plots in

Figure 4�2a-4�2c. Figure 3�3d plots the Receiver Operating Characteristic (ROC) of the

STS+RS+Dem. method, which performs the best for Tasks I and II.

Figure 3�4 reports the coef�cients of the features of the logistic regression using the

STS+RS+Dem. method. The coef�cients are comparable as the scores of the selected

sub-tests, RS features, and age were normalized by subtracting the mean and dividing by

the standard deviation. It can be seen that the RS score, along with sub-tests such as WMS,

BNT, and WAIS-R, are contributing more to the decision than the demographic features

such as age and sex. The "OTHER" category, shown in Task II and Task III in Figure 3�4,

plays a signi�cant role in prediction, with logistic regression coef�cient values around 0.5.

It includes a range of tests assessing executive function, visuospatial skills, and motor tasks,

which capture impairments not re�ected in memory or language tests like WMS or BNT. By

including "OTHER," the analysis provides a more comprehensive assessment of cognitive

health, reinforcing that cognitive impairment and MCI are multifaceted and cannot be fully

captured by memory and language tests alone.
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(a)The distribution of AUC in task I. (b)The distribution of AUC in task II.

(c)The distribution of AUC in task III. (d)The average AUC of the STS+RS+Dem. method.

Figure 3�3: The AUC results of the proposed methods using digital voice recordings for
three different tasks.

Moreover, to assess the impact of automated transcription on the classi�cation tasks, we

computed the average AUC derived from the proposed methods using manual transcriptions.

Table 3.4 reports the performance metrics of different methods on the 133 manual transcripts

available. For instance, the STS+RS+Dem. model outperformed the baseline Dem. model

(Task I: average AUC of 96.1% versus 63.9%, Task II: average AUC of 94% versus 70%).

The cohort associated with the manual transcripts consisted of 45 Normal, 11 MCI, and 77

Dementia participants according to the diagnosis score given in Table 3.1. Unfortunately,

there exist few transcripts of the MCI class, preventing us from performing Task III using

manual transcriptions. In order to compare our approach with a well-established cognitive

assessment tool, we also considered the Mini-Mental State Examination score in a logistic

regression model to solve the binary classi�cation in each Task. We obtained the following
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values for AUC, Accuracy, Sensitivity, and Speci�city: for Task I: 82.7, 77.1, 71.4, and 81.7;

for Task II: 80.5, 75.2, 73.1, and 77.2; for Task III: 63.5, 62.6, 69.7, and 55.4, demonstrating

signi�cant gains in using the proposed NLP methods to detect cognitive impairment given

the performance metrics reported in Table 3.3.

3.5 Discussion

Our fully automated system demonstrates a strong predictive power to detect cognitive

impairment based on digital voice recordings of the NP test, opening up new frontiers in

dementia research. Due to its automatic screening ability, the proposed system can support

clinicians by aiding accurate diagnosis of dementia and MCI, making it suitable for large-

scale screening of cognitive impairment. Widely accessible cognitive decline assessment is

not widely available even in the U.S., let alone in other, less developed, countries. Therefore,

our system can form the basis of a diagnostic tool that is economical, particularly for less

well-resourced regions and for segments of the population in developed countries with

insuf�cient access to these types of health care services (e.g., rural areas, lower-income

individuals, underrepresented groups, etc.).

Another characteristic of our study is that it relies on semantic features, enabling us to

transfer the entire pipeline to other languages given the existence of transcription tools from

any language to English and/or powerful NLP models in different languages [103, 104]. At

the same time, end-to-end learning from acoustic features like the Mel-frequency cepstral

coef�cients suffers from task independence and requires more resources, especially in

long audio �les [105, 106]. We note that the performance drop due to the automated

transcription is rather modest, 3.5% in AUC for Task I and 6.0% for Task II, when using the

STS+RS+Dem. method. For comparison purposes, a recent work by Xue et. al [107] also

used subjects from the FHS. Using the acoustic features and deep learning methods, they

achieved an AUC of 80% and 75% for Task I and II, respectively. Thus, the adverse effect
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of including MCI cases on the classi�er performance can be signi�cantly mitigated through

the proposed NLP-based route.

Since the proposed method shows promising performance on automated transcription, a

remote diagnosis can be contemplated based on interviews conducted through video/voice

call either with a live person or on a web platform where prompts are recorded and the

subject (potentially with the help of a companion) records their answers. This may be a major

advantage of the method over the existing ones that require an in-person interview and use

either handcrafted voice features or manual transcriptions. Owing to dealing with text data

rather than audio, pre-processing steps such as de-identi�cation, diarization, and sub-test

labeling can be conducted ef�ciently using NLP. In our study, we removed the T (examiner)

sentences from the prediction procedure as they are structurally repeated throughout all

the interviews, likely containing no useful information to assess the interviewees. Another

bene�t of removing the T sentences is that a computerized version of this framework will

only require the participant’s responses during a web-based structured NP assessment.

Furthermore, the performance of the predictive model improves by taking advantage of the

sub-test information. Speci�cally, in MCI detection, the STS+Dem. method outperforms

the RS+Dem. method with a margin of 3.8% in AUC.

Comparing the selected sub-tests used in the STS method for each task shows that

FAS (verbal �uency) has a high impact in identifying the dementia class while removing it

enhances the classi�cation performance in MCI detection. Thus, our approach enables the

identi�cation of sub-tests that are more informative for each task. This point highlights that

a more structured interview could better capture the language de�cits underlying cognitive

decline. For instance, given the ranking order of the sub-tests in differentiating MCI from

Normal, WAIS-R (general questions) can be more useful for the assessment of MCI, whereas

FAS would not be as useful in this task, at least from the perspective of generated text our

method uses.
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We observed excellent performance in manual transcriptions, achieving 96% and 94%

AUC in Tasks I and II. We further validated the approach on automated transcriptions and

obtained encouraging results that can lead to a novel diagnostic tool [108]. Also, there might

be some limitations that need to be addressed. The generalization of the proposed methods

needs to be validated using different cohorts. Despite the excellent results in cognitive

impairment detection using NP tests administered in English as the spoken language, our

approach should be implemented in other languages to con�rm its effectiveness for global

use.

NLP models on which our analysis is based, have been found to be very useful innmedical

research (see, e.g., [109, 56] and references therein). However, it is also known that these

models may re�ect biases (gender, social, racial, etc.) present in the text corpora used for

training the models [110]. At the same time, new methods are being introduced that can

help mitigate these biases (e.g., [111]).
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Table 3.3: Results on the test set for the automated-transcribed recordings (mean � std over
the ten runs). An ensemble model of the sub-test sampling method, random sampling method,
and demographic information (STS + RS + Dem.) achieves the best performance [102].

Methods Tasks AUC % Accuracy % Sensitivity % Speci�city %

STS
I 90.2 � 4.5 86.6 � 3.8 86.2 � 4.1 86.9 � 7.7
II 85.3 � 4.3 80.3 � 3.9 76.9 � 6.2 83.8 � 7.1
III 71.7 � 4.7 69.5 � 3.6 65.4 � 9.1 73.6 � 9.1

STS+Dem.
I 91.2 � 4.1 86.2 � 4.1 84.5 � 4.7 87.9 � 5.4
II 87.1 � 4.2 81.7 � 3.3 78.3 � 6.7 85.2 � 8.7
III 72.8 � 4.3 69.4 � 3.1 66.2 � 12.9 72.6 � 8.8

RS
I 88.5 � 3.7 84.0 � 2.4 84.1 � 6.2 83.8 � 5.8
II 83.7 � 2.4 80.3 � 3.0 79.7 � 11.2 81.0 � 7.1
III 68.8 � 6.4 66.8 � 5.9 72.6 � 13.4 61.0 � 8.5

RS+Dem.
I 89.6 � 3.6 84.1 � 3.3 85.2 � 5.6 83.1 � 5.4
II 84.5 � 2.4 80.2 � 3.5 79.0 � 10.2 81.4 � 6.8
III 69.0 � 6.7 67.1 � 5.6 72.6 � 11.1 61.5 � 7.3

Dem.
I 74.8 � 4.6 72.4 � 4.4 75.5 � 9.2 69.3 � 7.3
II 71.1 � 4.8 69.0 � 4.3 68.3 � 8.1 69.7 � 7.8
III 62.8 � 7.9 62.8 � 5.6 63.8 � 8.2 61.8 � 8.7

Dem.+ApoE
I 77.9 � 2.9 74.0 � 3.4 79.7 � 10.0 68.3 � 10.0
II 72.3 � 5.8 70.3 � 5.7 75.2 � 8.1 65.6 � 8.3
III 67.1 � 6.4 64.6 � 4.7 67.7 � 7.2 61.5 � 9.8

Dem.+ApoE + edu.
I 78.1 � 2.7 75.5 � 2.9 77.9 � 10.8 73.1 � 8.7
II 70.5 � 6.3 69.1 � 4.3 73.8 � 5.4 64.5 � 6.9
III 67.2 � 6.9 63.8 � 5.8 66.7 � 10.3 61.0 � 12.7

STS+RS+Dem.
I 92.6 � 3.3 87.1 � 4.0 85.5 � 6.1 88.6 � 4.6
II 88.0 � 2.2 83.1 � 3.0 83.1 � 3.9 83.1 � 3.9
III 74.1 � 4.4 69.5 � 4.3 70.3 � 9.0 68.7 � 6.4

Full STS+Dem.
I 88.5 � 3.7 82.8 � 3.6 78.6 � 9.9 86.9 � 6.9
II 83.8 � 5.1 81.6 � 3.9 82.8 � 6.2 80.3 � 9.3
III 67.8 � 3.0 66.2 � 3.2 62.1 � 10.0 70.3 � 11.0

MMSE
I 82.7 � 5.1 77.1 � 4.4 71.4 � 8.5 81.7 � 6.8
II 80.5 � 5.3 75.2 � 4.2 73.1 � 6.4 77.2 � 8.9
III 63.5 � 4.3 62.6 � 3.6 69.7 � 6.1 55.4 � 8.0

STS+Dem.+ApoE III 74.4 � 4.4 71.2 � 3.5 68.2 � 12.0 73.8 � 6.5
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(a)Task I.

(b)Task II.

(c)Task III.

Figure 3�4: Logistic regression coef�cients using the STS+RS+Dem. method, indicating
the relative predictive importance of the features in each classi�cation task.
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Table 3.4: Performance results of the proposed methods using manually-transcribed
recordings on the test set (mean � std over the �ve runs).

Methods Tasks AUC % Acc % Sensitivity % Speci�city %

STS
I 91.4 � 6.5 81.0 � 5.2 90.0 � 7.3 62.9 � 14.6

II 92.1 � 2.5 84.5 � 2.2 88.6 � 3.5 77.5 � 5.0

STS+Dem.
I 92.2 � 6.6 81.9 � 7.6 92.9 � 7.8 60.0 � 21.0

II 93.0 � 3.4 83.6 � 4.6 87.1 � 5.3 77.5 � 16.6

RS
I 87.3 � 2.9 80.0 � 3.6 87.1 � 9.5 65.7 � 19.4

II 87.2 � 2.9 79.1 � 4.6 88.3 � 7.1 59.0 � 9.8

RS+Dem.
I 88.4 � 2.4 79.0 � 4.9 85.7 � 10.1 65.7 � 14.6

II 86.8 � 3.4 76.4 � 5.3 87.1 � 9.5 53.3 � 12.9

Dem.
I 63.9 � 6.9 68.6 � 7.1 64.3 � 7.8 77.1 � 17.1

II 70.0 � 3.9 71.8 � 3.4 68.6 � 7.3 77.5 � 9.4

Dem.+ApoE
I 60.6 � 7.6 63.8 � 9.8 51.4 � 17.7 88.6 � 16.7

II 65.7 � 7.7 70.0 � 6.8 70.0 � 12.3 70.0 � 12.7

Dem.+ApoE + edu.
I 70.3 � 7.1 68.6 � 3.8 67.1 � 14.7 71.4 � 22.1

II 81.0 � 3.7 80.0 � 7.9 82.9 � 18.4 75.0 � 13.7

STS+RS+Dem.
I 96.1 � 2.6 86.7 � 1.9 92.9 � 4.5 74.3 � 10.7

II 94.0 � 1.6 86.4 � 4.1 92.2 � 4.8 73.3 � 11.1

Full STS+Dem.
I 89.8 � 8.8 82.9 � 7.1 88.6 � 9.7 71.4 � 20.0

II 91.8 � 7.0 88.2 � 6.2 89.5 � 12.3 85.2 � 9.1



Chapter 4

Identi�cation of Mild Cognitive Impairment and
Dementia Using Electronic Health Records

4.1 Introduction

Developing prompt and accurate diagnoses of dementia is an essential initial step in tackling

this highly prevalent neurodegenerative disorder. In particular, capturing different cognitive

stages in the degeneration process of dementia paves a way for early detection in the future.

Currently, dementia is under-recognized [1], whereas accurate diagnosis is an essential �rst

step to providing timely intervention. Since dementia is underdiagnosed and dif�cult to

diagnose, outcomes purely based on diagnosis codes may be susceptible to low sensitivity

[112]. Even when a diagnosis is made, it is not always recorded using structured International

Classi�cation of Diseases (ICD) diagnosis codes in patient charts. Valuable information

related to cognitive impairment can often be found within EHR, but manually reviewing

clinician notes to identify cognitive impairment is a time-consuming process prone to errors.

However, the automated mining of these notes presents an opportunity to identify and label

patients with cognitive impairment using EHR data [113].

One of the promising approaches to address the underdiagnosis and identi�cation of

dementia is by leveraging machine learning models in classifying an individual’s cognitive

status based on EHR. This approach capitalizes on the vast amount of patient data captured

in EHR systems, including clinical notes, lab results, and demographic information. Deep

learning models, such as transformer-based architectures, have demonstrated remarkable
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success in various healthcare applications, including disease diagnosis, risk prediction, and

treatment optimization [114, 31, 115]. These models have the ability to extract complex

patterns and relationships from diverse and heterogeneous data sources, enabling more

accurate and ef�cient cognitive status classi�cation for patients. Furthermore, the use

of machine learning models can help overcome the limitations of traditional diagnostic

methods, which often rely on manual review of clinician notes and subjective interpretation.

Automated mining and analysis of EHR data present an opportunity to identify and label

patients with cognitive impairment, facilitating earlier detection and intervention. By

harnessing the power of machine learning in EHR-based classi�cation, we can enhance the

accuracy and ef�ciency of dementia diagnosis, ultimately improving patient outcomes and

healthcare decision-making.

Previous researchers have successfully utilized NLP in encoding texts for dementia

[52, 50, 56]. For instance, we show the promising results of an NLP-based method to

diagnose dementia from NP tests using the USE. NLP techniques have yielded accurate

dementia detection based on clinical notes, [116, 113]. However, none of the prior efforts

have aimed to classify the full spectrum of cognitive impairment. In this chapter, we aim

to utilize NLP models to classify different cognitive stages of cognitive impairment based

on clinical notes from EHR. In particular, we used novel approaches to compiling and

processing the data, which includes handling variable length of model input by standardizing

volume, utilizing an ensemble method for variance reduction, and designing an explainable

system based on encounter types. Such a tool is useful in recruiting into clinical trials as

well as a variety of research studies.

4.2 Data sources

We used the EHR dataset extracted and labeled by [112] from Massachusetts General

Brigham (MGB). The data cohort from Massachusetts General Brigham Accountable Care
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Organization was sampled based on the following three mutually-exclusive criteria: A)

patients with ICD-10 diagnosis code suggestive of dementia (indicating the possibility

of dementia); B) patients with a clinic visit with a neurologist, psychiatrist, geriatrician,

neuropsychologist, or geriatric psychiatrist; and C) other patients [112]. This dataset

includes 913 patients (543 females) with a mean age of 77.9 years and predominantly

non-Hispanic white. We report the detailed characteristics for each cognitive stage in Table

4.1. Two neurologists and two psychiatrists classi�ed the patients’ cognitive status into

Table 4.1: Summary of the patients’ characteristics with physician notes in the MGB dataset.
Note that some patients’ race is unavailable.

Characteristics Assessment

Normal (N) MCI Dementia (D)

(n = 531) (n = 153) (n = 229)

Age 75.8 � 9.7 77.7 � 8.0 83.0 � 7.5

Female 305 (57%) 84 (55%) 154 (67%)

White 440 (83%) 117 (76%) 186 (81%)

Black 13 (2%) 4 (3%) 7 (3%)

Asian 5 (1%) 3 (2%) 1 (1%)

unavailable 73 (14%) 29 (19%) 35 (15%)

Normal cognition, MCI, and Dementia based on the patient’s medical records from January-

2016 to December-2018. For each patient in our dataset, we extracted their 2-year-range

clinical encounter notes before December 2018. From the EHR, 12 encounter types were

obtained for each patient’s note (see Table 4.2 for details). We also performed sentence

segmentation on the unstructured clinical notes using the NLTK tool [117]. Then we used

two comprehensive collections of dementia-related keywords [118] to extract all sentences

containing any of these keywords. These keywords were divided into two categories: I)
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Table 4.2: List of all 12 encounter types.

Encounter Type abbreviation

Of�ce Visit OFFICE

Hospital Encounter HOSPITAL

Re�ll REFILL

Telephone TEL

Letter LETTER

Documentation DOCU

Follow Up FOLLOWUP

Patient Outreach PATIENT

Home Care Visit HOME

Anesthesia Event ANESTH

Surgery SURGERY

Other OTHER

dementia-related words (Dem) such as �memory", �cognition", �MMSE", �Donepezil",

etc. and II) activities of daily living related words (ADL) such as �cook", �clean", �drive",

�walk", �bath", etc.

4.3 Methods

Our NLP-based detection system can be formulated as a classi�cation task. There were three

classes of cognitive stages: normal cognition, MCI, and dementia. We investigated three

binary classi�cation tasks: (I) dementia detection (normal cognition vs. dementia), (II) MCI

detection (normal cognition vs. MCI), and (III) cognitive impairment detection (normal

cognition vs MCI/dementia). Due to the limited sample size, we used a transfer learning

approach � the USE � to extract semantic knowledge by generating embeddings from
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unstructured clinical notes. Since USE generates a �xed 512-dimensional vector for any

input, we implemented two different methods that enabled us to extract more information

from the clinical notes. Figure 4�1 demonstrates the mechanism of the methods proposed in

this work for the classi�cation tasks.
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Figure 4�1: The proposed pipeline for dementia detection from clinical notes.
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4.3.1 Random Sampling Method

We �rst extracted all sentences that contain a keyword in either Dem or ADL category.

Given that the clinical notes per patient over the two-year range had at least 15 sentences

with a keyword, we randomly selected 15 sentences from the sentence pool. By repeating

this process for each patient’s notes, 30 different batches were created (i.e., 15 from the

Dem category and 15 from the ADL category). These 30 batches are different from each

other even if the patient’s notes contain only 15 sentences due to the random order of the

sentences. Then USE takes each batch as input and generates a 512-dimensional sentence

embedding. Thus, we can create 30 embedding vectors representing the clinical notes of

one patient.

4.3.2 Encounter-based Sampling Method

This method exploits the encounter type of the clinical notes, where it groups the sentences

of the same encounter type together in each keyword category. This results in 24 different

categories of sentences for each patient (12 encounter types times 2 keyword categories).

More speci�cally, with USE, 24 embedding vectors corresponding to 24 categories were

generated for each patient. If a patient’s notes were missing a section, the corresponding

embedding was �lled with zeroes.

4.3.3 Prediction Procedure

After generating the quantitative data (i.e., the embedding vectors), our automated algorithm

computes the likelihood of whether an individual is cognitively impaired using a logistic

regression. The prediction can be made after processing embedding vectors in two steps:

(I) feature selection of the embedding vectors using logistic regression�based RFE, (II)

generating cognitive scores from the resulting lower dimensional vectors. We performed
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RFE, as previously used by [102], on the training data to remove the weakest feature 1,

resulting in dimensionality reduction of the embedding vectors. A logistic regression model

was trained to generate the cognitive score (i.e., the probability of each class) of each

low-dimensional embedding vector. In the random sampling method, the embedding vector

was �rst labeled with cognitive status and then used to train the logistic regression model.

Therefore, given n number of patients in the training set, 30�n samples were used to train

the �nal model. However, the embedding vector generated by the encounter-based sampling

method was associated with a speci�c encounter type and a keyword category. Thus, two

layers of prediction are required to drive the �nal prediction. In the �rst layer, the embedding

vectors of each section were used to train a logistic model, resulting in 24 prediction models

based on encounter types and keyword categories. In the second layer, an ensemble logistic

regression model was trained on the 24 scores generated by the models from the �rst layer.

Furthermore, we built two baseline models based on the number of sentences in

the clinical notes for each patient. One logistic regression model was trained on the

number of sentences segmented by NLTK and the other one was based on the number of

sentences with a dementia-related keyword from the keyword collection given by [118]. For

brevity, prediction models based on random sampling, encounter-based sampling, number

of sentences based on NLTK, and dementia-related keywords are named NLP1, NLP2,

Baseline1, and Baseline2 models, respectively.

4.4 Results & Discussion

Using k-fold cross-validation strati�ed by patients, the data for each classi�cation task were

randomly split into 10 folds. Performance metrics consisted of classi�cation the AUC,

accuracy, sensitivity, and speci�city. The results of four different methods are available in
1The weakest feature was de�ned based on the feature importance ranking. In this case, it refers to the

output of the logistic regression. The number of features to keep were hyperparameters selected through
validation on the training set.
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Table 4.3. We report the performance metrics of the NLP1 method for Task I, Task II, and

Task III in the �rst three rows. The performance of the NLP2 method, Baseline1 method,

and Baseline2 method are also summarized in the following rows for different tasks. Based

Table 4.3: Results on the test set (mean � std over the ten runs) [119].

Methods Tasks AUC % Accuracy % Sensitivity % Speci�city %

NLP1

I 97.8 � 2.2 95.5 � 1.8 96.1 � 5.3 95.3 � 3.3

II 81.0 � 3.1 75.5 � 4.9 77.3 � 9.0 75.0 � 7.3

III 92.4 � 2.0 86.2 � 3.5 84.5 � 6.6 87.4 � 6.8

NLP2

I 93.6 � 2.5 89.6 � 3.4 86.5 � 9.6 90.9 � 5.9

II 74.6 � 5.4 74.1 � 3.7 71.3 � 12.3 74.8 � 5.9

III 85.4 � 4.0 79.8 � 4.2 77.4 � 6.5 81.5 � 8.3

Baseline1

I 79.8 � 5.8 82.2 � 4.3 71.7 � 10.5 86.8 � 7.5

II 62.2 � 6.6 62.5 � 3.8 71.3 � 11.6 60.0 � 6.0

III 69.9 � 4.0 72.5 � 3.0 64.5 � 10.2 78.1 � 6.5

Baseline2

I 91.1 � 2.4 88.2 � 3.4 89.6 � 2.9 87.5 � 5.2

II 67.8 � 6.6 71.3 � 6.7 65.3 � 11.9 73.0 � 10.8

III 78.8 � 2.9 79.3 � 1.8 68.7 � 6.1 86.9 � 5.0

on the logistic regression coef�cients in NLP2 in Figure 4�2, notes containing the dementia-

related keyword (DEM) in the of�ce visit (OFFICE) are the most important predictor in

all three tasks. Interestingly, notes containing the activity of daily living (ADL) keyword

in of�ce visit predicts normal cognition in Task II, in contrast to predicting dementia in

Task I. This is aligned with the fact that only in the advanced stage of dementia, do patients

become unable to complete basic daily life activities [120]. Additionally, notes from surgery

encounters are important in Task II but not in the other two tasks.

In this chapter, we implemented a well-established LLM - USE on physician notes
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(a)Task I.

(b)Task II.

(c)Task III.

Figure 4�2: Logistic regression coef�cients of the NLP2 method, indicating the relative
predictive importance of the features in each task. The �rst three letters stand for the
keyword type and the rest determine the encounter type according to the abbreviated names
in Table 4.2.
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from the EHR dataset. Our classi�cation model demonstrated strong predictive power

in making predictions between different cognitive stages. In addition, we utilized two

sampling methods for each classi�cation - random sampling and encounter-based sampling

� and both methods showed signi�cant improvement in performance than in the baseline

models. Overall, this keyword-based sentence-level model solves a more complex problem

in detecting the stage of cognitive impairment that extends the work of our previously

developed binary model, which was based on BERT, to classify between patients with

normal cognition and those with cognitive impairment [116].

In particular, we built three different models that successfully predicted dementia-

related cognitive stages. These models include classifying between normal cognition and

dementia (AUC 97.8% in random sampling, AUC 93.6% in encounter-based sampling),

normal cognition and MCI (AUC 81% in random sampling, AUC 74.6% in encounter-

based sampling), as well as normal cognition and cognitive impairment (i.e., merged MCI

and dementia stages; AUC 92.4% in random sampling, AUC 85.4% in encounter-based

sampling). Noticeably, the model performance on the classi�cation of normal cognition vs.

MCI stages is lower than the other two classi�cations. This is expected because MCI is a

middle stage between normal cognition and dementia. Clinically, MCI shares more cognitive

symptoms with normal cognition than shared cognitive symptoms between dementia and

normal cognition, which makes the early detection of dementia a challenge. Computationally,

the baseline performance in the normal cognition vs. MCI model (AUC 67.8%) is also

worse than that in the normal cognition vs. dementia model (AUC 91.9%) and the normal

cognition vs. cognitive impairment model (AUC 78.8%). The high predictive power of our

normal cognition vs. MCI model shows the potential to be utilized as a pre-screening tool

for the early detection of dementia on large-scale EHR data. Further, our normal cognition

vs. cognitive impairment model could be integrated as a part of the screening protocol for

detecting cognitive impairment in general.
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Additionally, the model based on random sampling showed better performance than

the encounter-based model across all model predictions, which could be adapted if users

prioritize high prediction power. In contrast, the encounter-based model brings better

explainability and could be more suitable if users want to �ne-tune the model for predictions

on a particular encounter type or understand if an encounter type that relates to any particular

keywords has more information related to dementia.



Chapter 5

Forecasting Alzheimer’s Disease Progression
Within a Period of 6 Years

5.1 Introduction

Individuals with MCI are at higher risk of developing AD with a 3�15% conversion rate of

MCI to AD every year [121, 122]. Therefore, accurately predicting the progression of MCI

to AD can assist physicians in making decisions regarding patient treatment, participation in

cognitive rehabilitation programs, and selection for clinical trials involving new drugs [120].

Moreover, during the early stages, lifestyle changes can potentially slow or prevent AD

development by modifying health risk factors such as diabetes, obesity, and hypertension,

which could delay neurodegeneration [123].

Researchers have explored computer-based approaches to predict the progression from

MCI to AD using NP tests [124, 125, 126, 127], primarily relying on handcrafted features

and the cognitive scores extracted from the NP tests by clinicians. However, these approaches

have not yet achieved full automation, limiting their potential as fully automated prediction

systems. In Chapter 3, we utilized NLP on the voice recordings from the FHS, proving

that NLP can accurately stage each individual across the whole dementia spectrum, and

demonstrating the great utility of NLP in dementia detection [102].

Our objective is to leverage NLP to develop a prognostic tool to predict the future

cognitive status of an individual. By leveraging transformer-based language models, we

open up new frontiers in AD research, leading to the development of automated screening
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tools. Speci�cally, we consider the classi�cation problem of determining whether individuals

with MCI will progress to AD dementia within a 6-year window. Predicting conversions

over a shorter period of time may be relatively easier, but has limited clinical utility [128].

Our proposed method employs a fully automated pipeline where it takes audio recordings

of the NP tests and outputs the likelihood of MCI subjects converting to AD within 6 years.

By leveraging transformer-based language models, we aim to capture semantic nuances

potentially missed by conventional scoring, enriching the assessment with comprehensive

text features. This underscores our plan for developing a cost-effective, automated tool

that surpasses traditional methods in detecting AD progression. Furthermore, the proposed

model will be compared to models that utilize other data such as traditional NP tests scores,

demographics, ApoE genotype, health risk factors, and the MMSE score.

5.2 Materials and Methods

5.2.1 Study participants & data

A cohort of 166 subjects with cognitive complaints were consecutively monitored by the

FHS [129]. The population of this cohort comprised of 59 males and 107 females, with a

median age of 81 years (range: 63 to 97 years). Each participant underwent an approximately

one-hour-long NP, during which their voice recordings were digitally collected. The cohort

for this study was derived from the group of participants analyzed in Section 3.2, and their

NP tests are similar to this study.

This group consists of individuals at various cognitive stages, including some who have

been diagnosed with MCI. Due to the increasing interest in AD and related clinical trials,

our analysis focused on predicting the progression of MCI participants to AD. Furthermore,

the NP test has limited utility in accurately predicting future cognitive decline in individuals

without MCI in a �xed time frame, as it typically lacks signi�cant signs or markers in these

cases. Therefore, we focused on MCI cases and identi�ed those who had either progressed
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to AD or remained MCI within 6 years, as determined by a dementia review. Figure 5�1

shows the number of patients transitioning to AD from MCI each year over this period. It

represents the distribution of transitions, indicating that a larger number of patients tend

to transition to AD earlier within the 6-year timeframe. This observation suggests that the

progression from MCI to AD is more likely to occur in the initial years following the MCI

diagnosis.

Figure 5�1: Number of MCI patients transitioning to AD annually over 6 years in this study.

In Chapter 3, we developed a tool to automatically transcribe voice recordings. Each

utterance was diarized (i.e., ascribed to a speaker: participant or examiner) and each

transcript was split into eight sub-tests according to Table 3.2. Using this developed tool,

the participants’ audio �les were automatically transcribed, and each sentence was labeled

based on the speci�c sub-test to which it belonged, such as WMS, WAIS, WAIS-R, BNT,

FAS, CDT, DEMO, or OTHER. Figure 5�2 is illustrating the automated pipeline to get such
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structured data from the raw voice recording.

Figure 5�2: Automated pipeline for converting raw speech into structured data.

5.2.2 Statistical analysis

In the cohort consisted of 166 patients with MCI, 90 patients progressed to AD dementia

(progressive MCI) and 76 remained MCI (stable MCI). AD dementia here is de�ned as

AD with stroke, AD without stroke, and mixed dementia (vascular + AD). Over a 6-year

follow-up period, the participants with MCI had a mean (s.d.) time to AD of 2.7 (1.5) years.

Table 5.1 presents the participant characteristics in each group, including report self-reported

gender, education status, age statistics, and six possible combinations of the three types of

the ApoE gene (E2/E3/E4) for both copies of the allele. The table provides information

on the numerical difference between stable MCI and progressive MCI cases with the same

characteristic, revealing that older women with lower education levels and those carrying one

or two copies of the ApoE E4 allele are more likely to progress to AD. This �nding aligns

with previous studies that highlight age as the most signi�cant risk factor for AD [130]. As
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individuals age, the prevalence of AD increases signi�cantly, with estimates of 19% for

those aged 75-84 and 30-35% for those over 85 years old [131]. Additionally, research

shows that individuals who inherit one copy of the ApoE E4 genotype have a higher risk

of developing AD, while those who inherit two copies have an even higher risk [132, 133].

Notably, in the progressive MCI group, females had an average age of 1.4 years older

than males, suggesting that females may be more prone to progression due to their longer

lifespan.

Table 5.1: Characteristics of patients who remain MCI or progress to AD within 6 years.

Characteristics stable MCI progressive MCI Difference
n = 76 n = 90

Age
63-75 29 8 -21
75-85 36 44 not signi�cant
85+ 11 38 27

Gender [mean age]
Female 44 [77.8] 63 [84.2] 19
Male 32 [77] 27 [82.8] not signi�cant

Education
High school grad or less 33 46 13
Some college or more 43 44 not signi�cant

ApoE
E44 1 6 5

E34 or E24 19 29 10
E22, E33, or E23 52 54 not signi�cant

5.2.3 Prediction procedure

As described in Section 3.3, we generate deep learning-based embedding vectors from either

an abbreviated version of a transcript or the content of one speci�c sub-test. This results in 8
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embedding vectors associated with each sub-test, as well as multiple embedding vectors from

the abbreviated versions of one transcript. We then train a logistic regression model on the

quantitative data associated with one sub-test content, resulting in 8 different trained models

and 8 scores for the sub-tests. However, the 8 scores representing the sub-tests undergo a

feature selection process using performance error analysis. The embeddings from multiple

shortened versions of each transcript are treated as independent input, and one logistic

regression model is trained on all of them, resulting in the generation of multiple scores for

one transcript. Although the abbreviated versions of a transcript are treated independently

during the embedding procedure, we take the average of the logistic regression scores

to create the transcript average score (TSA). Finally, we feed the TSA score along with

the selected sub-test scores into an ensemble logistic regression model to make the �nal

prediction of the likelihood of an individual with MCI converting to AD within 6 years.

Figure 5�3 illustrates the prediction process.

Figure 5�3: Automated pipeline for Alzheimer’s disease prediction from voice recordings.

5.2.4 Validation and performance metrics

The model was evaluated using a strati�ed k-fold cross-validation approach, splitting the

dataset into 10 folds. Within this framework, we also implemented an internal cross-
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validation within the training phase for dimensionality reduction and feature selection. This

nested cross-validation strategy ensures the test data remain unseen until the �nal testing

phase. We conducted the cross-validation three times, each with a distinct random seed, to

accurately calculate the average metrics and 95% con�dence intervals.

5.3 Results

Table 5.2 presents the average performance metrics of the logistic regression model,

including the 95% con�dence interval for each metric. The table is sorted in descending

order based on AUC, with the highest value listed �rst. The �rst row showcases the model’s

performance, incorporating text, demographics, ApoE, and health factors, achieving an

AUC of 78.5% and an F1 score of 79.9%, marking the highest effectiveness observed. The

subsequent two rows highlight models that leverage text features along with readily available

demographic data such as age, sex, and education, also demonstrating strong predictive

capabilities with an AUC and F1-socre of 77.8% and 79.4% for our NLP model using only

text features. The fourth row of the table reports the performance of adding ApoE data to the

model using demographic features, resulting in an AUC and F1-score of 71.7% and 75.7%.

In addition, we trained a model with only demographic features as input, yielding an AUC

of 68.8% as shown in row 6th.
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Table 5.2: Average performance metrics (over 30 runs) on a held-out test set of the �nal logistic regression models using different
features for MCI-to-AD progression in 6 years [134].

Features AUC % Accuracy % Sensitivity % Precision % Speci�city % F1-score %

Text, Demographics, 78.5 78.8 80.6 80.4 76.9 79.9

Apoe, and Health (74.6, 82.5) (75.6, 82.1) (75.9, 85.2) (76.8, 84.1) (72.2, 81.5) (74.6, 82.5)

text
77.8 78.2 81.1 78.9 75.0 79.4

(74.2, 81.3) (75.0, 81.4) (75.9, 86.3) (75.8, 81.9) (70.9, 79.1) (76.0, 82.7)

Text, Demographics
77.5 78.5 81.1 79.3 75.6 79.6

(73.8, 81.2) (75.4, 81.7) (75.8, 86.3) (76.1, 82.6) (71.4, 79.8) (76.1, 83.0)

Demographics, Apoe
71.7 74.4 77.8 77.1 70.6 75.7

(67.7, 75.6) (71.9, 76.9) (71.5, 84.1) (73.3, 80.9) (63.6, 77.6) (72.7, 78.7)

Traditional NP scores
71.3 74.7 77.2 77.2 71.9 75.5

(67.2, 75.5) (71.8, 77.6) (70.7, 83.7) (73.5, 80.8) (66.3, 77.5) (72.0, 79.0)

Demographics
68.8 70.6 70.6 74.9 70.6 71.1

(64.3, 73.3) (67.1, 74.1) (64.5, 76.6) (70.4, 79.4) (64.3, 77.0) (67.5, 74.8)

Health factors
66.2 71.2 75.0 73.2 66.9 72.5

(63.1, 71.2) (68.2, 74.1) (68.4, 81.6) (69.7, 76.7) (61.2, 72.5) (68.9, 76.1)

MMSE
60.7 62.9 66.7 65.2 58.8 64.9

(55.9, 65.4) (59.5, 64.4) (60.8, 72.6) (61.4, 69.0) (52.9, 64.6) (61.1, 68.8)
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We also assessed a logistic regression model based on traditional NP test scores,

including assessments like Logical Memory, Visual Reproductions, Paired Associate

Learning Immediate Recall, Similarity Test, Boston Naming Test, and Verbal Fluency

Test. The model’s performance, detailed in the 5th row, shows an AUC of 71.3% and an

F1-score of 75.5%, underscoring that our NLP model not only matches but exceeds the

predictive power of standard NP scores. Additionally, when using 4 health factors (blood

glucose, body mass index, presence of diabetes, and calculated low-density lipoprotein

(LDL)) as input to the logistic regression, the seventh row shows an AUC of 66.2% and F1

score of 72.5%. As MMSE evaluates cognitive problems with thinking, communication,

understanding, and memory, the model based on MMSE yielded an AUC of 60.7%. Other

combinations of different features had no performance improvement over the best models in

the �rst three rows of Table 5.2.

Furthermore, to select the 4 health factors used in the models reported in Table 5.2, we

�rst conducted correlation analysis using the Pearson method among 23 health factors. A

total of 9 variables were removed due to a strong positive correlation with the rest. The

remaining 14 features included blood glucose, body mass index (BMI), calculated low-

density lipoprotein (LDL) cholesterol, number of cigarettes smoked per day, creatinine,

history of diabetes, average diastolic blood pressure, height, history of hypertension, whether

or not treated for lipids, average systolic blood pressure, triglycerides, and ventricular rate

per minute. We then performed additional feature selection on the remaining 14 features

using performance error analysis. This involved training a logistic regression model with all

14 features, and then systematically removing one feature at a time from the training set and

evaluating the performance of the model each time. The features were then ranked based

on their relative performance error. As shown in Figure 5�4a, blood glucose emerged as

the most important feature with the highest error among other health factors, and the rest

of the parameters were sorted based on their decreasing performance error in a clockwise
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order on the radar chart. Given these �ndings, we determined that using only the 4 most

important variables from the health factors yielded the best performance outcome, according

to Figure 5�4b.

Based on the con�dence intervals detailed in Table 5.2, the performance metrics of the

�rst three rows, which utilize the text feature set, distinguish them signi�cantly from other

models presented in the table. While there may be some overlap in con�dence intervals

between models using text features and baseline models, statistical analysis, such as the

paired t-test, validates that the AUC for models employing text features is signi�cantly

improved, underscoring the ef�cacy of our NLP approach in enhancing predictive accuracy.

Figure 5�5 displays the coef�cients of our logistic regression model using the text features

and the demographics model output. The results have been adjusted for continuous variables

through z-score normalization (by subtracting the mean and dividing by the standard

deviation), making the coef�cients comparable. This �gure represents the distribution of

logistic regression coef�cients for different features, highlighting their relative importance

in the model’s predictive process. By comparing the interquartile ranges and medians of

coef�cients for TAS and selected sub-tests against the demographic features, we can observe

a difference in their contributions. A higher median value for TAS and sub-tests implies

these variables have a stronger predictive value, underscoring their role over demographic

factors in in�uencing the model’s prediction.

5.4 Discussion

Speech during cognitive exams has been identi�ed as a promising biomarker that strongly

correlates with underlying cognitive dysfunction. The current study aimed to automatically

predict the progression to AD using NLP and machine learning techniques applied to

speech data. The proposed method predicted the participant’s progression to AD with an

accuracy of 78.2% and a sensitivity of 81.1% in the held-out test data, demonstrating strong
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predictive power over a 6-year span. However, the speci�city of predicting whether an

individual with MCI will progress to AD within 6 years was moderate, at 75%. To reduce

the costs associated with recruiting subjects for clinical trials, it is important to improve

the speci�city. Nevertheless, the relatively high sensitivity of our prediction tool makes it

clinically applicable and potentially bene�cial for eventual neuroprotective therapies [135].

Importantly, our method only utilizes features derived from speech data in an automated

manner, along with easily obtainable variables such as age, gender, and education level.

The proposed method offers a non-invasive, accessible, and easy-to-administer AI-based

predictive approach because it does not require data involving laboratory tests, genetic

tests, or imaging exams. This makes it a promising candidate for integration into remote

assessment technologies [136]. A major strength of this study is its utilization of semantic

features extracted from the structured text data. This approach allows for the potential

transferability of the entire pipeline to other languages, leveraging the availability of

transcription tools that can transcribe from any language to English, and/or powerful NLP

models in different languages [103, 104]. As a computer-aided decision-making tool, our

method has the potential to mitigate inter-clinician variability in selecting candidates for

clinical trials and drug tests, enhancing the consistency and reliability of participant selection

processes [137].

The Results section indicates that adding demographic features to text features does not

enhance the model’s ability to predict the progression from MCI to AD. This contrasts with

previous assumptions about the predictive power of age and other demographics in relation

to degenerative diseases over extended periods. Even though there are signi�cant differences

in demographics between stable and progressive MCI groups, the use of text features alone

outperforms the use of demographic features. This underscores the strong predictive strength

of the engineered text features. Moreover, upon evaluating the performance of the logistic

regression model using the traditional NP scores, we observed an AUC of 71.3%. This result
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indicates that our approach outperforms conventional NP scoring methods in this study.

Furthermore, when we compared our model with a well-established cognitive assessment

score such as the MMSE score, text features demonstrated higher predictive power. In

addition, compared with other works that used only non-invasive features [123, 138], our

model’s F1-score of 79.4% is higher. For instance, the authors in one paper [123] predicted

AD transition within 9 years based on NP scores provided by specialized clinicians, achieving

an F1-score of 70.8%, whereas M. Grassi et al. achieved an F1-score of 72.7% using socio-

demographic characteristics, clinical information, and NP scores [138]. These methods still

require highly specialized personnel to generate the NP scores while our method is fully

automated, making Alzheimer’s prediction accessible to all.

As depicted in Figure 5, our analysis revealed that sub-tests related to demographic

questions (DEMO), Boston Naming Test (BNT), similarity tests (OTHER), and Wechsler

Adult Intelligence Scale (WAIS) emerged as the top features driving the performance of

our model. These sections of each transcript are key predictors for identifying the future

incidence of AD. Thus, our approach facilitates the identi�cation of sub-tests that provide

more informative insights for predicting the future incident of AD. This �nding underscores

the potential bene�t of employing a more structured interview to better capture the language

de�cits that may underlie cognitive decline. Additionally, after conducting a performance

error analysis on 14 health risk factors, we found that variables such as blood glucose, BMI,

diabetes, and calculated LDL were useful in predicting the development of Alzheimer’s

disease. In conclusion, our study demonstrates the potential of using automatic speech

recognition and NLP techniques to develop a prediction tool for identifying individuals

with MCI who are at risk of developing AD. Our method achieved high accuracy and

outperformed other non-invasive approaches. However, further prospective studies with

larger populations are necessary to validate the generalizability of our models. Additionally,

it is important to standardize the de�nition of MCI across different locations to enable
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better comparison of results. With continued development and re�nement, our approach

may contribute to early intervention and selection in clinical trials for novel AD treatments,

ultimately improving patient outcomes.
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(a)

(b)

Figure 5�4: Performance error analysis for health factors. (a) performance error (1-AUC)
after removing each feature at a time. (b) results of AUC for an arbitrary number of most
important features.
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Figure 5�5: Logistic regression coef�cients of the features used for the MCI-to-AD
prediction.



Chapter 6

The Effectiveness of Smartphone-Based
Assessments in Identifying Cognitive Decline

6.1 Introduction

Traditional NP assessments, while highly sensitive and accurate in identifying individuals

with ADRD at various stages, come with several practical limitations. These comprehensive

assessments typically require a trained administrator, and the need for in-person visits to

specialized centers can be a signi�cant barrier, particularly for those in geographically

isolated or resource-limited settings [139, 140].

In contrast, digital technologies, especially smartphone-based cognitive assessments,

have emerged as a promising alternative, offering a range of advantages including feasibility,

accessibility, and scalability [141]. With the widespread adoption of smartphones globally,

these digital tools have the potential to overcome many of the logistical and systemic barriers

associated with traditional cognitive assessments [142, 143]. Smartphone-based assessments

enable in-home data collection, making it possible to conduct frequent, real-time monitoring

of cognitive function without the need for clinical visits. Additionally, a smartphone-based

study enables the collection of speech data using embedded voice recorders, allowing for

the application of NLP techniques to analyze this data.

Despite these advantages, the validity and reliability of smartphone-based cognitive

assessments compared to traditional methods remain an area of active investigation [144,

145]. This chapter aims to explore the predictive power of smartphone-based cognitive

78
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assessments in detecting cognitive decline, focusing on their potential to provide an

accessible and scalable solution for early dementia detection.

6.2 Materials and Methods

6.2.1 Study participants

The study participants were drawn from Gen 2 and Gen 3 cohorts of the FHS. The inclusion

criteria for participation in the smartphone-based cognitive assessment were as follows:

participants had to own a smartphone, be pro�cient in spoken English, and have access to a

stable WiFi connection. These criteria ensured that participants could comfortably use the

smartphone application designed for cognitive testing and that data transmission would be

consistent and reliable [145].

A total of 537 participants were enrolled in the study. The overall sample had a mean

age of 66.6 years (SD = 7.0), and 58.47% of the participants were female. The Gen 3

cohort, consisting of 455 participants, had a mean age of 60.8 years (SD = 8.2), with 59.12%

identifying as female. In contrast, the Gen 2 cohort included 82 participants with a higher

mean age of 74.2 years (SD = 5.8), of whom 54.88% were female. This distribution indicates

that the majority of participants in this study are from the younger Gen 3 cohort, who are

generally less likely to experience cognitive decline compared to the older Gen 2 cohort.

6.2.2 Cognitive Status

Given the absence of cognitive status labels for participants in the smartphone assessment

cohort, we utilized a predictive model using traditional NP scores to infer cognitive status.

We developed a predictive model to differentiate participants with cognitive impairment

from those with normal cognition based on NP test scores, including Logical Memory,

Visual Reproductions, Paired Associate Learning Immediate Recall, Similarity Test, Boston

Naming Test, and Verbal Fluency scores. The dataset included 1,103 participants from
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the FHS, of which 540 participants were classi�ed as normal, and 563 exhibited cognitive

impairments (MCI or mild dementia). To build the inference model, we implemented feature

selection and hyperparameter tuning to optimize the model’s performance. The inference

model incorporated 15 distinct NP scores from each participant and employed a logistic

regression model, achieving an AUC of 90%.

Out of the 537 participants, 335 completed both the smartphone-based cognitive

assessment and a NP exam within a year of their baseline smartphone test date. After

excluding participants who had incomplete data or insuf�cient information, the remaining

sample comprised 243 participants, ranging in age from 38 to 86 years (mean age = 65, SD

= 8.5). Within this subgroup, 229 participants were classi�ed as cognitively normal, and 14

were classi�ed as cognitively impaired based on the inference model’s predictions serving as

ground truth labels. Given the relatively small number of cognitively impaired participants,

additional smartphone test instances, beyond their baseline assessments, were included

to increase the number of samples in this group. This approach increased the number of

samples in the cognitively impaired class to 37, resulting in a total of 266 samples used in

the �nal analysis. This augmentation was crucial for balancing the dataset and enhancing

the statistical power of the predictive models applied in our analyses.

For the cognitively normal group, the mean age was 64.3 years (SD = 8.4), with 57.6%

female participants. In contrast, the cognitively impaired group had a mean age of 70.4 years

(SD = 7.5), with 35.7% female participants. A summary of the participants’ demographics

can be found in Table 6.1

6.2.3 Voice Data

The smartphone-based cognitive assessment involved participants performing four distinct

cognitive tasks, with voice recordings collected for each task. These tasks were transcribed

using Whisper. Whisper is a general-purpose speech recognition model. It is trained on a

large dataset of diverse audio and is also a multitasking model that can perform multilingual
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Table 6.1: Characteristics of the smartphone-based cognitive test participants.

Cohort/Group N Mean Age � SD (years) Female (%)

Smartphone Participants (No Cognitive Status Available)

Total 537 66.6 � 7.0 58.6

Gen 3 Cohort 455 60.8 � 8.2 59.1

Gen 2 Cohort 82 74.2 � 5.8 54.9

Participants with Both Smartphone and NP Scores

Total 243 65.0 � 8.5 56.3

Normal Cognition 229 64.3 � 8.4 57.6

Cognitive Impairment 14 70.4 � 7.5 35.7

speech recognition, speech translation, and language identi�cation [146]. The cognitive

tasks in the smartphone-based assessment includes:

Category Naming: Participants were asked to name as many animals as possible within

one minute, assessing verbal �uency and executive function. Example transcript: "Dog, cat,

squirrel, bunny rabbit, chipmunk, horse, cow, pig, chickens, llamas, buffalo, cattle, obviously

I said that, cats, gerbils, chipmunks, I already said chipmunks..."

Open Questions: Participants responded to open-ended questions to evaluate

spontaneous speech and thought processes. Example transcript: "Usually what I do during

the day is... Season is summer � It’s been very hot and sunny and dry..."

Picture Description: Participants described a picture shown to them, assessing

descriptive language skills and memory recall. Example transcript: "I see a group of

people at a farm. There’s a man on a tractor pulling a trailer with some people watching.

There are two children patting a goat. There’s a man and probably his son, a man with his

arm around the son, looking at the barn..."

Picture Description Recall: After a delay, participants were asked to recall and describe

the picture, testing short-term memory and recall ability. Example transcript: "I saw a farm
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scene. There was a man driving a tractor, pulling a trailer. Some people watching the tractor.

There was a father and looked like a father and son, father with his arm around the son’s

shoulders looking at the barn..."

6.2.4 Feature Extraction

The feature extraction process focuses on capturing meaningful linguistic and semantic

information from the text data generated during the smartphone-based cognitive assessment

tasks. We leveraged both traditional text analysis techniques and advanced machine learning

methods to derive a comprehensive set of features from the entire text dataset.

Our feature extraction strategy consisted of calculating both total and unique word count

to gauge verbal output and diversity and Term Frequency-Inverse Document Frequency

(TF-IDF) to identify the importance of speci�c words in the context of cognitive assessment

tasks. These measures help identify words that are particularly informative in the context of

cognitive assessment, as frequently used words across all participants may hold different

weights in terms of cognitive signi�cance. The TF-IDF values can be calculated as follows:

TF-IDF(t;d) = TF(t;d)� IDF(t)

TF(t;d) =
ft;d

åt 02d ft 0;d
; IDF(t) = log

�
N

jfd 2 D : t 2 dgj

� (6.1)

where ft;d is the number of times term t appears in document d. åt 02d ft 0;d is the total number

of terms in document d. N the total number of documents in the corpus. jfd 2 D : t 2 dgj

is the number of documents in the corpus that contain term t. This value is used in the

denominator to reduce the weight of terms that appear in many documents, re�ecting their

lower discriminatory power.

To capture deeper semantic information from the text, we employed the all-mpnet-base-

v2 embedding model from the Sentence-BERT (SBERT) family for semantic encoding.

SBERT transforms each text section into a 768-dimensional vector [147]. This vector
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representation encapsulates the semantic essence of the text, providing a dense and

informative encoding that re�ects the underlying cognitive processes expressed in language.

Using SBERT allows the model to leverage subtle semantic patterns that might be indicative

of cognitive decline.

6.2.5 Classi�cation Methods

The predictive procedure involved several key steps to classify participants as cognitively

normal or impaired based on the extracted features. First, we applied logistic regression-

based RFE (as in [100]) to reduce the dimensionality of the feature set, focusing on the most

informative features. Next, we generated composite scores for each text section, integrating

both traditional text analysis features and semantic embeddings. We then developed an

ensemble model that combined these scores. Finally, we evaluated multiple classi�ers

�logistic regression, random forest, and XGBoost� to identify the most effective model,

using 5-folds cross-validation. Additionally, the �nal model performance in detecting

cognitive impairment from smartphone-based assessments was evaluated using other features

such as age, gender, and educations.

6.3 Results

Table 6.2 and Table 6.3 present the average performance metrics of the logistic regression

model, as it is selected as the best model in the validation process. Both tables are sorted in

descending order based on weighted F1-score (W-F1), with the highest value listed �rst. In

Table 6.2, the highest performing model utilized a combination of text features derived from

both TF-IDF and sentence embeddings, along with age from the demographic features. This

model achieved the best overall performance, with an F1-score of 90.6% and precision of

69.2%. The full model, which included all features�text (TF-IDF and embeddings), age,

sex, and education�performed similarly with an F1-score of 90.6% but a slightly lower
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precision of 68.0%. This result suggests that while the inclusion of sex and education did

not signi�cantly degrade performance, they also did not add much beyond the contribution

of text and age. When relying solely on text features, the model achieved a strong F1-score

of 88.5%, though the precision dropped to 58.3%. The relatively high F1-score highlights

the importance of language patterns in distinguishing cognitive status, even in the absence of

demographic data. Using only age features, the model achieved a lower F1-score of 84.7%

with a precision of 39.3%, while the model using only demographic features (age, sex, and

education) had the lowest performance, with an F1-score of 81.7% and precision of 30.0%.

Despite a high sensitivity, the low precision and F1-score highlight that these demographic

factors alone are not strong predictors of cognitive impairment. This �nding underscores the

importance of text-based features in identifying cognitive decline.

Table 6.2: Average performance metrics for various features on a held-out test set comprising
242 healthy individuals and 37 cognitively impaired participants.

Features AUC % Accuracy % Sensitivity % Speci�city % Precision % W-F1 %

Age + Text 87.6 88.6 76.4 92.5 69.2 90.6

Full Model 87.4 88.6 76.4 92.5 68.0 90.6

Text 82.8 85.4 80.8 88.2 58.3 88.5

Age 84.5 81.6 91.8 80.3 39.3 84.7

Demographics 79.9 77.7 94.7 75.5 30.0 81.7

Table 6.3 focuses on participants aged 60 and above, where cognitive decline is more

prevalent. In this subset, the model using text features alone provided the highest F1-score

of 93.5% and precision of 90.5%, indicating that language use alone is highly effective in

identifying cognitive impairment in older adults. The full model for participants over 60

performed similarly to the text-only model, achieving a slightly lower F1-score (93.1%)

but with a higher AUC (90.5%), suggesting a better overall performance in distinguishing

cognitive impairment. The model combining age and text features performed similarly,

with an F1-score of 93.1% and precision of 87.1%, suggesting that while age enhances
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performance, text features remain the primary driver of accurate classi�cation in this

population. Using only demographic features resulted in a signi�cant drop in performance.

The AUC (70.1%) was much lower, indicating poor discriminative ability, while the

precision (41.9%) and F1-score (78.2%) were the lowest across all rows. This suggests

that demographic information alone is not a strong predictor for cognitive impairment in

participants over 60. The performance of the model using age alone was the weakest in this

subset. In the last row, the AUC (48.0%) was below random guessing, and the F1-score

(60.0%) was very low, highlighting that age alone is insuf�cient for predicting cognitive

impairment in an aging population.

Table 6.3: Average performance metrics on a held-out test set for participants older than 60
years comprising 175 healthy individuals and 34 cognitively impaired.

Features AUC % Accuracy % Sensitivity % Speci�city % Precision % W-F1 %

Text 87.6 93.7 76.8 98.1 90.5 93.5

Full Model 90.5 93.1 76.8 97.5 87.1 93.1

Age + Text 88.8 93.1 76.8 97.5 87.1 93.1

Demographics 70.1 75.3 74.7 75.6 41.9 78.2

Age 48.0 55.7 67.8 53.2 26.4 60.0

6.4 Discussion

Smartphone-based cognitive assessments have great potential as scalable and accessible

screening tools for early detection of cognitive impairment, provided their predictive

accuracy can be established. This chapter explored the utility of smartphone-based

tests in identifying early stages of cognitive impairment (MCI or mild dementia). Our

approach focused on leveraging text features derived from voice recordings during cognitive

tests conducted through smartphone assessments, particularly embedding features from

transformer-based language models.

The proposed method, combining text features and age, demonstrated strong predictive
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power, achieving an accuracy of 88.6% and an F1-score of 90.6% on the held-out test dataset.

When the dataset was restricted to participants aged 60 and older, the model’s performance

further improved, yielding an accuracy of 93.1% and an F1-score of 93.1%, underscoring

the effectiveness of our approach in this higher-risk population. Notably, in Table 6.3, there

is a signi�cant improvement in precision, reaching 87.1%, representing a 17% increase

without sacri�cing recall or speci�city compared to Table 6.2. This analysis demonstrates

the potential for turning smartphone-based cognitive assessments into reliable and scalable

screening tools for cognitive impairment.

A key advantage of our proposed method is its automated pipeline, which relies solely

on features derived from voice recordings alongside easily accessible variables like age.

This structure facilitates remote assessment technologies, which are particularly valuable

in less well-resourced areas. Additionally, as our approach utilizes the transcripts of voice

recordings, it opens the door for cross-linguistic application. By leveraging transcription

tools capable of transcribing any language into English, or employing powerful NLP models

in different languages, this pipeline could be adapted to various languages. The embedding

model we used, from the SBERT family, has variants available in over 50 languages [148],

suggesting that our method, if integrated into smartphone-based cognitive assessments,

could serve as an effective screening tool in diverse regions, reducing disparities in access to

healthcare services.

The inclusion of text features from both traditional and advanced language models

offered a comprehensive approach to detecting cognitive impairment. The high F1-

scores indicate that these text features signi�cantly improved the model’s ability to detect

impairment while minimizing false positives. When comparing the performance of the

text-only model with the age-only model across both Table 6.2 and Table 6.3, the text-only

model consistently outperformed the age-only model in terms of F1-score and precision,

both in the general and older populations. The text-based model, through its capture of
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subtle language patterns, proved particularly effective in detecting cognitive impairment in

older adults, where it achieved signi�cantly higher precision and F1-scores. In contrast, the

age-only model showed relatively poor precision and a much lower F1-score, highlighting

that while age is a signi�cant predictor of cognitive impairment, it is insuf�cient on its own

for accurate classi�cation

Our classi�cation model demonstrated excellent performance in differentiating early-

stage cognitive impairment from normal cognition, achieving an accuracy of 93.7% and a

weighted F1-score of 93.5%. However, several limitations must be acknowledged. First,

the cognitive impairment labels used were not gold-standard clinical diagnoses but rather

derived from traditional NP scores. This raises the need for further validation of our

approach on datasets with de�nitive clinical labels. Second, the model’s performance was

only compared with simple baseline models, and future comparisons with other established

assessment methods, such as the MMSE score, could provide deeper insights into the

ef�cacy of our proposed method. Moreover, language models, including those used in this

study, may inadvertently re�ect biases by exploiting super�cial features such as text length,

which should be carefully considered in diagnostic tools. Additionally, cultural biases and

downstream errors must be controlled when deploying this pipeline in regions with different

dialects or cultural contexts. Addressing these limitations is critical for ensuring that the

model’s predictions are both accurate and equitable across diverse populations.
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Chapter 7

Conclusions

7.1 Summary

This dissertation has presented novel approaches to the diagnosis and prognosis of cognitive

decline, revolutionizing the dementia detection process. Through the utilization of deep

learning-based methods, we have successfully analyzed diverse data modalities, including

images from the CDT, speech from voice recordings, physician notes from electronic health

records, and a smartphone-based cognitive assessment. The results have shown promising

accuracy and potential for improving the accuracy and ef�ciency of MCI, AD, and dementia

detection, paving the way for the creation of accessible automated screening tools.

Motivated by the effectiveness of the CDT as a cognitive assessment tool, Chapter 2

presents the development of a diagnostic tool leveraging AI. Using data from the FHS, the

method employs transfer learning and a modi�ed CNN pre-trained on ImageNet to extract

features from the CDT images. These features, combined with demographic information,

were integrated into a logistic regression model to classify individuals as cognitively normal

or impaired. The results demonstrate strong predictive power, with the CNN-based model

on command CDT images yielding an AUC of 0.81, and the logistic regression model,

incorporating age and CDT scores, achieving an AUC of 0.92 and an F1-score of 0.94. This

method is a cost-effective and accurate screening tool for diagnosing dementia remotely,

using only a smartphone to capture pen-and-paper CDT images.

Chapter 3 focuses on the development of an automated screening tool for detecting

dementia and MCI using digital voice recordings from NP assessments. Recognizing the



89

need for reliable, easy-to-administer cognitive screening tools, this project leverages NLP to

transcribe and analyze voice recordings of NP tests. The transcriptions were categorized into

eight cognitive sub-tests, including memory, naming, and verbal �uency. Transformer-based

language models were applied to encode these transcriptions into quantitative data, which,

along with demographic variables such as age, sex, and ApoE gene status, were used to

train and test models for three classi�cation tasks: distinguishing normal cognition from

dementia, normal/MCI from dementia, and normal from MCI. The models were evaluated

using data from the FHS, achieving strong performance, with AUC scores of 92.6%, 88.0%,

and 74.4% for the respective tasks. This approach offers a fully automated, scalable solution

for cognitive screening, adaptable to different languages and environments.

Chapter 4 addresses the need for scalable and reliable methods to detect cognitive

impairment by NLP techniques to analyze clinical notes from EHR. The study used clinical

notes from MGB over a two-year period and employed two innovative NLP methods

based on the Universal Sentence Encoder (USE): Random Sampling and Encounter-based

Sampling. These methods extracted relevant sentences related to dementia and activities

of daily living, generating embeddings that were used for three binary classi�cation tasks:

distinguishing normal cognition, MCI, and dementia. The results demonstrated high

predictive performance, with the Random Sampling method achieving an AUC of 97.8%

for distinguishing normal cognition from dementia. The study’s approach signi�cantly

outperformed baseline models, underscoring the potential for NLP to enhance dementia

screening in healthcare settings for analyzing vast amounts of clinical data.

Chapter 5 builds upon the automated transcription and diarization tools developed earlier

in Chapter 3 to predict the progression of MCI to AD in 6 years using speech data and

machine learning. By processing voice recordings from NP assessments and generating

deep learning-based embeddings from multiple cognitive sub-tests, the model demonstrated

promising predictive capabilities. A model using only speech features, without the need for
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complex clinical or genetic data, achieved an accuracy of 78.2% and sensitivity of 81.1%.

The approach, which integrates speech features with demographic, offers a non-invasive

and scalable tool for AD screening. Importantly, this method has the potential to facilitate

early identi�cation of individuals at risk for AD, which is critical for clinical trials and drug

discovery.

Chapter 6 focuses on developing a smartphone-based cognitive assessment tool to detect

early stages of cognitive impairment, such as MCI and dementia. The method utilizes voice

recordings from cognitive tests conducted through a smartphone, extracting text features

using NLP techniques, including transformer-based language models. Combined with age

data, the model demonstrated strong predictive performance, achieving an accuracy of 88.6%

and an F1-score of 90.6% in identifying cognitive impairment. The results showed that

this approach offers a scalable, non-invasive, and cost-effective solution for early dementia

detection, with particular effectiveness in participants aged 60 and older. This method holds

great promise for remote assessments, providing an accessible tool for early screening and

potential integration into healthcare systems for widespread use.

7.2 Limitations

Each study in this dissertation presents unique insights into dementia detection and

prediction. However, there are limitations that must be acknowledged to ensure the results

are interpreted with appropriate caution.

In Chapter 2, a signi�cant limitation is the lack of access to actual cell phone-captured

images, which would offer the ultimate validation for our proposed screening approach.

Instead, we relied on standardized images that may not fully capture the variability present

in real-world scenarios. Additionally, the FHS does not conduct comprehensive dementia

reviews on younger participants or those who do not exhibit severe dementia symptoms.

As a result, it is possible that some individuals classi�ed as cognitively normal may be in
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the early stages of dementia, potentially skewing the dataset toward a higher proportion of

participants with normal cognition.

Although we observed excellent performance with manual transcriptions and

encouraging results with automated transcriptions in Chapter 3, further validation of our

method is needed across diverse cohorts to ensure generalizability. Additionally, while

our results were promising for English-language NP tests, the approach needs to be tested

in other languages to assess its global applicability. For Alzheimer’s disease progression

prediction, larger prospective studies are needed to validate our models across diverse

populations. Inconsistencies in the de�nition of MCI across various regions pose challenges

for comparing outcomes between different studies. Establishing standardized diagnostic

criteria for MCI would help improve the consistency and comparability of results in future

research.

Finally in Chapter 6, the cognitive impairment labels were derived from traditional

NP scores rather than gold-standard clinical diagnoses, necessitating further validation

on datasets with de�nitive clinical labels. Additionally, the models were only compared

against simple baselines, so future research should benchmark the results against established

cognitive assessments like the MMSE. Moreover, there is the potential for bias in language

models, which may exploit super�cial features like text length. These biases, alongside

cultural biases and downstream errors, must be carefully considered to ensure equitable and

accurate predictions across different populations, especially when the model is deployed in

regions with different dialects or cultural contexts.

7.3 Future Work

Future research could further validate the models developed in this thesis and expand their

applications to other healthcare domains. While this dissertation has made signi�cant

contributions to cognitive impairment assessment, several promising directions remain
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for future investigation. First, further exploration of advanced deep learning models

and algorithms could improve the detection of early dementia stages. The integration

of multimodal data�such as combining voice recordings with imaging�could provide a

more holistic approach to dementia detection.

In addition, deploying and evaluating these models on external datasets is essential

to assess their scalability and robustness. Longitudinal studies with larger, more diverse

cohorts would enhance our understanding of the models’ generalizability. It is also critical

to validate the prediction of MCI-to-AD progression on datasets with gold-standard clinical

diagnoses, as the cognitive impairment labels used in this work were not de�nitive clinical

labels.

Privacy concerns, interpretability, and fairness must also be addressed in future research

to ensure that these models are trusted and adopted in real-world applications. Ensuring

that these models are transparent and equitable will be vital for their public acceptance.

Moreover, exploring adaptive models that can evolve and improve over time with new data

would ensure that predictions remain accurate and relevant in clinical settings.

By addressing these key areas�deep learning enhancements, multimodal integration,

external validation, and ethical considerations�future work can continue advancing

predictive modeling in healthcare, ultimately leading to improved patient outcomes and

more informed clinical decision-making.
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