Artificial Intelligence and Machine
Learning for Alzheimer’s Disease




Artificial Intelligence and Machine Learning
for Alzheimer’s Disease



Computational Intelligence and Neuroscience

Artificial Intelligence and Machine
Learning for Alzheimer’s Disease

Lead Guest Editor: Guangming Zhang
Guest Editors: Yun Shen and Jiesi Luo




Copyright © 2023 Hindawi Limited. All rights reserved.

This is a special issue published in “Computational Intelligence and Neuroscience.” All articles are open access articles distributed under
the Creative Commons Attribution License, which permits unrestricted use, distribution, and reproduction in any medium, provided the
original work is properly cited.



Chief Editor

Andrzej Cichocki, Poland

Associate Editors

Arnaud Delorme, France
Cheng-Jian Lin (), Taiwan
Saeid Sanei, United Kingdom

Academic Editors

Mohamed Abd Elaziz (), Egypt
Tariq Ahanger (), Saudi Arabia
Muhammad Ahmad, Pakistan
Ricardo Aler ("), Spain

Nouman Ali, Pakistan

Pietro Arico (), Italy

Lerina Aversano (), Italy

Umit Agbulut (), Turkey

Najib Ben Aoun (), Saudi Arabia
Surbhi Bhatia(®), Saudi Arabia
Daniele Bibbo (12), Italy

Vince D. Calhoun (s, USA
Francesco Camastra, Italy
Zhicheng Cao, China

Hubert Cecotti(2), USA

Jyotir Moy Chatterjee (), Nepal
Rupesh Chikara, USA

Marta Cimitile, Italy

Silvia Conforto (1), Italy

Paolo Crippa(, Italy

Christian W. Dawson, United Kingdom
Carmen De Maio (), Italy
Thomas DeMarse (), USA

Maria Jose Del Jesus, Spain
Arnaud Delorme(*), France
Anastasios D. Doulamis, Greece
Anténio Dourado (), Portugal
Sheng Du (), China

Said El Kathali (), Morocco
Mohammad Reza Feizi Derakhshi(?), Iran
Quanxi Feng, China

Zhong-kai Feng, China

Steven L. Fernandes, USA
Agostino Forestiero (), Italy
Piotr Franaszczuk (%), USA
Thippa Reddy Gadekallu (), India
Paolo Gastaldo (1), Italy
Samanwoy Ghosh-Dastidar, USA

Manuel Grana (), Spain

Alberto Guillén (%), Spain

Gaurav Gupta, India

Rodolfo E. Haber (), Spain
Usman Habib (), Pakistan
Anandakumar Haldorai (), India
José Alfredo Herndndez-Pérez ("), Mexico
Luis Javier Herrera(l2), Spain
Alexander HoSovsky (), Slovakia
Etienne Hugues, USA

Nadeem Igbal (), Pakistan

Sajad Jafari, Iran

Abdul Rehman Javed (15, Pakistan
Jing Jin (), China

Li Jin, United Kingdom

Kanak Kalita, India

Ryotaro Kamimura (), Japan

Pasi A. Karjalainen (), Finland
Anitha Karthikeyan, Saint Vincent and the
Grenadines

Elpida Keravnou (), Cyprus

Asif Irshad Khan (%), Saudi Arabia
Muhammad Adnan Khan (), Republic of
Korea

Abbas Khosravi, Australia
Tai-hoon Kim, Republic of Korea
Li-Wei Ko (), Taiwan

Rasit Koker (), Turkey

Deepika Koundal (%), India

Sunil Kumar (%), India

Fabio La Foresta, Italy

Kuruva Lakshmanna (), India
Maciej Lawrynczuk (), Poland
Jianli Liu@®), China

Giosue Lo Bosco (1), Italy

Andrea Loddo (1), Italy

Kezhi Mao, Singapore

Paolo Massobrio (), Italy

Gerard McKee, Nigeria

Mohit Mittal (%), France

Paulo Moura Oliveira (), Portugal
Debajyoti Mukhopadhyay (i), India
Xin Ning (), China

Nasimul Noman (%), Australia
Fivos Panetsos (), Spain



https://orcid.org/0000-0002-8709-2715
https://orcid.org/0000-0002-7682-6269
https://orcid.org/0000-0002-4525-0738
https://orcid.org/0000-0002-7472-4840
https://orcid.org/0000-0002-3831-6620
https://orcid.org/0000-0003-2436-6835
https://orcid.org/0000-0002-6635-6494
https://orcid.org/0000-0001-9444-8209
https://orcid.org/0000-0003-3097-6568
https://orcid.org/0000-0003-1341-5427
https://orcid.org/0000-0001-9058-0747
https://orcid.org/0000-0002-7661-0070
https://orcid.org/0000-0003-2527-916X
https://orcid.org/0000-0001-7323-5220
https://orcid.org/0000-0003-4504-7550
https://orcid.org/0000-0003-0641-4792
https://orcid.org/0000-0001-5549-7075
https://orcid.org/0000-0002-0799-3557
https://orcid.org/0000-0002-5445-6893
https://orcid.org/0000-0001-8396-7388
https://orcid.org/0000-0001-9282-5154
https://orcid.org/0000-0002-8548-976X
https://orcid.org/0000-0002-3025-7689
https://orcid.org/0000-0002-5166-4224
https://orcid.org/0000-0003-0097-801X
https://orcid.org/0000-0002-5748-3942
https://orcid.org/0000-0001-7373-4097
https://orcid.org/0000-0001-9918-3238
https://orcid.org/0000-0002-2881-0166
https://orcid.org/0000-0003-4793-6239
https://orcid.org/0000-0001-9975-6462
https://orcid.org/0000-0002-2107-3044
https://orcid.org/0000-0003-3220-9389
https://orcid.org/0000-0002-8390-7163
https://orcid.org/0000-0003-1050-1792
https://orcid.org/0000-0002-0570-1813
https://orcid.org/0000-0002-6133-5491
https://orcid.org/0000-0002-4238-3463
https://orcid.org/0000-0002-1267-493X
https://orcid.org/0000-0002-8980-4253
https://orcid.org/0000-0003-1131-5350
https://orcid.org/0000-0001-9789-5231
https://orcid.org/0000-0003-2529-3391
https://orcid.org/0000-0002-3811-2310
https://orcid.org/0000-0003-1688-8772
https://orcid.org/0000-0001-9957-5661
https://orcid.org/0000-0003-3480-4851
https://orcid.org/0000-0002-6846-2004
https://orcid.org/0000-0003-0609-9083
https://orcid.org/0000-0002-1602-0693
https://orcid.org/0000-0002-6571-3816
https://orcid.org/0000-0001-8335-3407
https://orcid.org/0000-0003-0878-4615
https://orcid.org/0000-0003-4283-1243
https://orcid.org/0000-0002-5394-385X
https://orcid.org/0000-0001-7897-1673
https://orcid.org/0000-0002-8566-0870
https://orcid.org/0000-0003-0897-411X

Evgeniya Pankratova (2, Russia
Rocio Pérez de Prado (), Spain
Francesco Pistolesi (1), Italy
Alessandro Sebastian Podda (1), Italy
David M Powers, Australia
Radu-Emil Precup, Romania
Lorenzo Putzu, Italy

S P Raja, India

Dr.Anand Singh Rajawat (), India
Simone Ranaldi (), Italy

Upaka Rathnayake, Sri Lanka
Navid Razmjooy, Iran

Carlo Ricciardi, Italy
Jatinderkumar R. Saini (), India
Sandhya Samarasinghe (), New Zealand
Friedhelm Schwenker, Germany
Mijanur Rahaman Seikh, India
Tapan Senapati(), China
Mohammed Shuaib (), Malaysia
Kamran Siddique (), USA
Gaurav Singal, India

Akansha Singh (), India
Chiranjibi Sitaula (), Australia
Neelakandan Subramani, India

Le Sun, China

Rawia Tahrir (%), Iraq

Binhua Tang (), China

Carlos M. Travieso-Gonzélez ("), Spain
Vinh Truong Hoang ("), Vietnam
Fath U Min Ullah (%), Republic of Korea
Pablo Varona (), Spain

Roberto A. Vazquez (), Mexico
Mario Versaci, Italy

Gennaro Vessio (), Italy

Ivan Volosyak (), Germany

Leyi Wei(), China

Jianghui Wen, China

Lingwei Xu (), China

Cornelio Yafez-Marquez, Mexico
Zaher Mundher Yaseen, Iraq
Yugen Yi(®), China

Qiangqiang Yuan (), China
Miaolei Zhou (2, China

Michal Zochowski, USA

Rodolfo Zunino, Italy


https://orcid.org/0000-0003-4214-7230
https://orcid.org/0000-0001-6097-4016
https://orcid.org/0000-0002-1078-5599
https://orcid.org/0000-0002-7862-8362
https://orcid.org/0000-0001-5940-5799
https://orcid.org/0000-0002-7849-0893
https://orcid.org/0000-0001-5205-5263
https://orcid.org/0000-0003-2943-4331
https://orcid.org/0000-0003-0399-7486
https://orcid.org/0000-0001-6657-2587
https://orcid.org/0000-0003-2286-1728
https://orcid.org/0000-0002-5520-8066
https://orcid.org/0000-0002-4564-2985
https://orcid.org/0000-0001-7187-052X
https://orcid.org/0000-0003-4744-5835
https://orcid.org/0000-0002-4621-2768
https://orcid.org/0000-0002-3464-3894
https://orcid.org/0000-0002-1243-9358
https://orcid.org/0000-0002-1754-8991
https://orcid.org/0000-0002-7645-4610
https://orcid.org/0000-0002-0883-2691
https://orcid.org/0000-0001-6555-7617
https://orcid.org/0000-0003-1444-190X
https://orcid.org/0000-0002-2169-6356
https://orcid.org/0000-0002-2726-9873
https://orcid.org/0000-0001-7140-2224
https://orcid.org/0000-0003-1664-1024

Contents

Using CNN Saliency Maps and EEG Modulation Spectra for Improved and More Interpretable
Machine Learning-Based Alzheimer’s Disease Diagnosis

Marilia Lopes(2), Raymundo Cassani (), and Tiago H. Falk

Research Article (17 pages), Article ID 3198066, Volume 2023 (2023)

Increased Risk of Suicide among Cancer Survivors Who Developed a Second Malignant Neoplasm
Huazhen Yang ("), Yuanyuan Qu(>), Yanan Shang (), Chengshi Wang (), Junren Wang (), Donghao
Lu(®), and Huan Song

Research Article (11 pages), Article ID 2066133, Volume 2022 (2022)



https://orcid.org/0000-0003-2354-7781
https://orcid.org/0000-0002-3509-5543
https://orcid.org/0000-0002-5739-2514
https://orcid.org/0000-0003-4515-1446
https://orcid.org/0000-0002-3211-7671
https://orcid.org/0000-0002-3105-9959
https://orcid.org/0000-0003-2947-7059
https://orcid.org/0000-0001-6612-1671
https://orcid.org/0000-0002-4186-8661
https://orcid.org/0000-0003-3845-8079

Hindawi

Computational Intelligence and Neuroscience
Volume 2023, Article ID 3198066, 17 pages
https://doi.org/10.1155/2023/3198066

Research Article

Using CNN Saliency Maps and EEG Modulation Spectra for
Improved and More Interpretable Machine Learning-Based
Alzheimer’s Disease Diagnosis

@ Hindawi

Marilia Lopes ! Raymundo Cassani ,2and Tiago H. Falk 1

!Institute National de la Recherche Scientifique (INRS-EMT), University of Quebec, Montreal, Canada
2McConnell Brain Imaging Centre, Montreal Neurological Institute, McGill University, Montreal, Canada

Correspondence should be addressed to Marilia Lopes; marilia.soares@inrs.ca
Received 9 May 2022; Revised 15 September 2022; Accepted 11 January 2023; Published 8 February 2023
Academic Editor: Guangming Zhang

Copyright © 2023 Marilia Lopes et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Biomarkers based on resting-state electroencephalography (EEG) signals have emerged as a promising tool in the study of
Alzheimer’s disease (AD). Recently, a state-of-the-art biomarker was found based on visual inspection of power modulation
spectrograms where three “patches” or regions from the modulation spectrogram were proposed and used for AD diagnostics.
Here, we propose the use of deep neural networks, in particular convolutional neural networks (CNNs) combined with saliency
maps, trained on power modulation spectrogram inputs to find optimal patches in a data-driven manner. Experiments are
conducted on EEG data collected from fifty-four participants, including 20 healthy controls, 19 patients with mild AD, and 15
moderate-to-severe AD patients. Five classification tasks are explored, including the three-class problem, early-stage detection
(control vs. mild-AD), and severity level detection (mild vs. moderate-to-severe). Experimental results show the proposed
biomarkers outperform the state-of-the-art benchmark across all five tasks, as well as finding complementary modulation
spectrogram regions not previously seen via visual inspection. Lastly, experiments are conducted on the proposed biomarkers to
test their sensitivity to age, as this is a known confound in AD characterization. Across all five tasks, none of the proposed
biomarkers showed a significant relationship with age, thus further highlighting their usefulness for automated AD diagnostics.

1. Introduction

Alzheimer’s disease (AD) is a degenerative brain disease and
the most common cause of dementia [1, 2]. AD progression
leads to the loss of cognitive (e.g., memory, reasoning, and
communication) and behavioral functions that will ulti-
mately interfere with the individual’s daily life. Diagnosing
AD can be challenging, as the disease can initiate patho-
physiological processes 20 years before any clinical symp-
toms appear [3, 4]. As such, improving early diagnostics has
become a fundamental element in AD research and therapy
[5], especially since there are currently no cures for AD
[6-8]. While a definite diagnosis for AD can only be
achieved through a postmortem structural examination of
the brain, clinical diagnosis currently relies on the use
medical history and exams, such as the mini-mental state

examination (MMSE) [9] and the clinical dementia rating
(CDR) [10]. Moreover, a handful of biomarkers have also
been incorporated into the clinical diagnostic process, in-
cluding structural neuroimaging (e.g., magnetic resonance
imaging (MRI)-based measures of hippocampal volumes)
[11, 12], blood and urine samples [13], cerebral spinal fluids
(e.g., tau and beta-amyloid levels) [14], and genetic risk
profiling [15]. More recently, there has also been a push to
incorporate biomarkers extracted from electroencephalo-
grams (EEG) into the diagnostic process [16].

Indeed, EEG has proven to be a useful tool in the study of
AD, with several advantages over other neuroimaging
modalities, including noninvasiveness, lower cost, the
possibility to detect early synaptic dysfunction prior to
symptoms arising, and the possibility to more easily track the
course of the disease [17]. EEGs record from the scalp the
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electrical field produced by the interaction of neurons. Most
of the published works have relied on the analysis of resting-
state EEG (rsEEG) in either eyes-open or eyes-closed con-
ditions, thus making the data collection procedure more
comfortable for elderly patients [18]. Over the years, several
changes in the EEG have been reported as a function of AD,
namely, slowing of the EEG, reduction in signal complexity,
perturbations in interelectrode synchrony/coherence, and a
neuromodulatory deficit [19], resulting from the reduction
of neurotransmitters due to damage to neuro-pathways by
the disease. More recently, machine learning tools applied to
conventional EEG spectral features have started to show
promising results for AD diagnosis (e.g., see [20-22]); in
some cases, accuracy around 90% has been reported.

In regards to features, typically rsEEG-based AD studies
extract diagnostic features from the five traditional EEG
frequency subbands, namely, delta (§ = 0.1-4Hz), theta
(6 = 4-8Hz), alpha (a = 8-12Hz), beta (8 = 12-30Hz), and
gamma (y >30Hz). The work in references [23, 24], in turn,
proposed the measurement of the spectrotemporal dynamics
of each of these subbands and showed that improved di-
agnostic accuracy could be achieved. The resultant 2-di-
mensional (frequency vs. frequency) power modulation
spectrogram was shown to not only improve accuracy but to
also be more robust to artifacts commonly observed with
EEGs [25]. The use of these conventional frequency bands,
however, may not be optimal for AD analysis, as they have
been defined based on visual inspection of EEG signals in
healthy subjects [26]. In fact, the work in references [27, 28]
showed that nontraditional bands were better for AD di-
agnostics. Building on these insights, the work in reference
[29] used visual inspection to find optimal power modu-
lation spectrogram regions or “patches” that improved di-
agnostic accuracy relative to conventional measures widely
used in AD characterization.

In this article, we build on the work of [29] and propose
the use of a data-driven method in order to find the optimal
modulation spectrogram patches for AD diagnostics,
whereas in [29], visual inspection was used. Visual in-
spection can lead to the loss of discriminatory information
and potential biases, as well as reduce the interpretation of
the results. In particular, we propose the use of saliency maps
obtained from a convolutional neural network (CNN)
trained to detect AD. Saliency maps provide insights into
which regions of the input image the CNN is focusing on to
make its decisions [30] and could improve the interpret-
ability of the obtained results. While the use of saliency maps
has been explored for AD classification based on MRIs
[31, 32], it has yet to be explored for EEG data. Given the
modulation spectrogram 2-dimensional representation and
its improved discrimination relative to the conventional
spectrogram, it can be a prime candidate for a saliency map-
based biomarker. Experiments described herein show the
usefulness of the proposed method not only in detecting AD
but also in predicting AD severity level. Finally, the measure
is shown to not be affected by participant age, a common
confounding factor in AD studies.

The remainder of this paper is organized as follows:
Section 2 describes the materials and methods used in our
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experiments. Section 3 presents the experimental results and
discusses them in light of the existing literature, including
study limitations. Lastly, conclusions are presented in
Section.

2. Materials and Methods

2.1. Participants. We rely on EEG data collected from fifty-
four participants recruited from the Behavioral and Cog-
nitive Neurology Unit of the Department of Neurology and
the Reference Center for Cognitive Disorders at the Hospital
das Clinicas in Sao Paulo, Brazil. AD diagnosis and iden-
tification of severity level (mild-AD or moderate-to-severe
AD) were performed by experienced neurologists according
to NINCDS-ADRDA criteria [33] and classified based on the
Brazilian version of the MMSE [34]. Ethics approval was
obtained from the Research Ethics Office, and all partici-
pants consented to participate in the study. The data have
been divided into three groups: (i) “N” consists of 20 healthy
elderly controls, (ii) “AD1” corresponds to 19 mild-AD
patients, and (iii) “AD2” to the 15 patients diagnosed with
moderate-to-severe AD. In experiments where all AD pa-
tients are combined (i.e., AD1+ AD2), this group will be
termed “AD”. Table 1 shows participant demographic de-
tails, including MMSE scores.

Inclusion criteria for the N group included MMSE
score >25 and CDR score=0, as well as no indication of
functional cognitive decline. The AD1 group inclusion
criteria, in turn, included MMSE <24 and 0.5<CDR<1;
whereas for the AD2 group, they included an MMSE <20
and CDR score =2. An additional criterion used for the two
AD groups was the presence of functional and cognitive
decline over the previous 12 months based on detailed in-
terviews with knowledgeable informants. Exclusion criteria
included diabetes mellitus, kidney disease, thyroid disease,
alcoholism, liver disease, lung disease, or vitamin B12 de-
ficiency, as these conditions can also cause cognitive decline.

2.2. EEG Acquisition and Preprocessing. For the acquisition
of EEG signals, twenty channels were used following the
10-20 international mounting system. EEG signals were
recorded with 12bit resolution and 200 Hz sampling fre-
quency using BrainTech 3.0 instrumentation (EMSA
Equipamentos Médicos INC.,, Brazil). In addition, electrode
impedance was kept below 10 kQ and attached bi-auricular
(A1l and A2) electrodes were used as reference. A resting-
state eyes-closed (rsEEG) protocol was followed, and data
were recorded for at least eight minutes for each participant.

Based on insights from reference [25], raw EEG was
preprocessed with a zero-phase FIR bandpass filter with a
bandwidth 0.5-45Hz, followed by processing with the
wavelet-enhanced independent components analysis
(WICA) step to remove eye movement and/or muscle arti-
facts [35, 36].

2.3. Power Modulation Spectrogram. The 2-dimensional
power modulation spectrogram representation has been
proposed to characterize spectrotemporal changes in the
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TaBLE 1: Participant demographic details.

Group identifiers Subjects (female) Age (years) Education (years) MMSE

N 20 (9) 68.0 £ 8.6 10.1 £ 5.5 285 + 1.7

AD1 19 (11) 74.1 + 5.5 56 + 28 194 + 5.3

AD2 15 (9) 75.0 = 11.8 41 + 3.8 12.8 + 5.0

EEG due to AD (e.g., see [37]). The signal processing steps
involved in the computation of the representation can be
seen in Figure 1. First, the EEG time series x (¢) is processed
by a time-frequency mapping to generate the time-frequency
representation X (¢, f). This mapping can be a short-time
Fourier transform, for example, or a wavelet transform. In
order to measure the temporal dynamics of each spectral bin,
a second transformation is done on the time-frequency
signal, now across the time dimension. This is achieved with
a Fourier transform (FT) of the instantaneous power of each
spectral bin, resulting in the power modulation spectrogram

X(f’ fmod)’ ie,
X(f: o) = F{1X (8 NI}, (1)

where % ,{-} indicates the Fourier transform over the time
dimension and f, 4 indicates the modulation frequency
dimension. The final result is a frequency-modulation fre-
quency spectral representation that describes the second-
order periodicities that would not be present in conventional
spectral or time-frequency representations [38, 39].

In its original version, frequency bins in this 2-dimen-
sional representation were grouped across the conventional
and modulation frequency axes into the five traditional
subbands, namely, delta, theta, alpha, beta, and gamma, and
each frequency-modulation frequency bin was used as a
feature for AD detection (e.g., see [23, 37]). More recently,
the work in reference [29] showed that the use of the tra-
ditional bands was not optimal for the task at hand, and
through visual inspection, three new regions were defined
and proposed, termed “patches,” as shown in Figure 2. The
modulation energy computed from these three patches, as
well as their ratios, was proposed as new features for AD
diagnosis and severity level prediction. Experimental results
showed their superiority to the traditional band-grouping
strategy, but suggested that some of the patches could be a
result of normal aging. In this work, we build on these
patches and propose a data-driven manner to explore if
optimal patches can be found that are indicative of AD and
not normal aging. Experiments rely on a 45x45 power
modulation spectrogram, where each bin corresponds to
1 Hz resolution.

2.4. Convolutional Neural Networks. Deep learning has
emerged as a very powerful pattern analysis tool over the last
decade. Increases in computational power have allowed for
artificial deep neural networks (DNNs) with multiple hidden
layers and billions of parameters to be trained within rea-
sonable time frames. This increase in computational capacity
has resulted in the emergence of a number of new deep
neural network architectures, such as convolutional neural
networks (CNNs), recurrent neural networks (RNNs), and

recursive neural networks (RvNNs), to name a few [40].
Here, we rely on CNNs and saliency maps to extract new
biomarkers of AD from EEG modulation spectrograms;
hence, a brief description of CNNs is given for the sake of
completeness; more details can be found in [41-44].

While feed-forward DNNs multiply the inputs by op-
timized weights obtained during the training, CNNs include
layers that perform convolutions, i.e., the dot product of the
convolution kernel with the layer’s input matrix. The con-
volution kernel slides along the input matrix for the layer,
thus generating a new feature map that contributes to the
input of the subsequent layer. This is followed by other layers
such as pooling layers, fully-connected layers, and nor-
malization layers [45]. CNNs have resulted in state-of-the-
art image recognition performance [46], as each convolution
layer extracts specific features from the image, such as
vertical and horizontal lines, color and shape, contrast,
exposure variations, or image borders, to name a few. Using
sequential convolution layers, each new feature map builds
on the properties captured by the previous map. Depending
on the number of layers used and the type of data used
during training, CNNs may even learn features that take care
of preprocessing, detection, and recognition, thus enabling
end-to-end systems. When used for biomarker develop-
ment, their use may also result in regions that could be more
robust to EEG artifacts.

While many deep learning models are regarded as “black
boxes,” providing limited insights on what parts of the input
image are being used for discrimination, so-called saliency
maps have been proposed to overcome this limitation. This
method measures the spatial support of a particular class in
each image via a heatmap. Saliency maps have been used for
region-of-interest extraction [47], medical imaging [48, 49],
robot vision [50], and audio-visual integration [51, 52], in
addition to AD diagnosis based on MRI [32]. Saliency maps
are obtained by computing the gradient of the output cat-
egory in relation to the input image. In this way, the impact
of how the value of the output category changes in relation to
a small change in the pixels of the input image is observed.
The highlighted regions in the resulting map indicate that
they are important areas for the classification provided,
where a small change in that pixel would change the clas-
sification relative to other pixels. In essence, saliency maps
are constructed by back-projecting the information corre-
sponding to the identified class, thus allowing us to visualize
image regions that mostly affect prediction. Here, the keras-
vis [53] toolkit was used to extract saliency maps.

It is hypothesized that using saliency maps with EEG
power modulation spectrograms will allow for new bio-
markers of AD to be developed in a data-driven manner and
for comparisons with visually inspected regions to be made.
Unlike simple images, however, EEGs are extracted across
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FIGURE 1: Signal processing steps for the computation of the EEG power modulation spectrogram. (Image adapted from [29]).
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FIGURE 2: Three modulation spectrogram patches proposed in [29].

multiple channels, each generating its own image-like
modulation spectrogram. As information from multiple
channels is taken into account during classification, 20
different saliency maps, one for each EEG channel can be
generated. While each of these maps could be used sepa-
rately, here, for simplicity, we take their overall average and
use the aggregated map for analysis; use of individual
channel maps is left for a future study. In our experiments, a
CNN with two convolution layers was used, having as input
a tensor of 45x45x 20 dimensionality. The kernel size is
equal to 3x 3 and a dropout rate of 85% was used. ReLU
activation functions were used for the convolution layers. In
the fully-connected layers, in turn, LeakyReLU was used as
an activation function. A total of three fully-connected layers
were used, including the last classification layer. Hyper-

parameter tuning was performed, and Table 2 presents the
tested parameters and final values used.

2.5. Proposed Method. Figure 3 depicts the block diagram of
the proposed method. First, EEG signals are segmented and
transformed to the power modulation spectrogram domain
which is then z-normalized. Segments of 8-second duration
with 1-second overlap are taken; a minimum of 460 seg-
ments are available per subject. CNNs are then trained on
five different classification tasks, namely, Task 1 (T1): N vs.
AD1 vs. AD2 (multi-class discrimination); Task 2 (T2): Nvs.
AD (AD diagnosis); Task 3 (T3): N vs. AD1 (early AD
detection); Task 4 (T4): AD1 vs. AD2 (AD progression); and
Task 5 (T5): N vs. AD2 (late-stage AD detection). Saliency
maps are then extracted for each of the five tasks to indicate
regions of importance for each task. To allow for compar-
isons with the three visually obtained regions [29], a clus-
tering algorithm is applied on the saliency map “islands” to
obtain new optimal patches. These patches are then used for
classification. In the subsections to follow, more details
about the clustering method and final classification steps are
given. Algorithm 1 shows an overview of the processing
steps involved in the feature extraction and train/testing
stages of the proposed method.

2.6. Saliency Map Clustering. After the CNNs are trained,
saliency maps are extracted from the last dense layer. Sa-
liency maps from each training input are obtained and
averaged over all training samples to obtain one final map.
Here, we are interested in using the maps to find optimal
regions in the modulation spectrogram for new biomarker
development. To this end, we use thresholding and clus-
tering to find the optimal number of patches, in a data-
driven manner, for the particular task at hand. To find the
optimal clusters per task for this final map, we propose to
first take the difference between the average modulation
spectrograms of the two groups in a given classification task
and use the saliency map as a mask to be applied to this
differential spectrogram. When clustering, two parameters



Computational Intelligence and Neuroscience

TaBLE 2: CNN hyper-parameter tuning details.

Hyper-parameters Range explored Chosen
Kernel_size (3.3), (5.5), (7.7), (9.9) (3,3)
Regularizers.12 (l1e-2), 1le—4) (le-2)
Dropout (65%, 75%, 85%, 90%) 85%
Optimizer Adam, Nadam, Adagrad, Adamax Nadam
Learning rate (0.01, 0.001, 0.0001) 0.0001
Batch_size 4, 8, 32, 64 4
Epochs 20, 30, 40, 50 50

Extraction of

Saliency maps extraction "Patch" features
CNN Classification . w o o= —
EGG Signals . , —©
‘é‘ 5 2 4 — RS
£ o=
< s 10 g ®
I ' R3
2
SVM Classification - . oo
Preprocessing +——
LOSOCV \

Select Features
(ANOVA F Value)

FIGURE 3: Overview of the proposed system architecture.

Step 1: Feature extraction

(a) N vs. AD1 vs. AD2 (multiclass discrimination)
(b) N vs. AD (AD diagnosis) — CNNb

(o) N vs. AD1 (early AD detection) — CNNc

(d) AD1 vs. AD2 (AD progression) — CNNd

(e) N vs. AD2 (late-stage AD detection) — CNNe

Step 2: Train/testing with feature selection
(2)  Apply feature selection based on ANOVA for eac

(4) Calculate classifier figures of merit for CNNi

(1) Compute modulation spectrum from preprocessed EEG — Obtain X (f, f mod) (equation (1))
(2)  Train CNN on five different classification tasks using training and validation partitions of available datasets

(3) Find saliency map of each CNNi (i=gq, ..., e) using validation partition data
(4)  Cluster saliency islands using the k-means algorithm into final “patches”

(1) Compute modulation energy from patches from all electrodes for each CNNi

(3)  Run leave-one-subject-out cross-validation using unseen test set data with a SVM classifier for each CNNi

— CNNa

h CNNi

ALGORITHM 1: Summary of methodology steps.

are explored via grid search, namely, the saliency value
threshold and the number of clusters. Threshold values from
80-96% were explored, with a hop of 2% and 3-5 clusters
were tested. We selected three as the minimum to coincide
with the patches proposed in [54] and five to strike a balance
with feature dimensionality. Clustering was performed via
the k-means algorithm in MATLAB.

Four distinct masking approaches are tested to explore
their impact on overall accuracy. They vary based on which
task the saliency map was obtained from, e.g., more generic,
as in Task 2, to more specific, as in Task 3. These four
different experiments are detailed as follows:

(i) Experiment 1: This experiment takes the generic N
vs. AD task and uses the salience map obtained from
the three-class task N vs. AD1 vs. AD2 as a mask.

(ii) Experiment 2: This second experiment is a bit more
tuned to the task at hand as it considers individual
subclasses directly, while still using the most generic
saliency map. In particular, the difference signal is
taken for each binary task, namely, N vs. AD1, N vs.
AD2, and ADI1 vs. AD2. The same saliency map as
Experiment 1 is used.

(iii) Experiment 3: This is the most specialized of the
experiments as the saliency maps corresponding to



each differential modulation spectrograms are used
to find the optimal clusters. For example, saliency
maps found for the Nvs. AD1, Nvs. AD2, and AD1
vs. AD2 tasks are used with differential spectro-
grams obtained from N vs. AD1, N vs. AD2, and
AD1 vs. AD2 classes, respectively.

(iv) Experiment 4: This experiment builds on Experi-
ment 1 and takes the N vs. AD task and uses the
salience map obtained from the same N vs. AD
mask, which can be seen as the most generic.

2.7. Biomarker Selection and AD Diagnosis. Once the optimal
number of clusters is found, these regions will become
candidate patches for each of the five tasks. As in [29], the
modulation spectrum power R; in patch/cluster i is com-
puted as follows:

B= [ =X food) @)

where RG; corresponds to the new patch found by cluster i.
As in [54], the power ratios between different patches are
also treated as features and these are computed across all 20
channels.

As can be seen, the number of candidate features/bio-
markers can quickly grow with an increasing number of
channels and regions, causing potential curse-of-dimen-
sionality issues with the downstream classification tasks. As
such, feature selection is needed to reduce the final number
of features to a reasonable number. Previous EEG-based
works have relied on 24 input features (e.g., see [23, 25]), and
we follow this procedure to allow for fair comparisons with
prior works. We use 25% of the training set (described in the
next subsection) to find the best 24 features using an
ANOVA F-value metric computed between each feature and
class label.

Previous works have relied on a support vector machine
(SVM) classifier to map patch features to a final diagnostic
decision. For consistency, we also use an SVM for final AD
classification, thus allowing for a more fair comparison with
previous work. This also assures that the performance gains
achieved are a result of the improved biomarkers and not of
an improved classifier (e.g., a CNN itself). SVMs use kernels
to map data from two classes into a higher dimension in
which a hyperplane can be used to separate the two different
classes by a certain margin [55]. Different kernels provide
different properties and allow for more complex class
partitions to be found. Here, a radial basis function (RBF)
kernel with gamma y=1/24, where 24 is the number of
features, and C=1 are used as hyper-parameters and tuning
is not performed to gauge the benefits of the features
themselves, and not on the classifier. Prior to classification,
the top-24 new biomarkers are normalized between [-1, 1].
Final testing follows a leave-one-subject-out (LOSO) plus
bootstrapping procedure using the disjoint test set described
below. With the LOSO-plus-bootstrapping setup, for each
subject, the classifier is trained with data from N —1 subjects
that are randomly sampled and repeated ten times.
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2.8. Testing Setup. The available dataset has to be split to
allow for CNN training for biomarker selection as well as for
SVM training for final classification. As such, the available
data needs to be partitioned in such a way that data leakage
does not occur into the final test set. To this end, the data
partitioning scheme illustrated in Figure 4 is performed to
avoid any data leakage into the disjoint training, validation,
and test sets. First, the 460 segments are partitioned into five
parts, each with 92 segments. Since the segments are ob-
tained with a 7-second overlap, the last 7 segments of each
part are discarded, to avoid information leakage between
folds (see Figure 4(a)). Each of the five parts is comprised of
85 segments, for each of the 54 subjects (Figure 4(b)). Fi-
nally, a time-dimension shuffle was made to avoid any
ordering effects on the data. From the shuffled data, 1/5 of
the data was set aside for validation, 1/5 for testing, and 3/5
for training (Figure 4(c)).

2.9. Figures-of-Merit and Benchmark Method. We use ac-
curacy and Fl-score as figures-of-merit to gauge the per-
formance of the proposed method and compare against the
visual-inspection-based biomarkers from [29]. Accuracy
represents the ratio of correct predictions to total predic-
tions, i.e.,

TP + TN

Accuracy = ; (3)
TP + TN + FP + FN

where TP stands for true positive (target label is correctly
predicted), TN for true negative (nontarget label predicted
correctly as nontarget), FP for false positive (nontarget label
predicted as target), and FN for false negative (target label
erroneously predicted as nontarget).

In turn, Fl-score is given by the weighted average be-
tween recall and precision, namely,

2 « precision * recall

F1 (4)

precision + recall

F1-scores are useful for unbalanced datasets, such as the

one used here. For completeness, precision identifies how
accurately the model predicted the positive classes, i.e.,

TP

5
TP + FP’ 5

Precision =
where recall measures the ratio of the number of true
positive events to the sum of true positive and false negative
events, i.e.,

TP

Recall = —— .
T TP EN

(6)
As for the benchmark, we use the state-of-the-art system
described in [29] for comparisons.

2.10. Age-Related Confounds. Age is a known confounding
factor and risk factor for AD [56, 57]. Since the healthy and
patient populations in our dataset are not age-matched, we
need to be careful not to propose features that are correlates
of normal neural deterioration due to aging (e.g., see
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FIGURE 4: Steps to perform database partitioning to avoid information leakage. (a) First, 460 segments per subject are split into 5 parts of 92
segments. The last seven are discarded to avoid data leakage. (b) Disjoint parts are then combined per subject. (c) Lastly, temporal shuffle is
done to avoid ordering effects. 1/5, 1/5, and 3/5 of the shuffled data are partitioned into validation, testing, and training subsets.

[58, 59]), but instead, related to neurodegeneration due to
the disease. First, we explore how well the top-24 features
can be used to predict age via a linear regression. To test if the
top-selected features carry age-related information, we
compare them against a random age prediction regressor.
With this random linear regressor, we shuffle the age of
participants in a random manner. For this task, we combine
all the three dataset partitions and split them into train/test
using 75% and 25% of the data, respectively. This partition is
run 100 times, and the average root mean square error
(between true and predicted age) and standard deviations
are reported. To assure that the differences with the random
regressor are not significant, a t-test is performed with a 99%
confidence level (p>0.01); the Python statistical package
sciPy.stats was used for this test.

3. Results and Discussion

3.1. CNN Accuracy. First, we explore how well the CNN is
behaving on the validation set in order to gauge the effec-
tiveness of the obtained saliency maps for downstream AD
detection on the unseen test set. Table 3 reports the results
obtained for each of the five classification tasks. We use only
accuracy (Acc) and the F1-score for this analysis. Overall, the
N vs. AD2 (T5) task resulted in the highest accuracy and F1
score. This is expected, as the neural changes with moderate-
to-severe AD are likely to be the greatest compared to
healthy EEG, thus making it easier for the CNN to distin-
guish them. The accuracies obtained are in line with those
reported previously for manually-selected clean EEG seg-
ments (e.g., see [23]), hence providing confidence on the
potential of the CNN to find discriminatory features for AD
classification, thus validating the use of the salience maps for
feature extraction and potentially artifact rejection.

3.2. Saliency Maps. With the CNN approach validated, we
proceed to investigate the saliency maps generated from the

EEG channels. While each individual channel map could be
used for channel-specific feature generation, here, for
simplicity, we explore the use of only one general mask for
all channels. As such, the average map is used. Figure 5
depicts the average map found for each of the five tasks. Ata
first glance, similar regions to the patches reported in ref-
erence [29] (shown in Figure 2) are seen, but with additional
regions also showing importance. Next, we explore the best
threshold and number of clusters for each of the four ex-
periments tested.

3.3. Saliency Map Clustering for Patch Detection. Table 4
shows the best thresholds (Th) and number of clusters
(C) found for each of the four experiments; henceforth, these
combinations are used. The optimal patch regions found
based on these parameters can be seen in Figures 6 and 7 for
Experiment 1 and Experiment 4, respectively. The plots of
the other two experiments are omitted for brevity, but
similar regions were found. In each subfigure of these plots,
the x-axis corresponds to modulation frequency, the y-axis
to conventional frequency, the left-most plot shows the
patches found with the optimal threshold, and the right-
most plot shows the optimal clusters found. In each image,
the found clusters/regions for each task are labelled as “R;.”
It is important to emphasize that each task achieved different
regions of importance, hence, e.g., R, from Task 1 may differ
from R, from Task 2. As such, when listing the rank of top
features in tables to follow, we use a subscript from 1-5 to
remind the reader that the region listed is related to its
corresponding counterpart seen in Figures 6 and 7.

As can be seen, the patches found using Experiment 1
settings resemble closer those found via visual inspection in
reference [29], especially P2 and P3 seen in Figure 2. Other
than the Nvs. AD1 task, the obtained regions look fairly alike
for all tasks. One region not used before but that was shown
to be important in this data-driven analysis method cor-
responds to patches in lower frequencies, below 5 Hz (delta
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TaBLE 3: CNN accuracy on the validation set for the five tasks.
Tasks Acc (%) F1 (%)
T1 90.5 90.5
T2 87.3 84.6
T3 91.4 91.0
T4 92.5 91.4
T5 93.0 91.6
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FIGURE 5: Average saliency map for each of the five tasks.

and low theta), corroborating some earlier findings from
reference [23]. Experiment 4 settings, in turn, showed
similar regions to those obtained from visual inspection but
also included across all tasks important information
extracted from higher frequencies (around the beta and
gamma frequency ranges), a finding not seen previously in
modulation spectral studies.

3.4. Feature Importance. The optimal patches for each
classification task have now been found and they serve as
masks for biomarker extraction from each EEG channel. To
reduce the number of features being used by the SVM
classifier, feature ranking is performed and only the top-24
features are kept. Table 5 lists the top features for each of the
five tasks for the Experiment 1 setting. The notation RXoRY
is used to indicate the feature corresponding to the ratio of
the modulation power in patch RX to the modulation power
in patch RY. Subscripts 1-5 indicate that the regions are
those corresponding to Tasks 1-5. It can also be seen that for

the majority of the tasks, frontal region electrodes stood out.
Interestingly, as reported in reference [25], frontal regions
are usually discarded with EEG analysis relying on visual
inspection of EEGs, as these areas are often contaminated by
eye movement artifacts. Our findings suggest that such
important regions may be again incorporated into EEG
analysis by utilizing automated artifact removal algorithms,
such as wiICA, and features that could be inherently more
robust to artifacts. For the AD1 vs. AD2 task, most features
belong to the frontal and central electrodes, a region known
to be affected by the progression of AD [60], likely due to the
expansion of the atrophy into the superior parietal and
frontal cortex [61]. For the N vs. AD and N vs. AD1 tasks, in
turn, features extracted from the temporal brain region
stood out, corroborating studies showing atrophy in cortical
regions in the temporal regions [62]. In particular, in the N
vs. AD1 task, temporal and frontal brain regions stood out;
such fronto-temporal regions have been used for early AD
diagnosis in the past [63].
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TABLE 4: Best combination of threshold (Th) and number of clusters (C) for each of the four experiments.
Task Exp. 1 Exp. 2 Exp. 3 Exp. 4
asks
Th (%) C Th (%) C Th (%) C Th (%) C
T1 92 3 92 3 92 3 92 3
T2 96 4 96 4 96 5 96 5
T3 86 3 84 4 92 4 96 3
T4 94 5 86 5 82 4 86 4
T5 96 3 92 4 94 3 90 4
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F1GURE 6: Optimal regions and clusters found for each of the five tasks using experiment 1 settings. In each subplot, the y-axis corresponds to
conventional frequency (unit: Hz) and the x-axis to modulation frequency (unit: Hz). (a) Nvs. AD1 vs. AD2, (b) Nvs. AD, (c) Nvs. ADI, (d)
AD1 vs. AD2, and (e) N vs. AD2.
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FIGURE 7: Optimal regions and clusters found for each of the five tasks on the experiment 4 settings. In each subplot, the y-axis corresponds
to conventional frequency (unit: Hz) and the x-axis to modulation frequency (unit: Hz). (a) Nvs. AD1 vs. AD2, (b) Nvs. AD, (c) Nvs. ADI,

(d) AD1 vs. AD2, and (e) N vs. AD2.

As for the Experiment 4 setting, Table 6 shows the top-24
features selected. Unlike the Experiment 1 settings, high-
frequency range features (both in conventional and mod-
ulation frequency domains) appear in the top-5 features for
three of the five tasks, namely, Nvs. AD, Nvs. AD1,and AD1
vs. AD2. This suggests that such frequency ranges could be
useful for early diagnosis and AD progression assessment,
hence, providing new insights not previously achieved via
visual inspection. Some research has shown the importance
of gamma band activity in AD [64], though this region is
often corrupted by muscle artifacts. The findings obtained
here suggest that the temporal dynamics of the beta and
gamma bands may provide some discriminatory informa-
tion and that a more generic mask may capture the dynamics
of a band that is typically discarded due to artifacts, hence
further emphasizing the robustness of the new biomarkers.
In addition, some of the regions found belong to the beta-m-

alpha and gamma-m-alpha frequencies. These frequencies
have been shown in [65] to correlate with cerebral hemo-
dynamics information conveyed by functional near-infrared
spectroscopy in regions related to impaired blood flow in
AD [66, 67], thus providing some additional interpretability
to the selected biomarkers.

With these settings, it can be seen that most of the
features were derived from electrodes over the temporal,
parietal, and occipital regions, thus in agreement with [62].
An occipital brain region was most important for two of the
five tasks (Nvs. AD and Nvs. AD1) and was the second most
important region in the AD1 vs. AD2 task, hence corrob-
orating classical findings from reference [68]. Unlike these
classical studies, however, where occipital changes were
found mostly in lower frequency ranges, here we observe
them to be extracted from higher ranges around beta
conventional frequency and gamma modulation
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TaBLE 5: Top 24 features selected using the experiment 1 settings.
Rankings N vs. AD1 vs. AD2 N vs. AD Nvs. AD1 AD1 vs. AD2 N vs. AD2
1 R3-C4, R2-F7, R2-F7, R2-Oz, R3-Cis
2 R3-P3, R3-F7, R10R2-F7, R2-Fz, R3-P3s
3 R3-Fz, R2-C4, R10R3-Oz; R2-F4, R3-C35
4 R3-Oz, R1-C4, R10R3-Pz, R2-P3, R3-F35
5 R3-F3, R3-C4, R10R3-02; R30R2-C3, R3-P4s
6 R3-C3, RI1-F7, R2-C4, R2-F3, R3-T4,
7 R3-F4, R2-T4, R10R3-O1; R40R2-C3, R2-C4s
8 R3-P4, R4-C4, R2-T3, R2-C3, R3-F4,
9 R3-Cz, R2-F3, R10R2-T4, R2-024 R2-F35
10 R3-T41 R2-T32 RIORZ-C43 R2-PZ4 R3-OZ5
11 R3-01, R3-T4, R10R2-C3, R50R2-C3, R3-Fzs
12 R3-02, R3-F3, R10R2-F3, R2-01, R2-P3s
13 R3-Pz, R2-T6, R2-T6, R30R1-C3, R2-T4s
14 R2-C4, R1-T4, R3-F7, R2-Cz, R1-F3,
15 R1-F7, R20R3-F8, R10R2-T3, R1oR2-C3, R3-T55
16 R2-F3, R3-T3, R2-T4, R10R2-F7, R3-0O15
17 R2-fz, R4-F7, R10R3-Fpl, R50R3-C3, R1-C4s
18 R1-C4, R2-C3, R10R2-T6; R2-P4, R2-Fz,
19 R1-F3, R4-T4, R10R3-P4, R30R2-F7, R3-T6s
20 R2-P3, R20R3-F7, R30R2-T3, R40R1-C3, R2-C3,
21 R1-T4, R1-F3, R30R2-F7; R50R4-C3, R3-Czs
2 R2-T4, R3-T6, R10R2-Fpl, R2-C4, R1-T4,
23 R3-T5, R2-P3, R10R2-T5; R1-Oz, R2-F4,
24 R2-F4, R20R3-T4, R10R2-F8; R50R3-T5, R2-P4s
Number of features per brain region—experiment 1 settings
Frontal 8 9 8 5 7
Central 5 5 3 11 6
Temporal 4 9 8 1 5
Parietal 4 1 2 3 4
Occipital 3 0 3 4 2

frequencies, hence a finding also not previously found via
visual inspection. For space limitations, we omit the features
selected via the other two experiments, but they were similar
to those found in Experiment 1 and 4.

3.5. Overall Classification Accuracy. Lastly, using the top-24
features, Table 7 shows the final accuracy and F1 scores
obtained for each of the four experiments and five classi-
fication tasks. The results achieved with the benchmark, i.e.,
the visually obtained power modulation spectrogram patch
features from reference [29], are also added for comparisons.
As can be seen, the proposed features outperformed the
state-of-the-art benchmark on all five tasks by a substantial
margin, with the exception of the N vs. AD1 task where only
a subtle improvement was obtained with the experiment 4
settings. Overall, these results suggest that making the mask
generic (i.e., settings in experiments 1 and 4) can lead to
improved accuracy on unseen data. This was the case for four
out of the five tasks, with the exception being the N vs. AD2
task, where experiment 2 settings resulted in the best results.
Ultimately, having very specialized maps (e.g., as in ex-
periment 3 settings) did not lead to accuracy levels that could
not be achieved with other less specialized settings.

3.6. Age-Related Confounds. Ultimately, it is important to
gauge if the proposed features are indeed measuring neural
changes due to AD and not solely due to normal aging. Such

evaluation is particularly important in settings where age
matching is not possible between groups, as is the case
herein. Previous studies have shown a direct link between
normal aging and changes in EEG powers and frequencies
(e.g., see [58, 59]), thus we explore a linear mapping between
the proposed feature and age and test if the obtained results
correspond to those obtained from a random mapping
function. Table 8 shows the root mean square errors (be-
tween estimated and true age) obtained for the Experiment 1
and Experiment 4 settings. None of the tests showed sig-
nificant differences from chance at a 99% confidence level,
thus suggesting that the proposed features are not capturing
normal aging-related changes in the EEG and are indeed
capturing neurodegenerative insights. Similar findings were
found for the other two experiment settings and are omitted
here for the sake of brevity.

3.7. Study Limitations and Future Work. The results reported
in this study were performed on a limited sample size of 54
participants. While the results are promising, they need to be
validated on a larger dataset. Open-source EEG datasets for
AD are not widely available; thus, future work should focus
on creating open-source datasets. The recent international
push to enable EEG as a clinical biomarker [16] may enable
more widespread collection that will help push the research
forward. Furthermore, as is widely known, the machine
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TaBLE 6: Top 24 features selected using experiment 4 settings.
Rankings N vs. AD1 vs. AD2 N vs. AD N vs. AD1 AD1 vs. AD2 N vs. AD2
1 R2-Oz, R40R3-O1, R1-Fp2; R1-Fz, R4-C35
2 R2-Fz, R4-F7, R1-Pz; R1-Oz, R4-P3,
3 R2-P3, R40R3-Pz, R1-Fz, R1-F4, R4-T55
4 R2-P4, R40R2-C4, R20R3-0z; R1oR4-Fz, R4-P45
5 RZ-C41 R40R3—OZZ R1-023 RI-P34 R4-015
6 R2-F4, R40R2-T6, R10R3-Pz, R1-F3, R4-Cis
7 R2-F3, R4-C4, R20R3-O1, R1-02, R40R3-C3s5
8 RZ-OZI R40R2—T52 Rl-CZ3 R3-OZ4 R4—F35
9 R2-Pz, R40R2-T3, R20R3-02; R3-Fz, R4-Ozs
10 R20R3-Fz, R4-T4, R20R3-P4, R1-Pz, R40R3-F3
11 R20R3-F3, R20R1-O1, R1-Oz, R10R4-Oz, R4-T4s
12 R2-C31 R4OR2—012 RZORS—PZ3 RI—CZ4 R4-T65
13 R2-01, R40R2-P4, R10R3-Oz, R1-C3, R4-F7,
14 R2-Cz, R40R2-T4, R2-02; R1-01, R4-02,
15 R20R3-C3, R40R3-F4, R10R3-02, R10R4-F3, R4-Pz,
16 R20R3-0Oz,; R20R1-02, R10R3-Fpl; R1oR4-F4, R4-F45
17 R20R3-C4, R50R2-C4, R10R3-Fp2, R10R4-C3, R40R3-T4s
18 R20R3-F4, R40R3-02, R2-T5; R1-P4, R40R3-C45
19 R20R3-P3; R40R3-Fpl, R10R3-Fz; R10R4-P3, R40R3-015
20 R2-T4, R40R5-0O1, R2-O1, R30R4-Fz, R40R3-P3,
21 R10R3-F3, R4-T6, R2-P4, R1oR4-0O1, R4-T35
22 R20R3-cz; R40R2-P3, R10R3-T3; R30R2-C3, R4-Fzs
23 R20R3-01, R40R3-P4, R10R2-T6;, R1-C4, R40R3-F45
24 RI-C41 R4-P32 R2-OZ3 R10R4—PZ4 R4-CZ5
Number of features per brain region—experiment 4 settings
Frontal 7 3 5 8 6
Central 7 3 1 5 5
Temporal 1 6 3 0 5
Parietal 4 5 5 5 4
Occipital 5 7 10 6 4

TaBLE 7: Performance comparison achieved with best threshold-cluster settings and top-24 features. Bold values indicate the highest

accuracy achieved for a given classification task.

Benchmark [29]

Proposed (exp. 1)

Proposed (exp. 2)

Proposed (exp. 3)

Proposed (exp. 4)

Tasks e @) FL)  Acc (%)  FL(%)  Acc (%)  FL(%)  Acc (%)  F1(%)  Acc(%)  Fl (%)
I 50+3  50+3 54+ 55+2 544+2 55+2  54+2 55+2 47 +2 4942
T2 70+1 65+1 60+ 49+3 60+2 49+3 71+2 6l+2 71+2 6l +2
T3 64+3  63+3 48+ 48+2  46+2  46+2 46+ 4  46+4  65+2  64+2
T4 73+2  71+2 83+ 83+2 82+0 82+0 8+1 8+1 79+1 7941
T5 73+2  72+2 8+ 86+3 89+3 8 +3 8 +3  84+3  82+2 8l +2

Bold values indicate the highest accuracy achieved for a given classification task.

TaBLE 8: Age prediction accuracy comparison against a random regression model for experiment 1

and experiment 4 settings.

Exp. 1 Exp. 4
Tasks
Nonrandom Random Nonrandom Random

T1 10.33 + 2.02 994 + 1.55 9.82 + 1.65 9.71 £+ 1.75
T2 9.83 + 1.85 9.74 + 1.45 9.40 + 1.69 948 + 1.65
T3 8.05 + 1.20 8.55 + 1.55 7.81 + 1.18 8.19 + 1.36
T4 9.74 + 2.77 9.30 + 2.42 9.70 + 2.64 9.26 + 2.63
T5 12.19 + 2.63 11.97 + 2.14 11.28 + 1.82 11.63 + 2.46

learning algorithms are sensitive to hyper-parameter tuning.
Since the data available for this study was limited, not much
effort was spent on parameter optimization; hence, the
accuracy results reported may not be the highest achievable
with the proposed feature set. Once more data become

available, future work could explore the overall impact of
hyperparameter tuning on classification accuracy. More-
over, in this study, saliency maps per channel were obtained,
but an average map was used for simplified feature im-
portance selection. Once more data becomes available, per-
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channel optimized feature patches may be used, resulting in
improved accuracy. It is known that degeneration due to AD
can spread to different brain regions as the disease prog-
resses, hence it is expected that different regional saliency
maps will be useful for the different tasks explored herein.
This channel-aware optimization may also lead to an overall
system that can rely on a subset of the EEG channels, hence,
enabling the creation of a portable, low-density, and low-
cost solution, as in [69], that could help tackle AD
worldwide.

Moreover, here we explored AD1 vs. AD2 discrimina-
tion, hence, obtaining insights on how disease severity can
change the EEG patterns used in biomarker development.
Ultimately, future work should explore neural changes seen
in longitudinal studies where data from one patient’s pro-
gression is monitored, thus truly leading to disease pro-
gression insights. For example, it is known that roughly a
quarter of patients with mild cognitive impairment (MCI)
will progress to AD within a 4-year window. Understanding
the neural signature changes between MCI patients that do
progress to AD and those that do not could provide useful
clues not only for disease progression but also for the risk
associated with developing AD at very early stages. Lastly,
recent studies have shown that EEG combined with MRI
could lead to useful insights for disease severity level pre-
diction [70]. On that study, the authors showed the com-
plementarity of the visually obtained patch features with
anatomical features extracted from MRIs to predict the
MMSE scores of the patients. Future work should explore
the benefits of combining the proposed features with MRI
ones to quantify the gains that can be achieved.

4. Conclusions

In this article, we have proposed the use of a convolutional
neural network (CNN) combined with saliency maps,
trained on an image-like power modulation spectrogram
of eyes-closed resting-state EEGs, to find new biomarkers
of Alzheimer’s disease. The goal was to explore if a data-
driven biomarker selection method could provide insights
complementary to those obtained via visual inspection. In
particular, we explored biomarkers for five classification
tasks: healthy (N) vs. mild-AD (ADI1) vs. moderate-to-
severe AD (AD2), (2) Nvs. AD (combined AD1 and AD2),
(3) Nvs. AD1, (4) AD1 vs. AD2, and (5) N vs. AD2. The
biomarkers found were extracted for each of the available
EEG channels and reduced to the top 24 features via
feature selection before being input to a support vector
machine for final classification. The most important brain
regions found coincided with those widely reported in the
AD literature, and most importantly, the power modu-
lation spectrogram patches complemented those found
previously via visual inspection. Overall, the proposed
method outperformed the benchmark on all five classi-
fication tasks and by a large margin. To assure the newly-
proposed features were not measuring EEG changes due
to normal aging, results were compared to a random age
prediction classifier and no significant differences were
found.
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Background. Cancer diagnosis entails substantial psychological distress and is associated with dramatically increased risks of
suicidal behaviors. However, little is known about the suicide risk among cancer survivors who developed a second malignant
neoplasm (SMN). Methods. Using the Surveillance, Epidemiology, and End Results database, we conducted a population-based
cohort study involving 7,824,709 patients with first malignant neoplasm (FMN). We measured the hazard ratios (HRs) of suicide
death after receiving a SMN diagnosis using Cox proportional hazard models, as compared with patients with FMN. The
comparison with the US population was achieved by calculating standardized mortality ratios (SMRs). Results. Totally 685,727
FMN patients received a diagnosis of SMN during follow-up, and we in total identified 10,930 and 937 suicide deaths among FMN
and SMN patients, respectively. The HR of suicide deaths was 1.23 (95% confidence interval (CI), 1.14-1.31) after a SMN diagnosis,
compared with FMN patients, after adjusting for sociodemographic factors, tumor characteristics, and cancer treatment. As
compared with the general population, while both SMN and FMN patients suffered an increased risk of suicide deaths, the excess
risk was higher among SMN patients than FMN patients (age-, sex-, and calendar-year-adjusted SMR 1.65 (95% CI 1.54-1.75) vs.
1.29 (95% CI 1.26-1.31); P gifrerence < 0.0001). Notably, across different time periods, we observed the greatest risk elevation during
the first 3 months after a cancer diagnosis. Conclusions. Compared with either patients with FMN or the general population,
cancer survivors who received a SMN diagnosis were at increased risk of suicide death. The risk elevation was most prominent
soon after the cancer diagnosis, highlighting the necessity of providing timely psychological support to cancer survivors with
a SMN.

1. Introduction

A growing number of patients are surviving from cancer
because of the increased survival as well as the advances in
cancer screening programs and novel treatments [1-3].
However, all cancer survivors are at risk for developing a
second primary cancer [4-6]. It was reported that the

incidence of second malignant neoplasm (SMN), calculated
from the Surveillance, Epidemiology, and End Results
(SEER) Program, was approximately 8.1% between 1992 and
2008 in the United States, indicating that nearly 1 in 12
cancer patients can develop a SMN [6].

Cancer is a devastating illness that comes with tremen-
dous psychological distress [7-9]. Accumulating evidence has
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shown that people diagnosed with cancer are at an elevated
risk of suicidal behaviors, including complete suicide [10-12]
and suicide attempts [13, 14], compared with the general
population. Therefore, it is plausible that receiving a diagnosis
of SMN, acting as a repeat and possibly stronger stressor,
might further increase the risk of suicide among cancer
survivors. Indeed, patients with subsequent primary cancers
(i.e., two or more primary cancers) have been reported to be at
elevated risk for poorer physical and mental health status (e.g.,
serious psychological distress) [15-18]. However, the risk of
suicide among patients with SMN is unclear.

Therefore, leveraging the population-based cancer co-
hort from the SEER database, which has stringent criteria for
identifying multiple primary neoplasms, together with the
aggregated US population data and US mortality data, we
aimed to examine the risk of suicide among cancer survivors
who developed a SMN.

2. Materials and Methods

2.1. Study Population. The SEER Program has collected
cancer incidence and survival data from population-based
cancer registries since 1973, covering approximately 34% of
the US population as of 2016 [19]. Information on patient
demographics, year and month of diagnosis, tumor char-
acteristics (including primary tumor site, cancer behavior,
tumor size, and tumor grade), treatment utilization, and
active follow-up for vital status were routinely documented
[20].

In the present study, we conducted a population-based
cohort study using the SEER registry records between
January 1, 1975, and December 31, 2016, in the United
States. Among the 9,157,072 cancer patients (Figure 1), we
excluded 114,866 who were diagnosed only through autopsy
or death certificate, 1,409 with no information on birth year,
1,184,919 that recorded as not their first malignancy
(670,225 with no information on primary malignancy and
514,694 with no information on FMN), and 31,169 with their
cancer diagnosis before age 5, leaving 7,824,709 eligible
FMN patients for further analysis.

All patients were followed from the diagnosis of FMN
until death, the occurrence of a subsequent malignancy, or
December 31, 2016, whichever occurred first. Because the
SEER data provided only survival in months for survival
analysis, we assigned an average survival time of 15 days for
individuals who died in the same month of diagnosis. By
linking to the subsequent malignancy diagnoses in SEER, we
identified 685,727 patients who developed a SMN during the
follow-up who therefore were included in the exposed
group. Namely, patients without a SMN diagnosis con-
tributed all person-time to the unexposed group, while the
ones with a SMN diagnosis contributed their person-time
before the SMN diagnosis to the unexposed group and to the
exposed group from the time of diagnosis onward.

2.2. Ascertainment of FMN and SMN. We first identified
patients with a FMN diagnosis according to the SEER
collected tumor information on the primary tumor (yes or
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no), tumor behavior (malignant or not), and first malignant
primary indicator (yes or no). Through linkage to the in-
formation on subsequent cancer diagnoses, we then further
identified individuals with a SMN diagnosis among these
FMN survivors. In a subanalysis, we performed separate
analyses on prostate cancer, breast cancer, colorectal cancer,
lung cancer, nonmelanoma skin cancer, cancer of the central
nervous system, severe cancer (esophageal, liver, or pan-
creatic cancer), and other cancers, as well as lifestyle-related
cancers (alcohol- and smoking-related cancers) [21],
according to the International Classification of Disease
Oncology (ICD-O) third edition codes (Supplementary
Table 1).

2.3. Ascertainment of Suicide. Based on the cause-specific
death classification both for SEER and US mortality data,
which was derived from the death certificate, we considered
individuals to have committed suicide if the cause of death
was coded as suicide and self-inflicted injury, with the
corresponding International Classification of Diseases (ICD)
10th edition (ICD-10) codes as U03, X60-X84, and Y87.0.

2.4. Covariates. Data on potential confounders, including
birth year, sex, calendar year at diagnosis, sociodemographic
factors (i.e., race, cohabitation status, insurance, and state),
tumor characteristic (i.e., tumor size and grade), and cancer
treatment (i.e., chemotherapy, radiotherapy, and surgery),
were obtained from the SEER database. All missing values of
the covariates were coded to the “unknown” category. The
corresponding information on age at death, sex, and cal-
endar year for the US population data were derived from the
US Census Bureau’s Population Estimates Program.

2.5. Statistical Analysis. We assessed the relative risk of
suicide in relation to SMN diagnosis compared with FMN
patients, using hazard ratios (HRs) with 95% confidence
intervals (CI) derived from Cox regression models. Models
were partly (models 1-3) or fully (model 4) adjusted for the
birth year (as a continuous variable), sex (male or female),
calendar year at diagnosis (1975-1984, 1985-1994,
1995-2004, or 2005-2016), race (white, black, or others/
unknown), cohabitation status (cohabitation, non-
cohabitation, or unknown), insurance (insured, uninsured,
or unknown), state (Alaska, California, Connecticut,
Georgia, Hawaii, lowa, Kentucky, Louisiana, Michigan, New
Jersey, New Mexico, Utah, or Washington), tumor size
(<1.5,>1.5 cm, or unknown), tumor grade (well, moderately,
poorly differentiated/undifferentiated, or unknown), che-
motherapy/radiotherapy (yes or no/unknown), and surgery
(yes or no/unknown). We also examined the association
between SMN diagnosis and subsequent risk of suicide death
by cancer subtypes, after controlling for available con-
founders. Lifestyle factors (i.e., alcohol drinking and
smoking) might modify the studied association. We
therefore also separately analyzed alcohol-related cancers
and smoking-related cancers.
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9,157,072 Patients included in the Surveillance,
Epidemiology, and End Results Program between
1975 and 2016

1,332,363 Excluded
1,409 without a record of the birth year
514,694 no information on first malignant

neoplasma (FMN)
31,169 diagnosed before age 5

114,866 obtained from autopsy or death certificate

670,225 no information on primary malignancy

7,824,709 Eligible individuals with FMN

685,727 Patients with second malignant
neoplasma

FIGURE 1: Study design.

In subgroup analyses, HRs were calculated separately by
age at diagnosis (by quantile: <55, 55-65, 66-75, or >75
years), calendar year at diagnosis, sex, race, cohabitation
status, tumor size, tumor grade, chemotherapy/radiother-
apy, surgery, and the time interval between FMN and SMN.
Furthermore, we explored whether the relative risk of sui-
cide after a SMN diagnosis varied across different time
periods since cancer diagnosis, by analyzing the associations
in different follow-up periods (<1, 1-2, 3-4, 5-10, or >10
years). Additionally, we calculated the HRs by characteristics
of their first malignancies (i.e., tumor characteristics and
treatment utilization) to explore the potential modified role
of first malignancy among SMN patients. The statistical
significance of the difference between HRs was assessed by
including an interaction term in the Cox model.

To better interpret our findings, we also calculated
standardized mortality ratios (SMRs; i.., the ratio of the
observed to the expected number of suicide deaths) with 95%
ClIs to estimate the relative risk for suicide after SMN, as well
as FMN, using the general US population as reference.
Specifically, the number of expected suicide deaths was cal-
culated by multiplying the observed number of person-years
by age- (5 year strata), sex-, and calendar-year-specific suicide
rates derived from the general US population. We further
estimated SMRs by different follow-up periods (i.e., <1, 2-3,
4-6, or 7-12 months or 1-2, 3-5, 6-10, or >10 years) after the
SMN or FMN diagnosis to examine the immediate and long-
term impact. The statistical significance of the difference
between SMRs was assessed by the heterogeneity test.

To test the robustness of the observed associations, we
repeated the main analysis excluding SMN patients with a prior
history of FMN at the same tumor site. We further assessed the
potential influence of unmeasured confounders using the E-
value [22]. All the analyses were conducted in R software
(version 4.0). A two-sided P-value <0.05 was considered sta-
tistically significant.

3. Results

Of the 9,157,072 cancer patients in the SEER data, we
identified 7,824,709 FMN patients in the population-based
cohort, among which 685,727 individuals were exposed to a
SMN diagnosis during up to 42 years of the follow-up period
(Figure 1). With a total of 46,507,112 accumulated person-
years, the median follow-up time was 1.67 (Q1-Q3:
0.42-5.00) and 3.17 (0.67-8.67) years for the SMN and FMN
patients, respectively (Table 1). There was little difference in
race, cohabitation status, state, and tumor grade between the
SMN and FMN patients. However, compared with the FMN
patients, patients with a SMN diagnosis were more likely to
be male (58.97% vs. 51.28%), older (mean age 71.00 vs. 63.60
years), insured (49.46% vs. 38.82%), with larger tumor size
(46.92% vs. 42.31%), and not treated (37.35% vs. 44.32% and
53.46% vs. 58.59% for chemotherapy/radiotherapy and
surgery, respectively).

During follow-up, a total of 937 suicide deaths (crude
incidence rate, 3.90 per 10,000 person-years) and 10,930
suicide deaths (2.48 per 10,000 person-years) were identified
among SMN patients and FMN patients, respectively (Ta-
ble 2). Correspondingly, we observed a consistently elevated
relative risk of suicide among SMN patients compared with
FMN patients across different models; the fully adjusted HR
(model 4) was 1.23 (95% CI 1.14-1.31). Similar risk eleva-
tions were observed for alcohol-related cancers (HR 1.37;
95% CI 1.10-1.72; Figure 2) and smoking-related cancers
(HR 1.18; 95% CI 1.06-1.31). Furthermore, among all
studied cancer subtypes defined by the sites of SMN, the HRs
were most pronounced when SMN was severe cancer (HR
1.97; 95% CI 1.48-2.63) or lung cancer (HR 1.57; 95% CI
1.34-1.86; Figure 2).

In a subanalysis, the excess risk of suicide in SMN pa-
tients did not differ by calendar year, sex, race, cohabitation
status, tumor grade, tumor size, chemotherapy/
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TaBLE 1: Characteristics of the study cohort.

SMN*(N = 685727) FMNP(N =7824709)

Follow-up time, mean (SD), y 3.50 (4.47) 5.64 (6.53)
Follow-up time, median (Q1-Q3), y 1.67 (0.42-5.00) 3.17 (0.67-8.67)
Birth year, mean (SD), y 1,930 (14.70) 1,940 (18.50)
Age at diagnosis, mean (SD), y 71.00 (11.60) 63.60 (15.10)
Age group (by quantile), no. (%), y

<55 58,180 (8.48) 1,939,983 (24.79)

55-66 159,108 (23.20) 2,300,439 (29.40)

67-75 206,746 (30.15) 1,827,392 (23.35)

>75 261,693 (38.16) 1,756,895 (22.45)

Calendar year, no. (%)
1975-1984
1985-1994
1995-2004
2005-2016

26,808 (3.91)

74,360 (10.84)
163,161 (23.79)
421,398 (61.45)

668,993 (8.55)
988,075 (12.63)
2,194,895 (28.05)
3,972,746 (50.77)

Sex, no. (%)
Male
Female

404,391 (58.97)
281,336 (41.03)

4,012,867 (51.28)
3,811,842 (48.72)

Race, no. (%)
White
Black
Others/unknown

586,494 (85.53)
63,114 (9.20)
36,119 (5.27)

6,427,454 (82.14)
797,649 (10.19)
599,606 (7.66)

Cohabitation status, no. (%)

Cohabitation
Noncohabitation
Unknown

249,999 (36.46)
390,221 (56.91)
45,507 (6.64)

2,940,863 (37.58)
4,351,566 (55.61)
532,280 (6.80)

Insurance, no. (%)
Insured

339,146 (49.46)

3,037,767 (38.82)

Uninsured 3,822 (0.56) 90,885 (1.16)
Unknown 342,759 (49.98) 4,696,057 (60.02)
State, no. (%)

Alaska 533 (0.08) 7,495 (0.10)
California 216,848 (31.62) 2,767,483 (35.37)
Connecticut 63,227 (9.22) 603,280 (7.71)
Georgia 56,227 (8.20) 733,285 (9.37)
Hawaii 15,738 (2.30) 169,385 (2.16)
Towa 55,057 (8.03) 508,535 (6.50)
Kentucky 26,320 (3.84) 337,028 (4.31)
Louisiana 23,977 (3.50) 320,179 (4.09)
Michigan 73,514 (10.72) 676,773 (8.65)
New Jersey 52,786 (7.70) 664,090 (8.49)
New Mexico 17,921 (2.61) 223,539 (2.86)
Utah 19,001 (2.77) 220,849 (2.82)
Washington 64,578 (9.42) 592,788 (7.58)

Cancer sites, no. (%)
Prostate cancer
Breast cancer
Colorectal cancer
Lung cancer
Skin (nonmelanoma)
CNS° cancer
Severe cancer?
Other cancers

70,992 (10.35)
45,939 (6.70)
82,991 (12.10)
121,001 (17.65)
4,064 (0.59)
6,630 (0.97)
40,647 (5.93)
258,521 (37.70)

1,186,195 (15.16)
1,188,792 (15.19)
835,070 (10.67)
975,192 (12.46)
28,036 (0.36)
113,471 (1.45)
388,774 (4.97)
2,526,393 (32.29)

Smoking-related cancers

No
Yes

434,306 (63.34)
251,421 (36.66)

5,814,303 (74.31)
2,010,406 (25.69)

Alcohol-related cancers
No
Yes

648,254 (94.54)
37,473 (5.46)

7,467,584 (95.44)
357,125 (4.56)
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TaBLE 1: Continued.

SMN?*(N = 685727) FMNP(N = 7824709)

Tumor size, no. (%), cm
<15
>1.5
Unknown

66,741 (9.73)
321,740 (46.92)
297,246 (43.35)

791,353 (10.11)
3,310,859 (42.31)
3,722,497 (47.57)

Tumor grade, no. (%)
Well differentiated
Moderately differentiated
Poorly differentiated/undifferentiated
Unknown

61,799 (9.01)
170,021 (24.79)
155,702 (22.71)
298,205 (43.49)

734,335 (9.38)
2,069,948 (26.45)
1,900,555 (24.29)
3,119,871 (39.87)

Chemotherapy/radiotherapy
No/unknown
Yes

429,626 (62.65)
256,101 (37.35)

4,356,691 (55.68)
3,468,018 (44.32)

Surgery
No/unknown
Yes

319,150 (46.54)
366,577 (53.46)

3,240,379 (41.41)
4,584,330 (58.59)

Second malignant neoplasm. "First malignant neoplasm. “Central nervous system. “Esophageal, liver, or pancreatic cancer.

TaBLE 2: Risk of suicide among individuals with a second malignant neoplasm (SMN) diagnosis, by different adjustment strategies,
compared with individuals with a first malignant neoplasm (FMN) diagnosis.

No. of suicide cases/no. of accumulated Hazard ratio

. ) person-years x 10,000 (incidence rate/ (95%
Model information 10,000 person-years) confidence
SMN FMN interval)

Different adjustment strategies®

Model 1: adjusted for birth year, sex, and calendar year

Model 2: model 1+ sociodemographic factors (i.e., race, cohabitation
status, insurance, and state)

Model 3: model 2 + tumor characteristics (i.e., tumor size and tumor
grade)

Model 4 (full model): model 3 + cancer treatment (i.e., chemotherapy/
radiotherapy and surgery)

1.24 (1.16-1.32)

1.23 (1.15-1.32)
937/2,401,152.92  10930/44,105,958.92
(3.90) (2.48) 1.22 (1.14-1.31)

1.23 (1.14-1.31)

“Cox model was used to estimate hazard ratios (HRs), adjusted for covariates listed in the model information column.

Hazard ratio®
(95% confidence

No. of suicide cases/No. of accumulated person-years x 10000
(incidence rate/10000 person-years)

SMN FMN interval)
By sites of SMN
Prostate cancer 179/382882.75 (4.68) 10930/44105958.92 (2.48) -o— 1.06 (0.91-1.23)
Breast cancer 14/259088.83 (0.54) 10930/44105958.92 (2.48) o - 0.61 (0.36-1.04)
Colorectal cancer 109/334047.75 (3.26) 10930/44105958.92 (2.48) —o— 1.22 (1.01-1.47)
Lung cancer 147/216677 (6.78) 10930/44105958.92 (2.48) —o— 1.57 (1.34-1.86)
Skin (nonmelanoma) 6/15619.21 (3.84) 10930/44105958.92 (2.48) ° 1.14 (0.51-2.55)

CNSPcancer 5/8971.88 (5.57) 10930/44105958.92 (2.48) 1.42 (0.59-3.41)

Severe cancer® 47/43712.96 (10.75) 10930/44105958.92 (2.48) —e——— 1.97 (1.48-2.63)

Other cancer 381/962733.88 (3.96) 10930/44105958.92 (2.48) - 1.21 (1.10-1.34)
By lifestyle-related cancers

Smoking-related cancers ~ 392/633018.63 (6.19) 3132/6335748.08 (4.94) 1.18 (1.06-1.31)

Alcohol-related cancers 86/87092.46 (9.87) 765/1211261.21 (6.32) —— 1.37 (1.10-1.72)

05 1.0 15 20 25 30 35

Hazard ratio (95% confidence interval))

FIGURE 2: Risk of suicide among individuals with a second malignant neoplasm (SMN) diagnosis, by cites of SMN or lifestyle-related
cancers, compared with individuals with a first malignant neoplasm (FMN) diagnosis. “Cox model was used to estimate hazard ratios (HRs),
adjusted for birth year, sex, calendar year, race, cohabitation status, insurance, state, tumor size, grade, chemotherapy/radiotherapy, and
surgery. "Central nervous system. “Esophageal, liver, or pancreatic cancer.



Computational Intelligence and Neuroscience

TaBLE 3: Risk of suicide among individuals with a second malignant neoplasm (SMN) diagnosis, by different characteristics, compared with
individuals with a first malignant neoplasm (FMN) diagnosis.

No. of suicide cases/no. of accumulated person-
years x 10,000 (incidence rate/10,000 person-

Hazard ratio® (95% confidence

years) interval) P difference
SMN FMN
By age at diagnosis (by quantile), y 0.0003
<55 75/315,337.92 (238) 28V 1?1’87160)’144'5 8 1.38 (1.09-1.73)
55-65 223/687,006.17 (3.25) 3234/1(32’7393’478'21 1.32 (1.15-1.52)
66-75 339/747,527.17 (4.53) 2816/9,059,181.29 (3.11) 1.33 (1.19-1.50)
>75 300/651,281.67 (4.61) 2100/5,442,154.83 (3.86) 0.96 (0.85-1.09)
By calendar year, y 0.15
1975-1984 68/116,017.71 (5.86) 1584/5,375,711.83 (2.95) 1.43 (1.12-1.82)
1985-1994 191/364,410.29 (5.24) 2296/8,174,559.13 (2.81) 1.40 (1.21-1.63)
1995-2004 260/789,008.79 (3.29) 373/ 1(62’218;)’736'13 1.21 (1.06-1.37)
418/1,130,816.13 3577/14,270,951.83
2005-2016 (3.70) (2.51) 1.17 (1.05-1.29)
By sex 0.99
825/1,320,654.54 9030/20,956,633.67
Male (6.23) (431 1.20 (1.11-1.29)
112/1,080,498.38 1900/23,149,325.25
Female (1.04) (0.82) 1.20 (0.99-1.46)
By race 0.066
. 880/2,091,732.79 10060/36,981,749.92
White (421 272) 1.23 (1.15-1.32)
Black 38/181,568.13 (2.09)  368/3,798,398.25 (0.97) 1.70 (1.21-2.41)
By cohabitation status 0.45
Cohabitation 336/746,244.92 (4.50) 4120/13,911,216.5 (2.96) 1.20 (1.07-1.35)
o 546/1,493,855.42 5939/27,156,872.79
Noncohabitation (3.65) (2.19) 1.27 (1.16-1.39)
By tumor size, cm 0.057
<15 79/321,027 (2.46) 758/5,869,076.38 (1.29) 1.39 (1.10-1.76)
366/1,025,931.79 3640/16,163,041.38
>1.5 (3.57) (3.25) 1.08 (0.97-1.21)
By tumor grade 0.81
Well differentiated 86/306,398.13 (2.81) 1000/5,384,767.58 (1.86) 1.29 (1.03-1.61)
Moderately differentiated 275/769,611.54 (3.57) 3179/1?2’0;1)’744'63 1.37 (1.21-1.56)
Poorly differentiated/
undifferentiated 252/473,608.54 (5.32) 2696/8,978,857.25 (3.00) 1.40 (1.23-1.60)
By chemotherapy/radiotherapy 0.91
630/1,590,770.13 6701/25,942,336.79
No/unknown (3.96) (2.58) 1.22 (1.13-1.33)
Yes 307/810,382.79 (3.79) 4229/1?2’13633)’622’13 1.23 (1.09-1.38)
By surgery 0.0011
No/unknown 397/662,482.42 (5.99) 6% 1&63090)’5 7279 1.07 (0.96-1.18)
540/1,738,670.5 6276/33,505,386.13
Yes G1D (187 1.35 (1.23-1.48)
By time interval between FMN and 0.84
SMN, y ’
<1 246/630,900.92 (3.90) 10930/4(;’411(2)5)958.92 1.24 (1.09-1.40)
2-3 195/464,630.75 (4.20) 10930/4(;)411?5)958.92 1.29 (1.12-1.49)
4-6 189/486,033.92 (3.89) 10930/44,105,958.92 1.19 (1.03-1.38)

(2.48)
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TasLE 3: Continued.
No. of suicide cases/no. of accumulated person-
years x 10,000 (incidence rate/10,000 person- Hazard ratio® (95% confidence
years) interval) Pdifference
SMN FMN
>6 307/819,587.33 (3.75) 1093/ ‘g’}g’% 8.92 1.20 (1.07-1.34)
By follow-up periods, y 0.95
<1 376/509,112.92 (7.39) 3131/6,261,779.63 (5.00) 1.18 (1.06-1.31)
1-2 153/784,901.33 (1.95) 1V 1(()1’5 4141)’420'75 1.26 (1.06-1.49)
199/1,328,072.67 2368/20,421,357.75
3.4 (1.50) L.16) 1.22 (1.06-1.42)
143/1,387,784.33 2210/26,923,811.17
5-10 (1.03) (0.82) 1.24 (1.05-1.48)
>10 66/904,527.5 (0.73) 1711/26,133,082.67 1.28 (1.00-1.63)

(0.65)

“Cox model was used to estimate hazard ratios (HRs), adjusted for birth year, sex, calendar year, race, cohabitation status, insurance, state, tumor size, grade,

chemotherapy/radiotherapy, and surgery.

radiotherapy, and the time interval between FMN and SMN
(Table 3). Likewise, similar estimates were found across
different follow-up periods (Pgigerence=0.95; Table 3).
However, the HRs were somewhat higher among younger
patients (Pgiference = 0.0003) and patients treated with sur-
gery (Pifference = 0.0011). A greater risk of suicide was also
observed in SMN patients who underwent chemotherapy/
radiotherapy (Pgifference = 0.013) and surgery
(Pifference = 0.045) for their first malignancy (Table 4).

The calculation of SMRs, using the general US pop-
ulation as a reference, revealed a further increased risk of
suicide among SMN patients (SMR 1.65 (95% CI 1.54-1.75))
relative to FMN patients (SMR 1.29 (95% CI 1.26-1.31);
P gitterence <0.0001). Across different follow-up periods, the
changing patterns were similar between SMN patients and
FMN patients, both of which showed the highest estimates
within the first 3 months after cancer diagnosis (Figure 3 and
Supplementary Table 2). The excess risk then experienced a
rapid decline but remained at a significant level for up to 5
years.

In sensitivity analysis, we observed largely comparable
results after excluding SMN patients whose first malignancy
was at the same tumor site (Supplementary Table 3). In
addition, the calculation of the E-value revealed that a
minimal magnitude of 1.76-fold increased risk of suicide
death that was associated with the unmeasured confounders
would be needed to entirely explain the observed
association.

4, Discussion

To the best of our knowledge, this is the first large-scale
cohort study that examined the risk of suicide among cancer
survivors who developed a SMN, using population-based
register data in the USA. We found that compared with
FMN patients, patients with a SMN diagnosis, particularly
those diagnosed at a younger age, with aggressive SMN, or
had received surgery treatment for the SMN, were at an
increased risk of suicide death within the entire follow-up

period after adjusting for many potential confounders.
Importantly, as the calculations of relative risk (i.e., SMR) of
suicidal death relative to the general US population revealed
a high-risk time period (i.e., the first 3 months after SMN
diagnosis), such finding highlights the time window for
suicide intervention among SMN patients.

The immediate suicide risk following a FMN diagnosis
has been well estimated in previous studies, suggesting
cancer diagnosis as an acute stressor that can lead to suicide
behaviors [11, 13, 23]. Nevertheless, with regard to SMN,
data from large longitudinal studies are scarce. We therefore
have limited knowledge about the suicide risk among SMN
patients, and whether the level of such a risk is comparable
or superior to that among FMN patients. In our study, we,
for the first time, showed a significant impact of a SMN
diagnosis on the subsequent suicide risk, relative to a FMN
diagnosis. Despite the absence of comparable data from
studies with a similar design, our findings gain support from
previous investigations that consistently suggested cancer
survivors with multiple primary cancers had more frequent
or greater psychological distress than survivors of single
cancer, which was measured by the number of days of self-
reported mental-health-related feelings in the past month
[15-17]. Such results indicate that a diagnosis of subsequent
primary cancer might bring additional adverse effects on the
mental health among cancer survivors. Moreover, in a study
also based on the SEER database, it focused on the sex
disparity of suicide risk among cancer patients, and the
authors reported an increased risk for suicidal death among
secondary primary head and neck cancer patients, compared
with those with head and neck cancer as the first primary
cancer, which is in line with our present results [24]. Fur-
thermore, the comparison with the general population
corroborates the findings by illustrating consistently higher
SMRs among SMN than FMN patients over time since the
diagnosis. Those two groups of patients, however, shared a
temporal pattern of suicide death risk, with the period
shortly after the cancer diagnosis (i.e., within 3 months for
both SMN and FMN) as a high-risk time period with the
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TaBLE 4: Risk of suicide among individuals with a second malignant neoplasm (SMN) diagnosis, by characteristics of the first malignancy,
compared with individuals with a first malignant neoplasm (FMN) diagnosis.

No. of suicide cases/no. of accumulated person-
years x 10,000 (incidence rate/10,000 person-

Hazard ratio® (95% confidence

years) interval) P difference
SMN FMN
By FMN tumor size, cm 0.57
<15 62/260,141.08 (2.38)  758/5,869,076.38 (1.29) 1.55 (0.77-3.12)
>1.5 285/839,718.17 (3.39) 3’640/1(62’1223;’041'38 1.26 (1.06-1.50)
By FMN grade 0.54
Well differentiated 118/318,247.38 (3.71) 1,000/5,384,767.58 (1.86) 1.39 (0.82-2.36)
Moderately differentiated 334/817,983.33 (4.08) 3’179/1é%t§’744'63 1.65 (1.37-1.99)
Poorly differentiated/ 212/466,502.54 (4.54) 2,696/8,978,857.25 (3.00) 1.86 (1.47-2.37)
undifferentiated
By FMN chemotherapy/radiotherapy 0.013
590/1,525,397.25 6,701/25,942,336.79
No/unknown (3.87) (2.58) 1.28 (1.16-1.41)
Yes 347/875,755.67 (3.96) 2% 1(%13633)’622'13 1.64 (1.39-1.95)
By FMN surgery 0.045
No/unknown 272/512,397.08 (5.31) 0% 1&6309(;’572'79 1.18 (0.99-1.40)
Yes 665/1,888,755.83 6,276/33,505,386.13 145 (1.31-1.61)

(3.52)

(1.87)

*Cox model was used to estimate hazard ratios (HRs), adjusted for birth year, sex, calendar year, race, cohabitation status, insurance, state, tumor size, grade,

chemotherapy/radiotherapy, and surgery.

SMRs

<1 2-3 4-6 7-12
months months months months

1-2
years

3-5
years

6-10
years

>10
years

Follow-up periods

—e— SMN
—a— FMN

F1GURE 3: Change of the suicide standardized mortality ratios (SMRs) over follow-up periods among patients with first malignant neoplasm
(FMN) or second malignant neoplasm (SMN), compared with the general population. The expected number for suicide deaths during the
study period was derived from age (5 year groups), sex, and calendar year (1 year groups) suicide death rate for the USA.

most frequent suicide deaths. The observed temporal pattern
was in accordance with our previous findings on the risk
patterns of mental disorders after the cancer diagnosis [8].
These results further indicate the psychological stress

induced by the diagnosis of the subsequent malignant
neoplasm and call for attention to monitor the mental health
status of cancer survivors, especially for those who experi-
enced a recent diagnosis of cancer, and to carry out
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necessary thought interventions, such as initiating timely
psychosocial care [25] and providing prompt suicide risk
screening [26].

Besides the repeated exposure to a notorious stressful
event such as cancer diagnosis [27], other explanations for
the phenomenon that SMN patients might suffer from a
higher level of psychological stress, in comparison with
FMN patients, include poorer mental health status (e.g.,
being more likely to have the serious psychological dis-
order) [15], worse overall health condition (e.g., being
reported more health-related bed days) [15], poorer
quality of life [28], and undermined socioeconomic status
due to the treatment of FMN [29]. In addition, even if
patients eventually survived their cancer, cancer treat-
ment itself could be invasive and painful and often ac-
companied by severe side effects that could traumatize
cancer survivors for an extended period of time [30].
Therefore, the fear of cancer treatment can be another
underlying trigger that contributes to more suicidal be-
haviors among SMN patients. Indeed, in our analysis, we
found SMN patients who underwent chemotherapy/ra-
diotherapy or surgery for their FMN had a higher relative
risk for suicide death, providing supportive evidence to
this notion.

The major merits of our study include the large pop-
ulation-based sample of cancer survivors across the USA and
the complete follow-up period, which ensures the pre-
sentiveness of the study sample. Also, the large sample size
enabled detailed analyses for all subgroups, especially by
different follow-up times since diagnosis. The data on cancer
diagnosis and cause of death are collected prospectively and
independently, which minimizes the risk of information
bias. In addition, using the enriched information on tumor
characteristics and cancer treatment, we were able to control
for important tumor- and treatment-related confounders in
our analysis.

Our study has several limitations. First, the misclas-
sification of some causes of death may be a concern.
However, it is unlikely that the misclassification would
differ substantially between patients with malignancy and
the general population. Second, the SEER program merely
recruited cancer patients, lacking a cancer-free group as a
reference. However, the comparisons of the suicide rates
between our study population and the age-, calendar-
year-, and sex-matched general population through SMR
calculation facilitate the identification of high-risk time
window of suicide for timely and effective intervention.
Third, due to the lack of information on some potential
confounders, such as lifestyle factors, preexisting psy-
chiatric disorders, and history of somatic illness, the re-
sidual confounding could be an issue. During analysis, we
have made extra efforts by analyzing lifestyle-related
cancers (i.e.,, alcohol- and smoking-related cancers)
separately. As such analyses led to comparable estimates,
it seems the lifestyle factor did not substantially modify
the observed associations. The role of preexisting psy-
chiatric disorders and history of somatic illness need to be
assessed in further investigations. However, the calculated
E-value suggested that the observed association was

unlikely to be entirely explained by the unmeasured
confounding. Finally, the generalization of our findings to
the entire nation or other populations needs cautions
since SEER areas had better case completeness, greater
economic disadvantage, and greater minority diversity
than non-SEER areas [31]. Despite these discrepancies, we
assume these factors should have a limited effect on the
studied association as we compared individuals with FMN
to those with SMN in our study, all of which come from
SEER areas.

In conclusion, this population-based cohort in the USA
indicated that cancer survivors receiving a SMN diagnosis
were at an increased risk of suicide, compared with either
patients with FMN or the general population. The excess risk
was most pronounced within the time period immediately
after the SMN diagnosis, highlighting the necessity of
providing timely psychological support to patients suffering
SMN.
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