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Abstract. Alzheimer’s disease is one of the leading causes of death in the world. Alzhei-
mer’s is typically diagnosed through expensive imaging methods, such as positron emis-
sion tomography (PET) scan and magnetic resonance imaging (MRI), as well as invasive
methods, such as cerebrospinal fluid analysis. In this study, we develop an interpretable
hierarchical deep learning model to detect the presence of Alzheimer’s disease from tran-
scripts of interviews of individuals who were asked to describe a picture. Our deep recur-
rent neural network employs a novel three-level hierarchical attention over self-attention
(AoS3) mechanism to model the temporal dependencies of longitudinal data. We demon-
strate the interpretability of the model with the importance score of words, sentences, and
transcripts extracted from our AoS3 model. Numerical results demonstrate that our deep
learning model can detect Alzheimer’s disease from the transcripts of patient interviews
with 96% accuracy when tested on the DementiaBank data set. Our interpretable neural
network model can help diagnose Alzheimer’s disease in a noninvasive and affordable

manner, improve patient outcomes, and result in cost containment.

History: Rema Padman served as the senior editor for this article.
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capsule/2881658 /tree/v1 and in the e-Companion to this article (available at https://doi.org/10.1287/
ijds.2020.0005). The study involves secondary use of already-collected data. None of the authors were
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1. Introduction

Alzheimer’s disease (AD) is a progressive neurodegener-
ative disorder in which cognitive abilities (including
memory and language) and executive function deterio-
rate gradually. AD has been known in the past century
as the primary cause of dementia consequently leading
to death (Katzman 1976). Alzheimer’s disease is the sixth
leading cause of death in the United States. AD is typi-
cally diagnosed through extensive tests and cognitive
tools (Williams et al. 2013). To diagnose AD, imaging
methods, such as positron emission tomography (PET)
scan and magnetic resonance imaging (MRI), and inva-
sive methods, such as cerebrospinal fluid analysis, are
employed. The degeneration of brain cells can be
reflected in a variety of ways in brain scans. However, a
diagnosis of AD based only on these scans can lead to
mistakes (both false positives and false negatives)
because it is often not straightforward to distinguish nor-
mal age-related changes in the brain from the abnormal
AD-related ones. Therefore, there is an immediate need
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for more accurate and reliable diagnostic methods to
improve patient outcomes (Laske et al. 2015).

Attempts to develop neuropsychological tests using a
series of cognitive tests containing a set of questions and
images have been made to detect the early signs of AD
with various accuracy levels (Mortamais et al. 2017).
These screening tools, such as the Mini-Mental State
Examination (MMSE) and the Montreal Cognitive
Assessment (MoCA), consist of questions and cognitive
examinations to assess cognitive abilities of patients.
However, the quality of the assessment is highly depen-
dent on the physicians’ experience and their ability to
distinguish between different categories of the disease
(Damian et al. 2011). Sometimes physicians need to com-
bine MMSE with other cognitive tests, which makes it
cumbersome and complicated to diagnose AD (Mitchell
2009). The National Institute on Aging at the National
Institutes of Health (NIH) and the Alzheimer’s Associa-
tion have both called for better approaches to diagnose
AD in a noninvasive way (Albert et al. 2011). Although
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there is no cure currently available for AD, treatments
are available (e.g., cholinesterase inhibitors) that can ame-
liorate some symptoms of the disease and lead to im-
provement in cognition, neuropsychiatric symptoms, and
activities of daily living (Birks 2006). Also, early detection
of Alzheimer’s disease, even partially, is projected to
result in a substantial $7 trillion cost savings compared
with the status quo (Alzheimer’s Association 2018).

Artificial intelligence (Al) has shown promising poten-
tial, as a novel tool, for early diagnosis of Alzheimer’s dis-
ease (Subasi 2020, El-Sappagh et al. 2021, Logan et al.
2021). Natural language processing (NLP) involves ana-
lyzing the transcript of an individual’s speech to identify
subtle clues that may indicate the early stages of AD
(Sev¢ik and Rusko 2022, Yang et al. 2022). In addition, Al
algorithms have been used to analyze brain images for
changes indicative of AD, such as those seen with struc-
tural magnetic resonance imaging (Saleem et al. 2022).
The use of Al in AD diagnosis has the potential to im-
prove accuracy and efficiency, leading to earlier treatment
and potentially improved patient outcomes (Fabrizio et al.
2021).

Hence, automatic mathematical tools and algorithms
that can detect AD early and accurately are extremely
valuable.

It is worth noting that speech is a valuable source of
clinical information, which can be an indicator of cogni-
tive status. The nerve cells that control cognitive ability
and speech processing gradually deteriorate in indivi-
duals with AD. Thus, the linguistic deficit captured by
verbal utterances can be an indicator of Alzheimer’s dis-
ease (Fraser et al. 2016). Lately, Al methods have been
proposed to detect AD by combining signal processing,
machine learning, and NLP, which employ either
recorded narrative speech (Lopez-de Ipifa et al. 2012) or
recorded scene descriptions (Fraser et al. 2016). How-
ever, they lack interpretability, which makes them not
suitable for integration into everyday practice.

In this study, we combine NLP and hierarchical deep
learning to detect the presence of Alzheimer’s disease
based on longitudinal patient interview data, from
patients who were asked to describe a Cookie-Theft pic-
ture (Figure 1). We propose a three-level hierarchical
recurrent neural network (RNN) with a unique attention
over self-attention (AoS3) mechanism to develop a pow-
erful and interpretable model that can explain the most
important lexical memory-related patterns without the
need for any feature engineering. The interpretability of
a “black-box” deep learning model is critical for several
reasons (Olden and Jackson 2002). First, it can help build
trust and confidence in clinicians who use the model in
their daily practice, thus making model outputs more
actionable. Second, interpretable outputs can be easily
explained to patients, making physician-patient interac-
tions easier. Third, in the case of detecting AD, inter-
pretability of model outputs can shed light on subtle

Figure 1. The Boston Cookie-Theft Picture from the Demen-
tiaBank Data Set

Note. The DementiaBank data set is from Becker et al. (1994) and is
designed to elicit language deficit that contributes to the diagnosis of AD.

language deficits that may be associated with the pres-
ence of Alzheimer’s but would otherwise go unnoticed.
Fourth, interpretability of model outputs can assist test
designers in improving cognitive tests based on the
aspects of the test that are more useful in detecting Alz-
heimer’s disease (Goodman and Flaxman 2017, Holzin-
ger etal. 2017, Kim and Seo 2017).

1.1. Main Contributions
The contributions of this paper are fourfold:

1. We developed a new three-level hierarchical struc-
ture to capture the hierarchical dependencies between
words, sentences, and longitudinal interview transcripts
to detect the presence of Alzheimer’s disease.

2. To the best of our knowledge, we are the first to
develop an attention over self-attention mechanism, which
is a powerful method to prevent information loss by con-
sidering the relation of words, sentences, and transcripts
within the sequence. We further demonstrate its imple-
mentation to confront a pressing healthcare problem.

3. Our model is interpretable, which addresses a
common shortcoming of black-box neural network
models and provides valuable insight into the lan-
guage deficit that heralds the presence of Alzheimer’s
disease. The attention mechanism at the word level
helps identify the obscure or irrelevant words that can
be indicators for memory loss due to Alzheimer’s dis-
ease. At the sentence level, attention allows capturing
the sentences with structural deterioration and seman-
tic impairment that can help distinguish patients with
AD from healthy individuals. Finally, attention at the
transcript level provides insight into the particular
interviews that contributed most to model prediction
(AD or healthy) for each individual.
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4. We provide proof of concept by conducting sev-
eral numerical experiments on the DementiaBank data
set. Our results indicate that the AoS3 deep learning
model achieves a high accuracy (mean crossvalidation
accuracy = 96%) and outperforms other models of sim-
ilar nature (which do not need feature engineering)
developed on the same data set.

Our interpretable deep neural network model can
help diagnose Alzheimer’s disease with a high accuracy,
obviating the need for expensive imaging tools and inva-
sive methods. Although proof of concept is given for
Alzheimer’s disease, this type of modeling framework
can also be employed to detect other degenerative neuro-
logical diseases.

2. Related Works
2.1. Studies Relevant to Alzheimer’s
Disease Detection

Previous works to detect AD using language as their input
data are mainly dependent on extracting linguistic features
from transcripts (Orimaye et al. 2017). The main problem
with feature-based methods is not only that the quality of
predictions is highly dependent on the quality of features
but also that some intricate features may not be recogniz-
able by existing methods (LeCun et al. 2015). In addition,
language evolution may affect linguistic features” extrac-
tion methods. Recently, deep learning models have out-
performed other feature-based machine learning methods
in speech recognition (Hinton et al. 2012, Mikolov et al.
2013, Sainath et al. 2013) and achieved promising results
for various tasks in natural language processing including
sentiment analysis (Bordes et al. 2014) and natural lan-
guage understanding (Collobert et al. 2011).

Several studies used lexical features to detect AD from
the DementiaBank data set (Zimmerer et al. 2016, Ori-
maye et al. 2017). Wankerl et al. (2017) proposed statisti-
cal approaches for detecting AD using n-gram models.
They evaluated their approach on the DementiaBank
data set and achieved an accuracy of 77.1%. Orimaye
et al. (2018) proposed deep language models using
decomposed higher-order n-gram N-dimensional vec-
tors as discrete inputs on the DementiaBank data set.
Their experimental results show that deep neural net-
works can learn linguistic markers with reasonable accu-
racy on this clinical data set; the area under the receiver
operating characteristic (ROC) curve (AUC) for their
best model was 83%. These models, however, are not
interpretable, and do not provide insight into linguistic
deficits that can indicate the presence of AD. It is impor-
tant to note that models that lack transparency and inter-
pretability are often not received well by clinicians and
are rarely incorporated into the clinical practice (Good-
man and Flaxman 2017, Fan et al. 2020).

Karlekar et al. (2018) applied three neural network
models based on convolutional neural networks (CNNS),
long short-term memory recurrent neural networks

(LSTM-RNNSs), and their combination to distinguish
patients with AD from control patients based on docu-
ments in DementiaBank. Their best end-to-end model
was the combined CNN-RINN model, which achieved an
accuracy of 84.9%. More recently, Chen et al. (2019) pro-
posed a network based on an attention mechanism by
combining CNN and gated recurrent units (GRUs) to
capture linguistic deficits of AD patients. They achieved
a crossvalidation accuracy of 97% in distinguishing AD
subjects from control subjects in the DementiaBank data
set. Fritsch et al. (2019) improved the statistical approach
proposed by Wankerl et al. (2017) by developing a neural
language model based on LSTM cells and evaluating the
perplexity of their model. They obtained an accuracy of
85.6% for the binary classification task of identifying sub-
jects as either having AD or not. Chien et al. (2019) pro-
posed a convolutional recurrent neural network (CRNN)
model and obtained an AUC measure of 83.8%. Kong
etal. (2019) developed a hierarchical attention network
on the DementiaBank data set without feature engi-
neering. Combining with demographic feature (age),
they achieved an accuracy of 86.9%.

2.2. Studies Relevant to Interpretable Deep
Neural Models
In recent years, extracting meaningful insights from
black-box neural networks has attracted many research-
ers. For sequential input data, which we consider in this
study, researchers have proposed interpretable RNN-
based structures for disease diagnosis and prediction
(Choi et al. 2016, Ma et al. 2017, Sha and Wang 2017).
They achieved promising results by implementing an
attention mechanism to discover where the model
concentrates on (via attention weights) when making
predictions. Ma and Hovy (2016) proposed a diagnostic
model based on various attention mechanisms (the
Dipole model). The attention layer of their model
explains the importance of the RNN model’s hidden
states as their corresponding attention weights. Sha and
Wang (2017) proposed a GRU RNN-based hierarchical
attention (GRNN-HA) model. The GRNN-HA model is
quite similar to the Dipole model, except that it has a
hierarchical structure in which the bidirectional RNN
(BRNN) and the attention mechanism in the lower layer
encode every medical event within a visit. In the upper
layer, the BRNN and the attention mechanism capture
the dependencies among the sequence of medical visits.
Yang et al. (2016) developed a bilevel structure and used
an attention mechanism to demonstrate the interpret-
ability of the model. Choi et al. (2016) proposed the
Reverse Time Attention model (RETAIN), which pro-
cesses the input in reverse-time order, unlike the BRNN
structure in the Dipole and the GRNN-HA models.
Previous works on detecting AD using language as
input data have primarily relied on human engineer-
ing of linguistic features from transcripts and applying
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machine learning techniques. However, these methods
can be limited by the quality of the features and the
possibility of some intricate features being unrecogniz-
able by existing methods. In addition, language evolu-
tion can impact the effectiveness of linguistic feature
extraction methods. Some deep learning models have
shown promising results in detecting AD, but they
lack interpretability and transparency, making them
less appealing to clinicians and less likely to be incor-
porated into clinical practice.

Modern natural language processing has introduced the
ideas of word embeddings and learning representations.
Additionally, the attention model has been proposed and
very successfully used to force a machine learning model
to pay attention to the most important parts of a sentence.
These advances have resulted in (a) better accuracy and (b)
more interpretable machine learning methods. The pri-
mary motivation of this work is to take advantage of these
innovations and attempt to improve the accuracy as well
as the interpretability of the methods.

Our study diverges from the existing works and
develops a new methodology motivated by a pressing
healthcare problem. In this study, we design a three-
level hierarchical neural network that, unlike the bilevel
model developed by Yang et al. (2016), captures the
dependencies of longitudinal transcripts, sentences
within each transcript, and words within each sentence.
We extend the theory of interpretable deep neural net-
work models by introducing a novel three-level hierar-
chical attention over self-attention (A0S3) mechanism
that sheds light on the importance of each word, sen-
tence, and transcript in making predictions. The main
advantage of our AoS3 model is that it prevents loss
of information and captures the relation of each sub-
component within the higher-level component (e.g.,
the relation of sentences within each transcript). This
helps both model performance and interpretability.
Numerical results demonstrate that our new AoS3 model
outperforms the regular hierarchical attention-based neu-
ral network models and achieves a new benchmark accu-
racy for detecting the presence of Alzheimer’s disease
using longitudinal interview transcripts.

3. Methods

In this section, we first describe the components of our
model. Then, we explain how we incorporated them in a
three-level hierarchical structure to capture both the
sequential dependencies and the importance of elements
at each level. The input to our hierarchical neural net-
work model is the transcript of individual interviews. In
particular, each individual has one transcript per annual
visit. Each transcript comprises a number of sentences,
and each sentence includes several words. The words are
embedded and then fed into the network as described in
the next part.

3.1. Word Embedding Layer

A word embedding layer maps each word from the
vocabulary set to a low-dimensional vector space using a
pretrained word embedding model. This helps capture
the context of words such that the words with similar or
close semantic meanings have similar vector representa-
tions. In this study, we used Global Vectors for Word
Representation (GloVe), a well-known pretrained word
embedding model, to obtain the vector representation
for each word (Pennington et al. 2014).

3.2. Contextual Embedding Layer

We used a GRU-based RNN layer (Cho et al. 2014) on
top of the component embeddings from previous layers
to capture the temporal dependencies within every com-
ponent category (words, sentences, and transcripts) at
each level. We placed a GRU in both forward and back-
ward directions (i.e., bidirectional) to capture more infor-
mation from both past and future utterances and then
concatenated the outputs of the two GRUs. Therefore, if
the input vector has d dimensions, the output of this
layer will be 2d-dimensional.

3.3. Three-Level Attention over Self-

Attention Mechanism
Suppose we have a sentence (S) constructed from a
sequence of n word embedding representation vectors

(v1).
V=(01,Uz,...,?)n), (1)

where (v;) is a u-dimensional word embedding for the
i-th word in the sentence. In the first layer, a bidirectional
GRU is applied to encode the embedding representa-
tions as E! = (e}, ¢}, ..,e}). Then, the self-attention struc-
ture is employed to extract different features of the
sequence into a vector representation. The self-attention
mechanism takes the vector of inputs (E), and outputs
the vector of weights as « (Lin etal. 2017):

a = Softmax(w, tanh(W1 (ENT)) ()

Here, W; is the weight matrix with shape d — by —2u
(recall that u is the GRU dimension), which is going to be
learned during the training process. The vector w; is a
vector of parameters with size d (d is a hyperparameter).

In the second layer, each component is concatenated
with the self-attentive representation in order to keep the
relation information (Feng et al. 2018).

é = Z}’zla;e} 3)

etz = [Ut,ét] (4)

Each e? captures the relationship between v; and other
words in the sentence.

We then apply an attention layer on top of the vector
representation E? = (¢2,¢3,...,¢2) to capture the global
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attention scores () of each component (word).
B = Softmax(w} tanh E?) )

Here, w; is the weight vector that is learned during the
training process.

3.4. Three-Level Hierarchical Attention over Self-
Attention Network

In this section, we first develop a three-level hierarchical
attention mechanism that considers the dependencies
between words, sentences, and documents for longitudi-
nal interview transcripts of patients. Then, we propose a
novel attention over self-attention (A0S3) mechanism to
capture the importance of the components constructing
the three levels (words, sentences, and documents) of
our algorithm. The architecture of this algorithm is illus-
trated in Figure 2.

Recall that our goal is to detect the presence of Alzhei-
mer’s disease for each participant of the study using
interview transcripts. Suppose that each participant has
a sequence of at most N transcripts f; such that each tran-
script contains L sentences. We denote each sentence as
sij, which represents the j-th sentence in the i-th transcript
of this patient. Each sentence s;; contains T words such
that w; represents the k-th word in the j-th sentence of
the i-th transcript. In the first level of our algorithm, we
use GloVe to obtain a low-dimensional representation
vector for each word, w;y, via

x}]’k = Wembwi]’k + bemhrk € [11 T]/ (6)
where W,,;;, is the embedding matrix obtained through
the pretrained GloVe embedding.

Then, we encode each word with GRU-BRNN as 7
and its hidden representation u; as follows:

B = [GRU (x}); GRU (k)L ke [1,TLK € [T,1],

@)

ufy = tanh(Wy ity +b},),k € [1,T]. ®)
The self-attention weights are computed via

a}jk = Softmax(uzjk Tul),ke[1,T]. ©)

The last step in this encoding level is to encode each sen-
tence as a weighted sum of /. with the attention scores,

sh = Teafyhy, k€ [1,T]. (10)

Then, we concatenate the calculated sentence embed-
ding s;; with the word embedding in order to avoid infor-
mation loss.

x5y = s, i (11)

Because we aim to determine the contribution of each
word within each transcript to the overall prediction, we
applied a global attention layer on top of the concatenated
vector representations (xl.zjk) from the self-attention layer to

obtain the attention scores al]k for each word wy; in this
level.

qk = Softmax(w tanh(xljk)) kell,T] (12)

Here, w,, is the trained weight vector, and its superscript,
T, indicates the transpose of the vector. The attention helps
the network to recognize which parts of the sequence play
an important role (importance score) in text classification.
We use those importance scores to interpret our classifica-
tionmodel.

The last step in this level is to encode each sentence as
aweighted sum of 12, with the attention scores,

ke[l T]. 13)

ijk

Z‘kazjkxljk’

In the second level of this structure, we encode each sen-
tence representation obtained from the first level sfj,
applying GRU-BRNN to incorporate both future and
past information within a transcript. Then, we calculate
the sentence-level attention a}j with the sentence-level
context vector u! as follows:

hy = [GRU(s)GRU(S ),jell,L],j e[L,1], (@14

)

uj; = tanh(Wlhj +b}),j € [1,L], (15)
Softmax(ulT HjelL], (16)

= Yjazhy,j € [1,L]. (17)

We again concatenate the calculated transcript encoding
t; with the sentence encoding obtained from the previous
level (s ) to maintain the relation of each sentence within
the transcrlpt

=[t,s71,j€[1,L] (18)

Next, we compute the global attention score for each sen-
tence within each document via the following equation:

= Softmax(w! tanh(s )),j€ll,L] (19)

As the last step in this level, we compute the transcript
representation with the extracted attention scores as
2.3

= Ljajsy, ] € [1,L]. (20)
In the third level, we repeat the same process for the tran-
script representation 7 computed from the second level
to determine the attention score for each transcript in our
longitudinal data set as

h! = [GRU (2);GRU (£)],i € [L,N],# €[N, 1], (21

)
u! = tanh(W}hi +b}),i € [1,N], (22)
;= Softmax(u}Tu}),i €[1,N], (23)
p'=ZTiajhy. (24)

The representation vector for each patient is obtained by

=[p',#],ie[1,N]. (25)
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Figure 2. (Color online) Hierarchical Attention over Self-Attention (A0S3) Structure
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Then, we apply the global attention mechanism on top of
each transcript encoding as follows:

a? = Softmax(w] tanh(#?),i € [1, N]. (26)
We obtain the patient representation via

p* = La?t,ie[1,N]. (27)

[ 4

Finally, we use p” obtained from the last level to build a
binary classifier as

g= (J(Wyp2 +by). (28)

4. Experiments

4.1. Data Set

We use the DementiaBank clinical data set (Becker et al.
1994) to train and validate our model. Data were col-
lected longitudinally by the University of Pittsburgh
School of Medicine for the study of communication in
dementia. The data set contains transcripts of the partici-
pants’ interviews. Participants were asked to describe
everything happening in a Cookie-Theft picture (Figure 1).
The descriptions were then used to detect language disor-
ders due to AD.
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Table 1. CHAT Disfluency Codes

Disfluency Code

Follow word with [/]
[x number of repetitions’]

Whole word repetition
Multiple whole word repetition

Phrase repetition <> [/]

word revision [//1

phrase revision <> [//]

pause ()or (.)or(..)
filled pause &-
unintelligible words XXX

The audio files of participants’ interviews were tran-
scribed to Codes for the Human Analysis of Transcripts
(CHAT) format. The CHAT transcription format is a tool
that helps automatically transcribe audio files. Table 1
presents some CHAT disfluency transcription codes
from the CHILDES manual that are used in our data set
(MacWhinney 2000).

The DementiaBank data set contains 99 healthy sub-
jects and 194 subjects with probable or definite Alzhei-
mer’s disease, with annual follow-up visits up to five
years (i.e., maximum of five transcripts per individual).
The summary statistics of the DementiaBank data set are
presented in Table 2.

4.2. Model Configuration and Training

We developed a three-level hierarchical structure, includ-
ing transcripts, sentences, and words, to detect the pres-
ence of AD. We also made the model interpretable such
that it provides insight into how the black-box deep neu-
ral network model distinguished subjects with AD from
healthy subjects. First, we broke down each transcript
into sentences and tokens. Then, we set aside 1/10 of the
training set for validation (10-fold crossvalidation) and
obtained the 100-dimensional word embeddings by
using the pretrained GloVe model (Pennington et al.
2014) on both training and validation sets.

The word, sentence, and transcript context vectors
were set to have a dimension of 100 and were initialized
at random. We set the GRU dimension to 50 for all word,
sentence, and transcript levels; hence, the bidirectional
GRU has 100 dimensions. For model training, we used a
minibatch size of 10 subjects with the same number of
transcripts of 5 per patient and the same number of 25
sentences per transcript (note that transcripts had no
more than 25 sentences (Table 2)). For those subjects who
did not have five visits, we filled the corresponding visit

Table 2. Summary Statistics of Data Set

representation vectors with ‘nan’ so that the embedding
matrix gives a big negative number to every element of
these vectors.

We used the Adaptive Subgradient (AdaGrad) opti-
mizer to train the hierarchical model with an initial
momentum parameter of 0.1 (Sutskever et al. 2013, Ney-
shabur et al. 2014). We investigated various parameters
using the standard grid search approach (Chollet 2021).
We used a crossentropy loss function and evaluated our
model using the ‘accuracy’ metric.

5. Results

To evaluate our model, we conducted three sets of vali-
dation experiments. In the first set, we used the balanced
data set from 99 healthy subjects and the first 99 proba-
ble AD subjects to provide the same validation setting as
Orimaye et al. (2017). We performed 10-fold stratified
crossvalidation. In each fold, we divided the data set
into 90% (training) and 10% (validation). Each subject
had multiple interview transcripts. We used stratified
crossvalidation to ensure that each set contains the same
ratio of healthy to AD subjects. To evaluate the effect of
the GloVe embedding dimension on our model’s final
performance, we also have tested different GloVe word
embeddings using dimensions of 100, 200, and 300.
Table 3 presents the mean and standard deviation (SD)
of the model’s performance in terms of accuracy, preci-
sion, recall, and AUC.

In our second set of experiments, we further investi-
gated the performance of our proposed AoS3 model on
the whole unbalanced DementiaBank data set, including
194 probable AD subjects and 99 healthy subjects. Table 3
presents the mean (SD) of several performance metrics
across the 10-fold stratified crossvalidation outcomes
using 100-, 200-, and 300-dimensional GloVe embed-
dings. For comprehensiveness, we report accuracy, pre-
cision, recall, and the AUC. We can see that the best
mean accuracy result for the whole unbalanced Demen-
tiaBank data set is 0.96, which is obtained using 300-
dimensional GloVe embedding. We also explored data
augmentation, but that did not improve the model’s
performance.

5.1. Comparison with Simpler Models
5.1.1. Traditional Machine Learning Models. To com-
pare the performance of our novel deep learning model

Visit Year 1 Year 2 Year 3 Year 4 Year 5
No. of transcripts 293 151 69 28 11
AD 194 77 24 11 3
Healthy 99 74 45 17 8
No. of sentences per transcript, mean (SD) 13.7 (6.5) 13.4 (5.5) 14.1 (6.8) 13.1 (4.7) 13.3 (5.1)
No. of words per transcript, mean (SD) 121.7 (62.9) 122.4 (61.9) 133.8 (81.6) 120.8 (41.7) 132.2 (55.3)
No. of words per sentence, mean (SD) 9.0 (2.7) 9.4 (3.8) 9.6 (2.9) 9.6 (2.8) 10.2 (2.8)
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Table 3. Comparison Between Different Experiment Settings of AoS3 Model Using 10-Fold Crossvalidation

Mean (SD)

Input data Model GloVe Accuracy Precision Recall AUC

Balanced (99-99) AoS3 100 0.93 (0.08) 0.93 (0.07) 0.94 (0.11) 0.98 (0.04)
Balanced (99-99) AoS3 200 0.93 (0.05) 0.95 (0.05) 0.91 (0.10) 0.98 (0.03)
Balanced (99-99) Ao0S3 300 0.96 (0.06) 0.96 (0.07) 0.97 (0.07) 0.98 (0.03)
Unbalanced (194-99) AoS3 100 0.93 (0.07) 0.96 (0.05) 0.93 (0.08) 0.96 (0.05)
Unbalanced (194-99) Ao0S3 200 0.94 (0.07) 0.97 (0.03) 0.94 (0.11) 0.97 (0.05)
Unbalanced (194-99) AoS3 300 0.96 (0.07) 0.97 (0.05) 0.96 (0.07) 0.99 (0.03)

(A0S3) with other alternative models, we have imple-
mented two models of traditional machine learning algo-
rithms, including support vector machine (SVM) and
random forest (RF). We used the whole interview tran-
scripts with all CHAT disfluency codes as model input.
Then, we used the well-known term frequency-inverse
document frequency (TF-IDF) vectorizer to extract
numerical features for unigrams and bigrams (Salton
and McGill 1983). TF-IDF measures the importance of
each word to a transcript in a corpus for both unigrams
and bigrams. Then, we fed those extracted features into
the SVM and RF algorithms. We used transcripts from
all patients’ most recent visits to create settings similar to
those used in recent studies (Orimaye et al. 2017, 2018) to
assess the performance of their models.

5.1.2. Two-Level AoS Model (A0S2). We evaluated our
model’s performance in detecting AD using only a single
transcript for each patient (rather than multiple tran-
scripts from annual visits). To do so, we used the last
transcript (i.e., the most recent one) for each patient.
Thus, we removed the third level of our AoS3 model that
captures the dependencies of the longitudinal tran-
scripts. The resulting model, called the two-level AoS
model (Ao0S2), predicts whether a given transcript indi-
cates signs of AD. Figure 3 illustrates the structure of the
A0S2 model. To assess the performance of this model,
we used the last-visit interview transcript for each sub-
ject. Then, we designed the same data settings as the
original AoS3 model (balanced, unbalanced). Table 4
presents the performance results of the AoS2 model.

5.1.3. Three-Level Hierarchical Bidirectional RNN
(HBRNN) Model. In this model, we removed the atten-
tion over self-attention mechanism from our AoS3 model
to assess the performance of a simpler model without
the attention mechanism. In each level of this HBRNN
model, we only applied the bidirectional RNN model to
capture the dependencies between the components. We
used the same data settings (balanced, unbalanced) of the
DementiaBank data set as we used for the AoS3 model.
Table 4 demonstrates the results of 10-fold stratified
crossvalidation for the Aos3, AoS2, and HBRINN models
along with two other baseline models (SVM and RF). We

can see that our three-level hierarchical deep neural net-
work (A0S3) model achieved the best mean accuracy of
0.96 with an SD of 0.06 across the 10 folds using the bal-
anced data set. Results were similar for the unbalanced
data set.

Both AoS2 and AoS3 performed substantially better
than the HBRNN model. This is likely because of the inte-
gration of an effective attention over self-attention mech-
anism, which is the key difference between these models
and the HBRNN model. Furthermore, the HBRNN
model is not interpretable because it does not incorpo-
rate the attention mechanism. Moreover, the mean (SD)
accuracy for SVM was 0.84 (0.08) and for RF was 0.86
(0.06) using the same balanced data set. Results were
comparable in the unbalanced data set. Thus, it is clear
that the AoS3 neural network model outperforms the
classical machine learning models in detecting Alzhei-
mer’s disease.

Ao0S3 also had superior performance compared with
A0S2. In the balanced set, AoS3 achieved an accuracy of
0.96 whereas AoS2 had an accuracy of 0.91. In the unbal-
anced set, the accuracies were 0.96 and 0.72 for AoS3 and
A0S2, respectively. Thus, the hierarchical architecture
contributes to improved performance. It also provides
additional insights through interpretability.

5.2. Interpretability

To demonstrate the interpretability of the model, we
extracted attention scores on the three levels (tran-
scripts, sentences, and words). On the transcript level,
the model gave different attention score patterns to the
transcripts of healthy subjects compared with the tran-
scripts of individuals with Alzheimer’s disease. Figure 4
illustrates the distribution and numerical value of the
mean attention scores stratified by transcript number
for AD and healthy subjects. For example, the mean
attention score given to transcript 1 was 0.24 (AD sub-
jects) and 0.37 (healthy subjects). This means that the
first transcripts have contributed more to healthy pre-
dictions. In other words, of all attention the model has
paid to the first transcripts, on average, 61% has been on
transcripts of healthy individuals. On the other hand,
the mean attention score for transcript 5 was 0.17 (AD
subjects) and 0.10 (healthy subjects). This implies that
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Figure 3. (Color online) Two-Level AoS Model (AoS2)
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the fifth transcripts have contributed more to the predic-
tion of AD. In other words, of all attention the model has
paid to the fifth transcripts, on average, 63% has been on
transcripts of individuals with AD. This is expected
because as the AD progresses, the model should pay
more attention to the later transcripts when predicting
AD (e.g., transcripts 4 and 5 will be more determinative

of AD than transcripts 1 and 2). Given that, by definition,
attention scores for the transcripts of each individual
should add to 1.0, this leaves fewer attention points for
the initial transcripts. These findings should be inter-
preted with caution as our analysis is limited by the
small size of the DementiaBank data set. In particular,
there are only 11 patients with 5 transcripts, and noise

Table 4. Comparison Between Different Experiment Settings of Models Using 10-Fold Crossvalidation

Mean (SD)

Input data Model Accuracy Precision Recall AUC

Balanced (99-99) AoS3 0.96 (0.06) 0.96 (0.07) 0.97 (0.07) 0.98 (0.03)
Balanced (99-99) AoS2 0.91 (0.04) 0.99 (0.01) 0.85 (0.06) 0.99 (0.03)
Balanced (99-99) HBRNN 0.80 (0.06) 0.92 (0.04) 0.79 (0.08) 0.83 (0.08)
Balanced (99-99) SVM 0.84 (0.08) 0.84 (0.08) 0.84 (0.08) 0.84 (0.08)
Balanced (99-99) RF 0.86 (0.06) 0.86 (0.06) 00.86 (0.06) 0.86 (0.06)
Unbalanced (194-99) AoS3 0.96 (0.07) 0.97 (0.05) 0.96 (0.07) 0.99 (0.03)
Unbalanced (194-99) AoS2 0.72 (0.05) 0.71 (0.03) 0.82 (0.03) 0.73 (0.06)
Unbalanced (194-99) HBRNN 0.64 (0.04) 0.66 (0.02) 0.75 (0.05) 0.70 (0.02)
Unbalanced (194-99) SVM 0.81 (0.06) 0.81 (0.07) 0.81 (0.06) 0.76 (0.08)
Unbalanced (194-99) RF 0.77 (0.05) 0.78 (0.06) 0.77 (0.05) 0.69 (0.07)
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Figure 4. (Color online) Barplot Showing the Distribution
and the Numeric Value of the Mean Attention Scores Given
to Different Transcripts
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from a couple of patients can substantially influence
the results.

In the sentence level, the model automatically recog-
nizes those sentences within a given transcript that can
help distinguish subjects with AD from healthy indivi-
duals. Table 5, A and B, presents 10 sample sentences for
healthy subjects and individuals with AD.

In the word level, we decided to provide example
interview transcripts for a healthy subject and an indi-
vidual with AD (Figure 5). In this figure, we have
highlighted the words that received a high attention
score (>0.08) in dark colors and those that received a
medium attention score (0.04 —0.08) in light colors.
Words with a low attention score (<0.04) were not
highlighted in Figure 5 (Yang and Zhang 2018). This
type of analysis can help highlight the words that most
significantly indicate the presence of AD and is of para-
mount importance to interpretability of the neural net-
work model.

6. Discussion
In this study, we developed a new three-level hierarchi-
cal RNN model and combined it with NLP to detect the
presence of AD based on longitudinal patient interview
data. We provided proof of concept through several
numerical experiments on the DementiaBank data set.
The model can also be adopted to detect AD from similar
verbal tests, such as the MoCA and the MMSE, which
are commonly used nowadays to assess the presence
and progression of dementia and memory loss. We
made the black-box neural network model interpretable
using a novel three-level attention over the self-attention
(A0S3) mechanism. The primary advantage of our AoS3
model compared with the traditional attention models is
that it can prevent information loss by considering the
relation of words, sentences, and transcripts within the
sequence.

We conducted several experiments using different com-
binations of GloVe embedding dimensions (100,200, 300)

and different input data structures (Table 3). The hierarchi-
cal AoS3 model using the DementiaBank data set obtained
an overall accuracy of 96% (Table 6).

We also evaluated the attention scores our model gave
to transcripts, sentences, and words to shed light on how
the neural network model made predictions.

Of all attention scores the model gave to the first and
second transcripts, a larger percentage was associated
with the transcript of healthy individuals, whereas, of all
attention scores given to the third, fourth, and fifth tran-
scripts, the transcripts of individuals with AD had a
larger share. This can be explained by the degree of
language deficit in AD subjects. If a person suffers from
AD, the disease will likely progress over the follow-up
period. Thus, the later transcripts will be more determi-
native and pronounced in detecting AD.

These findings support previous research that looked
at how language deteriorates in patients with Alzhei-
mer’s disease over time. Blair et al. (2007) showed the
language declines in patients with AD through a longitu-
dinal study. Fraser et al. (2016) demonstrated the rela-
tionships between language impairments and structural
degeneration in AD using computational techniques
and concluded the presence of significant signs of lin-
guistic skills worsening, including semantic impairment,
acoustic abnormality, syntactic impairment, and infor-
mation impairment in patients’ speech. In the early
stages of Alzheimer’s disease, patients have trouble find-
ing words and lose their ability to speak fluently. In the
moderate and severe stages of Alzheimer’s disease, ver-
bal fluency declines significantly, with numerous literal
and semantic paraphrases (Feldman and Woodward
2005, Tang-Wai and Graham 2008).

At the sentence level, we provide 10 sample sentences
of individuals with and without AD in Table 5, A and B,
along with their corresponding sentence attention score
(S_Score) and transcript attention score (T_Score) to illus-
trate the face validity of our AoS3 model. It can be seen
that unlike the sentences in Table 5A, those in Table 5B
seem to be affected by language deficit, which implies
that those individuals may have suffered from memory
loss and AD. Also, the sentences in Table 5B have more
of the CHAT disfluency codes (such as those summa-
rized in Table 1), which correspond to word repetition,
word revision, phrase revision, filled pause, and pause
disfluencies.

Finally, at the word level, we can see that the transcript
sample of the individual with AD (Figure 5(b)) contains
particular words that may suggest memory loss, such as
“uh,” “um,” “oh,” “maybe,” and “xxx” (unintelligible
words), as well as some words irrelevant to the picture
(e.g., youngster) (Figure 6(b)).

An interpretable text-based Al model such as the one
we developed in this study may have potential applica-
tions beyond predicting Alzheimer’s disease. Several
studies have demonstrated the potential of text-based Al
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Table 5. Sample Sentences with High Attention Scores for Individuals with and Without AD

No. Sentence S_Score T_Score

Panel A. Healthy individuals

1 &uh the mother’s drying dishes but the water is overflowing onto the 0.13 0.41
floor.

2 the wind is blowing the curtains. 0.12 0.40

3 the mother is drying dishes and has the water turned on. 0.12 0.41

4 mother is drying dishes and the tap water is overflowing the sink and 0.12 0.41
running on the floor.

5 &uh the mother is drying the dishes as the sink faucet has filled the sink 0.11 0.54
bowl and is running over onto the floor.

6 mother [//] the reason the water’s flowing out over the sink is because 0.11 0.42
the water is running furiously &um and I'm looking out through the
window.

7 at the point she’s drying dishes jthe water;, [//] perhaps from the noise 0.11 0.76
the water is spilling over the sink and onto the floor.

8 the mother’s spilling the water and also drying the dishes. 011 0.77

9 ‘the boy is reaching for cookies and the stool is falling over. 0.11 0.37

10 the mother’s drying the dishes, frowning but not turning off the faucet. 0.11 0.64

Panel B. Individuals with AD

1 and she’s havin(g) problems because the sink’s running over and she’s 0.10 0.31
standing in a puddle of water, some empty dishes on the counter.

2 she’s drying [//] washing and drying dishes. 0.10 0.47

3 the tea cloth is drying the dishes. 0.10 0.58

4 well he’s reachin(g) for the cookie &=laughs but he’s handing the cookie 0.10 0.27
to her”, ‘in the [/] the meantime the stool is falling over.

5 and mama’s drying the dishes as usual for mamas (.) 0.10 0.25

6 &hm &hm (..) I don’t see much more than that other than the kid’s 0.10 0.27
falling off of a stool.

7 and the [//] I guess it’s the mother is drying dishes. 0.09 0.47

8 but the water is &flow still flowing. 0.09 0.40

9 <and the mother is> [//] well she’s spilling her water which is not very 0.08 0.21
good but she’s doing [//] washing dishes and drying them.

10 the water is overflowing from the faucet into the sink onto the floor, 0.07 0.49
iwhile she wipes;, [//] &uh while she dries &uh a dish.

Note. S_Score, sentence attention score; T_Score, transcript attention score.

models in diagnosing a variety of diseases and condi-  mental health conditions. For example, the use of NLP

tions. These models can analyze speech patterns, choice ~ and deep learning has been shown to be useful in pre-
of words, and sentiment in written text to help diagnose  dicting depression, anxiety, and posttraumatic stress

Figure 5. (Color online) Sample Transcripts for a Healthy Individual and an Individual with Alzheimer’s Disease
(@) (b)

it’s a picture of a kitchen there’s a child reaching on in s r a cookie jar ’
"the woman is washing dishes | SHGH WeaENg f BPIOH "water is pouring um a male a boy reaching into a cookie jar gram ’ he’s falling ’the stool

out of the sink ] 'the boy is taking cookies from the cookié jar | il B§ is falling youngster maybe sister is reaching up

Fistex o1 young Siil [§ Asking for Some fof el * 'the lid is off the cookie Hid ‘“’the uh mother is at the sink washing

jar ’ ’the cupboard door is open ’ ’he is on a three legged stool which a dish ’ ’the water is spilling over from the sink ’ ’the window is open

is falling uh which is tilted ’ ’there are curtains in the kitchen ’ there’s
a tree outside the window ’there are shrubs a walk ’there are
v cutps on the i sink cornter * there’s ‘and 281 said the
water is overflowing ’ ’it is already on the floor ’ 'there are cupboards
above the kitchen counter and below ’’
kitchen sink ’ "and the mother has a short sleeve dress on has short hair dish
and is drying the dishes by hand I - . the window that you can -

see outside the window to the other side of the house
I'FI--.--I-‘E

looking out onto uh shrubbery and a path to another house

kind and the boy it looks like maybe tennis shoes ’ ’ xxx exc ’

? and there’s the
and the window is above the uh cabinets above where the boy is reaching in 'mother is washing a
? as she’s washing she’s one of her feet is uh
obviously in the water the other is somewhat obliterated 'the children
are wearing um completely outfitted ’ ’the girl with uh sandals of some

Notes. Words with a high attention score are highlighted in dark blue (healthy) and dark red (AD) and those that received a medium attention

score are highlighted in lighter colors. (a) A healthy individual. (b) An individual with AD.



Downloaded from informs.org by [216.73.216.198] on 17 June 2026, at 23:23 . For personal use only, all rights reserved.

Zokaeinikoo, Kazemian, and Mitra: Interpretable Al for Alzheimer’s Diagnosis
194 INFORMS Journal on Data Science, 2023, vol. 2, no. 2, pp. 183-196, © 2023 INFORMS

Table 6. Comparison of AD Detection Methods on the Interview Transcripts of DementiaBank

Balanced data  Interpretability
Model Accuracy Recall AUC Data split (Y/N) (Y/N)
Wankerl et al. (2017) 0.77 — — NA N N
Fritsch et al. (2019) 0.86 — — Leave-one-out N N
Chen et al. (2019) 0.97 — — NA N N
Pan et al. (2019) — 0.85 — 80% training, 10% validation, 10% testing N N
Fraser et al. (2016) 0.82 — — 90% training, 10% validation, no testing N Y
Kong et al. (2019) 0.87 0.90 — 90% training, 10% validation, no testing NA Y
Orimaye et al. (2018) — — 0.83 Leave-pair-out Y N
Orimaye et al. (2017) — — 0.93 Leave-pair-out Y N
AoS3 (ours) 0.96 0.97 0.98 80% training, 10% validation, 10% testing Y Y

Note. NA, not available.

disorder (PTSD) from social media posts, interviews,
and clinical notes (Dinu and Moldovan 2021, Jiang et al.
2021, Zhang et al. 2022). Clinical notes stored in patients’
electronic health records (EHR) are also a valuable source
of information and have been used in machine learning
and Al models to detect certain conditions, such as
detecting persons living with human immunodeficiency
virus (HIV) who may not be aware of their status
(Ahlstrom et al. 2019, Marcus et al. 2019). Moreover, these
models have demonstrated good performance in tasks
such as predicting in-hospital mortality, unplanned read-
mission, and hospital length of stay based on clinical
notes and EHR data (Rajkomar et al. 2018).

Although our numerical results are promising, they
are limited by the size of our data set. Although Demen-
tiaBank is one of the best publicly available data sets of
its kind, and it has been used in several prior studies to
detect Alzheimer’s disease, it is a relatively small data
set. However, evaluating the performance of our AoS3
model on DementiaBank allowed us to compare our
model to some of the previous benchmark models, all of
which used the same data set. In general, deep learning
methods train better on large amounts of data. However,
it is common in healthcare to work on smaller data sets,

Figure 6. (Color online) Word Cloud with Attention Score > 0.03

(@)
e girl reachingue.. lid g littles
plate =

g

boym!ri\dedr“"q asit”

""" i s nk o:el vl:mlng OK-\ay
S I | l Mrmmy

“unning out_of

water runningerlignrs iy
d11:shes water St o e

icurtain,..

swollr @aching window open .

falllng

washing dishes

reaching cookie

girl

Notes. (a) A healthy individual. (b) An individual with AD.

given the challenges of obtaining patient-level data.
Although we conducted crossvalidation to address this
issue, further validation of our method on larger data
sets is needed to evaluate the superior performance of
our deep learning model. Furthermore, while this
study focused on diagnosing Alzheimer’s disease, future
research could work on developing deep learning mod-
els to forecast the time to onset of AD, allowing clinicians
to provide preventative measures.

In summary, we developed a unique three-level
hierarchical attention over self-attention (AoS3) deep
recurrent neural network model and presented an
important application of it to detect the presence of
Alzheimer’s disease using longitudinal interview data.
We demonstrated that by employing deep learning,
we can unlock the patterns within the natural text that
signal memory loss due to Alzheimer’s disease. Fur-
thermore, we have illustrated that a three-level AoS3
mechanism on words, sentences, and transcripts can
shed light on how the model comes up with the predic-
tions. This is extremely valuable, in particular for
healthcare applications, as transparency of a predictive
model is key to its adaptability to everyday clinical
Ppractice.
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