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Abstract

Detection and diagnosis of early and subclinical stages of Alzheimer’s Disease (AD) play an
essential role in the implementation of intervention and prevention strategies. Neuroimaging
techniques predominantly provide insight into anatomic structure changes associated with
AD. Deep learning methods have been extensively applied towards creating and evaluating
models capable of differentiating between cognitively unimpaired, patients with Mild Cogni-
tive Impairment (MCl) and AD dementia. Several published approaches apply information
fusion techniques, providing ways of combining several input sources in the medical
domain, which contributes to knowledge of broader and enriched quality. The aim of this
paper is to fuse sociodemographic data such as age, marital status, education and gender,
and genetic data (presence of an apolipoprotein E (APOE)-¢4 allele) with Magnetic Reso-
nance Imaging (MRI) scans. This enables enriched multi-modal features, that adequately
represent the MRI scan visually and is adopted for creating and modeling classification sys-
tems capable of detecting amnestic MCI (aMCI). To fully utilize the potential of deep convo-
lutional neural networks, two extra color layers denoting contrast intensified and blurred
image adaptations are virtually augmented to each MRI scan, completing the Red-Green-
Blue (RGB) color channels. Deep convolutional activation features (DeCAF) are extracted
from the average pooling layer of the deep learning system Inception_v3. These features
from the fused MRI scans are used as visual representation for the Long Short-Term Mem-
ory (LSTM) based Recurrent Neural Network (RNN) classification model. The proposed
approach is evaluated on a sub-study containing 120 participants (aMCI = 61 and cogni-
tively unimpaired = 59) of the Heinz Nixdorf Recall (HNR) Study with a baseline model
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accuracy of 76%. Further evaluation was conducted on the ADNI Phase 1 dataset with 624
participants (aMCI = 397 and cognitively unimpaired = 227) with a baseline model accuracy
of 66.27%. Experimental results show that the proposed approach achieves 90% accuracy
and 0.90 F;-Score at classification of aMCl vs. cognitively unimpaired participants on the
HNR Study dataset, and 77% accuracy and 0.83 F;-Score on the ADNI dataset.

Introduction

Alzheimer’s disease (AD) is a progressive neurodegenerative disease that causes behavioral
changes and deterioration of memory and other cognitive domains [1]. Because there is

no causal treatment for AD dementia, identifying early stages of the disease and preclinical
markers will help to implement intervention and prevention strategies [2]. Mild cognitive
impairment (MCI) is a clinical entity that describes the stage between cognitive changes of
normal aging and dementia [3, 4]. The amnestic MCI (aMCI) subtype has a high probability of
progressing to AD dementia [2]. Robust and reliable systems for early aMCI classification that
aid doctors to identify high risk individuals are needed.

Individuals with aMCI have a higher risk to develop AD dementia, but some individuals
also revert to normal or stay stable without reaching the AD dementia stage [5]. Thus, it would
be beneficial to implement an additional classification system for progression that does not
need any invasive biomarker assessments (like beta-amyloid or tau in the cerebrospinal fluid).
Magnetic resonance imaging (MRI) techniques offer a broad visual representation, that can be
adopted for this purpose. For an effective classification of images, the selection and combina-
tion of adequate features, and labeled training data is crucial. The more knowledge present,
the more enriched image representations are available. The selection and combination of fea-
tures for an adequate representation of the images is essential for creating effective classifica-
tion systems. Several research explorations using multi-modal representations and aiming to
sufficiently represent biomedical and medical images achieve higher prediction accuracies. In
Codella et al. [6], automated medical image modality recognition was achieved by fusing visual
and text information. Valavanis et al. [7] and Pelka et al. [8] adopted a combination of visual
representation with text information extracted from captions to classify and predict the image
modality at the ImageCLEF2016 Medical Task [9].

Deep learning techniques [10] have improved prediction accuracies in object detection
[11], speech recognition [12] and in medical imaging [13, 14]. These positive results are attrib-
utable to large amounts of natural scene data sets available, as they provide adequate feature
representation for transfer learning [15]. However, a major concern in the medical domain is
the insufficient number of large datasets such as ChestX-Ray8 database [16] and the Open-
fMRI project [17]. This is due to the fact that detailed annotation of medical images is time-
consuming, prone to errors and restricted by data protection rules. Therefore, image classifica-
tion tasks in the medical domain are challenging, regarding sufficient and efficient feature
selection. On the other hand, there are several input sources in the medical domain. These can
be fused together, such as combining MRI with patient clinical information or several imaging
modalities, as well as radiology reports with images, to obtain better medical image under-
standing. There is no restriction to the usage of the fused data, as it can be applied to several
challenging medical tasks.
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Related work

Successful research work regarding the prediction of the conversion from mild cognitive
impairment to Alzheimer’s disease have been reported using multimodal features from sev-
eral input sources. Spasov et al. [18] proposed a MCI to AD conversion and AD vs. healthy
controls detection using deep learning techniques to combine structural MRIs with demo-
graphic, neuropsychological and APOE-£4. The proposed model is based on dual learning
and an ad hoc layer for 3D separable convolutions. Generative methods that detect occuring
patterns were applied by Yang et al. [19] to characterize Alzheimer’s Disease using image
and categorical genetic features, based on supervised topic modeling. In Lee et al. [20], a
multimodal recurrent neural network using demographic information, longitudinal cogni-
tive performance and cross-sectional neuroimaging biomarker was adopted for MCI to AD
conversion prediction. The experimented objective was a sequential data classification and
several Gated Recurrent Unit (GRU) for each data modality were trained and adopted for
MCI prediction.

Several prior works Zhang et al. [21], Liu et al. [22], Samper-Gonzalez et al. [23] and Huang
et al. [24] apply machine learning and neuroimaging to distinguish between cognitively unim-
paired controls and patients with MCI and AD. A traditional way is to first extract features like
volume, cortical thickness or gray matter volume from neuroimaging and then perform fea-
ture selection, as well as dimension and noise reduction. Finally, a feature-based classification
is then conducted. This approach has been presented in multiple research work including
Bloch et al. [25] and Serensen et al. [26]. Choosing the best feature combination for several
medical tasks can be tedious, time-consuming and challenging. As automatic feature-extrac-
tion from 3D-images is often combined with high computational effort, Liu et al. [22] and
Huang et al. [24] use deep learning methods to extract information directly from the MRI
scans, which improves the overall classification results.

Multimodal approaches have shown to obtain encouraging results in other domains as well,
such as biomedical image analysis. These attempts combine image and text representation into
one vector, with which the image classifiers are trained. Adopting this method, the connec-
tions in low-level features can be exploited. For the ImageCLEF 2015 Medical Tasks [27], late
fusion methods were applied in Pelka et al. [28] to fuse decision values from a multiclass linear
kernel Support Vector Machine (SVM) [29] and Random Forest [30] classifiers to predict the
modality of subfigures extracted from the PubMed Central (PMC) Open Access Subset [31].
In [32], automatic generated semantic information from Unified Modeling Language System
(UMLS) [33] concepts were combined with Bag-of-Keypoints representations [34] computed
with Dense (dSIFT) [35] features and applyed for predicting image modality, body region
examined, orientation of the image and biological system investigated. This approach was fur-
ther explored in Pelka et al. [36] by using Deep convolutional activation features (DeCAF)

[37] to obtain an optimized medical image body region classification.

Inspired by this and earlier work on body region detection in Pelka et al. [38], we propose
an approach that brands encoded sociodemographic and genetic data onto MRI 2D slices to
obtain an enhanced image representation, to reduce computational load.

Due to the limited number of annotated medical images available, we propose to learn aug-
mented deep convolutional activation features in a recurrent neural network framework for an
optimized aMCI classification. These features are extracted with the Inception_v3 [39] deep
learning model, thereby exploring the potential of Transfer Learning [15] from pre-trained
ImageNet models. Promising results using deep convolutional activation features (DeCAF)
have been presented by various work, including Gong et al. [40], Yosinski et al. [41], Sinha
et al. [42] and Razavian et al. [43]. Our contributions in this paper are:
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o A novel fusion method for branding MRI scans with patient sociodemographic and genetic
data.

« Enhancement of MRI scans by augmenting two extra color layers.
o Transfer Learning is utilized for creating deep convolutional activation features.

« Long short-term memory (LSTM) based Recurrent Neural Networks (RNN) are utilized for
modeling approaches

« Evaluation on sub sample of the Heinz Nixdorf Recall (HNR, Risk Factors, Evaluation of
Coronary Calcium and Lifestyle) Study with 1.5T-weighted MRI scans.

« Further evaluation was conducted on the Alzheimer’s Disease Neuroimaging Initiative
(ADNI) Phase 1 dataset with 1.5T-weighted MRI scans.

Materials and methods
Study population

The proposed data fusion techniques were evaluated using a sub sample of 61 participants
with aMCI and 59 cognitively unimpaired controls derived from the Heinz Nixdorf Recall
(HNR) Study [44] and further evaluated on the ADNI Phase 1 dataset, an open-accessible
state-of-the-art ADNI Phase 1 dataset distributed by the Alzheimer’s Disease Neuroimaging
Initiative (https://adni.loni.usc.edu) [45].

The HNR Study is a population-based prospective cohort study with subjects randomly
selected from mandatory lists of residence. Its major aim is to evaluate the predictive value of
coronary artery calcification using electron-beam computed tomography for myocardial
infarction and cardiac death in comparison to other cardiovascular risk factors. Details of the
study methods have been previously described in detail [44]. Ethics Statement for the use of
the HNR study population from IRB of University Hospital Essen, Essen, Germany dated
2009-10-23 and 2012-06-06 to Prof. Dr. C. Weimar, registration number: 06-3116 is available
and was approved by the university review board. All participants provided written informed
consent.

Briefly, 4814 participants 45 to 75 years of age were enrolled between 2000 and 2003 in the
Ruhr area in Germany. Five years after baseline (2005-2008, n = 4,145), the first follow-up of
the HNR Study was conducted and included a short cognitive assessment (for details see [46]).
This cognitive assessment was evaluated and validated in a sub-study [46]. The longitudinal
sub-study comprises a more comprehensive neuropsychological assessment (see below), a
neurological exam assessed by a certified neurologist and MRI volumetric data [1, 46]. Partici-
pants with dementia (n = 7), severe depression (ADAS depression subscale score >4, n = 13),
Parkinson disease (n = 5), mental retardation (n = 2), severe alcohol consumption (for
women: >20 g/day; for men: >40 g/day, n = 2), known brain cancer (n = 1), severe problems
with the German language (foreign persons, n = 9) and severe sensory impairment (n = 2)
leading to invalid cognitive testing were excluded from the sub-study.

ADNI is a consortium of several medical centers and universities in the United States and
Canada, and was established to create biomarker procedures and standardized imaging tech-
niques in subjects with MCI, subjects with AD, and normal subjects [45]. Led by Principal
Investigator Michael W. Weiner, MD., ADNI was launched in 2003 as a public-private part-
nership. One of the major aims of this initiative was to develop an accessible data repository
that contains serial magnetic resonance imaging (MRI), positron emission tomography
(PET), other biological markers, and clinical and neuropsychological assessment. Using this
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repository, modeling approaches capable off measuring the progression of mild cognitive
impairment (MCI) and early Alzheimer’s disease (AD) can implemented and evaluated. For
up-to-date information, see http://www.adni-info.org and details about the ethics statement of
the ADNI study population can be found at https://adni.loni.usc.edu.

All enrolled subjects in the ADNI Phase 1 dataset were between 55 and 90 years of age,
could either speak Spanish or English and were classified as normal controls, subjects with
MCI or subjects with mild AD [45]. Participants with no memory complaints were classified
as normal subjects. The Clinical Dementia Rating (CDR) for normal, MCI, and AD subjects
were 0, 0.5 and > 0.5, respectively [45]. All classified subjects had a study partner with over 10
hours contact per week, adequate visual and auditory perceptiveness, at least 6 years of educa-
tion or similar work biography, and general good health, a geriatric depression score of >= 4
[45]. Female participants had to be either 2 years past child bearing potential or sterile. Further
information on subject selection is detailed in Petersen et al. [45].

Evaluation of cognitive status and aMCI diagnosis

Detailed information on the neuropsychological assessment to identify participants with MCI
of the HNR Study has been described in Dlugal et al. [47]. Briefly, the standardized neuropsy-
chological examination was conducted by a neuropsychologist using the following tests:

1. The Alzheimer’s Disease Assessment Scale (ADAS) [48]
2. Number Connection Test from the NAI [49]

3. Verbal Fluency Test [50] (two subtests with a formal lexical category and two subtests with
a semantic category)

4. Instrumental Activities of Daily Living scale to assess disability [49]

Using these tests, the following areas of neuropsychological functioning were covered: ver-
bal memory, orientation/praxis, information processing speed, executive functions and verbal
abilities. A cognitive domain was rated as impaired if the performance was more than 1 stan-
dard deviation (SD) below the age adjusted mean.

Because the MCI due to AD criteria by Albert et al. [51] were not yet published when the
sub-study started, the Winblad et al. [52] MCI criteria were used to diagnose aMCI. The 61
aMCI participants had to meet all of the following aMCI criteria:

1. cognitive impairment in the verbal memory domain
2. subjective cognitive decline

3. normal functional abilities and daily activities

4. no dementia diagnosis

The final decision about aMCI diagnosis was ultimately made by consensus agreement
between the examining neurologist and neuropsychologist taking into account the medical
history related to cognitive functioning, duration of such symptoms, the history of other medi-
cal illnesses and current treatment for each participant. The diagnosis aMCI is equivalent to
the diagnosis of MCI due to AD without biomarker information representing the core clinical
criteria as proposed by Albert et al. [51]. Participants who did not show cognitive impairment
in any domain were considered as cognitively unimpaired and categorized as “Controls”.

For the ADNI Phase 1 Population, the Assessment is detailed in Petersen et al. [45].

PLOS ONE | https://doi.org/10.1371/journal.pone.0236868 September 25, 2020 5/24


http://www.adni-info.org
https://adni.loni.usc.edu
https://doi.org/10.1371/journal.pone.0236868

PLOS ONE MRI-based detection of amnestic mild cognitive impairment using sociodemographic data, APOE and deep learning

Covariates

To fuse several input sources in the medical domain, MRI combined with the following socio-
demographic characteristics were used: age, gender, education and marital status. Education
was classified by the International Standard Classification of education (ISCED) as total years
of formal education, combing school and vocational training [53]. For the HNR Study, the
continuous education variable was grouped into three categories, with the highest category of
14 and more years of education and the lowest category with 10 and fewer years. Participants
were asked about their marital status using the following categories (married, widowed,
divorced and single). For the ADNI Phase 1 dataset, education was based on the Logical Mem-
ory II subscale of the Wechsler Memory Scale-Revised [54] and on subject classification. For
normal subjects, the cutoft scores were >=9 for 16 years of education, >= 5 for 8 to 15 years
of education and >= 3 for 0 to 7 years. For subjects with MCI and subjects with AD, the cutoff
scores were <= 8 for 16 years of education, <=4 for 8 to 15 years of education and <=2 for 0
to 7 years.

Furthermore, genetic information was adopted for the proposed fusion approach prior to
training the classification model. The apolipoprotein E (APOE)-£4 allele is the main genetic
risk factor for sporadic AD [55]. For the HNR Study, Cardio-MetaboChip BeadArrays were
used for genotyping of two single-nucleotide polymorphisms (rs7412 and rs429358) to dis-
criminate between the APOE alleles £2, £3, and 4. Participants defined as APOE-£4 positive
had at least one allele 4 (2/4, 3/4, 4/4). All other participants were defined as APOE-£4 nega-
tive. Information regarding APOE-£ on the ADNI Phase 1 dataset is detailed in Petersen et al.
[45].

Dataset

Table 1 shows the distribution of the sociodemographic data variables age, gender, education,
marital status and genetic data variable APOE-£4 genotype (defined as “Participant Data”) for
aMCI and cognitively unimpaired controls on the applied sub sample. All participants were
scanned with a single 1.5T MR scanner (Magneton Avanto, Siemens Healthcare, Erlangen)
with 60cm bore diameter, 200T/m/s slew rate, 160cm length and 40/40/45 mT/m gradient
strength [1].

To additionally examine the proposed approach, the open-accessible state-of-the-art ADNI
Phase 1 dataset was used, which is distributed by the Alzheimer’s Disease Neuroimaging Initia-
tive (https://adni.loni.usc.edu) [45]. This initiative is a consortium of several medical centers
and universities in the United States and Canada, and was established to create biomarker pro-
cedures and standardized imaging techniques in subjects with MCI, subjects with AD, and
normal subjects [45]. Led by Principal Investigator Michael W. Weiner, MD., ADNI was
launched in 2003 as a public-private partnership. One of the major aims of this initiative was
to develop an accessible data repository that contains serial magnetic resonance imaging
(MRI), positron emission tomography (PET), other biological markers, and clinical and
neuropsychological assessment. Using this repository, modeling approaches capable off mea-
suring the progression of mild cognitive impairment (MCI) and early Alzheimer’s disease
(AD) can be implemented and evaluated. For up-to-date information, see http://www.adni-
info.org. Table 2 shows the distribution of the participant data variables used for this evalua-
tion from the ADNI Phase 1 dataset.

Data fusion

The presented work proposes an approach to fuse sociodemographic data and APOE-£4 with
MRI scans, enabling enriched multi-modal image representation. This is fundamental for
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Table 1. HNR Study explorative analysis. Summary statistics computed on the sub-study of the HNR Study adopted for the proposed fusion approach. Participant Data
denotes the sociodemographic data (age, marital status, education, gender) and genetic data (APOE-£4). The total number of particpants is n = 120.

Participant Data aMCI Controls Sum
agey, 46-55 1 (50.00%) 1 (50.00%) 2(1.67%)
56-65 15 (60.00%) 10 (40.00%) 25 (20.83%)
66-75 31 (48.44%) 33 (51.56%) 64 (53.33%)
76-85 14 (48.28%) 15 (51.72%) 29 (21.17%)
gender Female 24 (50.00%) 24 (50.00%) 48 (40.00%)
Male 37 (51.39%) 35 (48.61%) 72 (60.00%)
education,, <=10 15 (55.56%) 12 (44.44%) 27 (22.50%)
11-13 37 (53.62%) 32 (46.38%) 69 (57.50%)
>=14 9 (37.50%) 15 (62.50%) 24 (20.00%)
marital status Married 49 (51.04%) 47 (48.96%) 96 (80.00%)
Widowed 8 (57.14%) 7 (42.86%) 14 (11.67%)
Divorced 4 (57.14%) 3 (42.86%) 7 (5.83%)
Single 0 (0%) 2 (100%) 2 (1.67%)
APOE-£4 Positive 21 (63.64%) 12 (36.36%) 33 (27.50%)
Negative 40 (45.98%) 47 (54.02%) 87 (72.50%)
Sum 61 (50.83%) 59 (49.17%) 120 (100.00%)

aMCI = Amnestic Mild cognitive impairment

Controls = Cognitively unimpaired

https://doi.org/10.1371/journal.pone.0236868.t001

Table 2. ADNI Phase 1 dataset explorative analysis. Summary statistics computed on ADNI Phase 1 dataset adopted for the proposed fusion approach. Participant Data
denotes the sociodemographic data (age, marital status, education, gender) and genetic data (APOE-£4). The total number of particpants is n = 624.

Participant Data aMCI Controls Sum
age,; 46-55 3 (100.00%) 0 (00.00%) 2 (00.48%)
56-65 52 (89.66%) 6(10.34%) 58 (09.29%)
66-75 158 (58.52%) 112 (41.48%) 270 (43.27%)
76-90 184 (62.80%) 109 (37.20%) 293 (46.96%)
gender Female 141 (56.40%) 109 (43.60%) 250 (40.01%)
Male 256 (68.45%) 118 (31.55%) 374 (59.94%)
educationYr <=10 20 (66.67%) 10 (33.33%) 30 (04.80%)
11-13 79 (72.48%) 30 (27.52%) 109 (17.46%)
>=14 298 (61.44%) 187 (38.56%) 485 (77.72%)
marital status Married 318 (67.23%) 155 (32.77%) 473 (75.80%)
Widowed 48 (55.17%) 39 (44.83%) 87 (13.94%)
Divorced 25 (59.52%) 17 (40.48%) 42 (06.73%)
Single 6(27.27%) 16 (72.72%) 22 (03.53%)
APOE-£4 Positive 185 (52.56%) 167 (47.44%) 352 (56.41%)
Negative 212 (77.94%) 60 (22.06%) 272 (43.59%)
Sum 397 (63.62%) 227 (36.38%) 624 (100.00%)

aMCI = Amnestic Mild cognitive impairment

Controls = Cognitively unimpaired

https://doi.org/10.1371/journal.pone.0236868.t002
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Participant Data Values
46 - 55 56 - 65 66 - 75 76 - 85
e i - - i
gender Male Female
education <=10 11-14 >= 14
é i - -
|
. Married | Widow Divorced | Single
marital status l H B u
APOF-¢4 Polsmve %egatlve

l 1st branding marker option
5 2nd branding marker option
Q 3rd branding marker option
D 4th branding marker option

Fig 1. Marker for branding. Generated markers applied for fusing sociodemographic data and APOE-£4 data with 2D
slices of MRI scans. Each marker denotes the different values for clinical data variables. Participant Data denote the
sociodemographic data variables (age, marital status, education, gender) and genetic data variable (APOE-£4). The
markers were randomly distributed amongst values per variable.

https://doi.org/10.1371/journal.pone.0236868.9001

image classification and retrieval purposes, and is not limited to computer-aided decision sys-
tems for clinical diagnoses. Positive results have been presented for 2D Images in Pelka et al.
[38], where automatic generated keywords were incorporated onto x-ray and biomedical
images. Several branding options such numerical, grayscale and ordinal values were experi-
mented in Pelka ef al., and the binary branding option proved to obtain best results [38]. This
approach is further investigated in this work by encoding sociodemographic data and APOE-
&4 onto 2D slices of an MRI scan for a specific clinical question, and is denoted as “Branded*.
The limitation of the usage of 2D slices instead of the 3D MRI scans will be experimented in
further work, as positive results have been reported in the overview survey of deep learning
techniques for MRI [56].

Fusing information from multiple input domain, aims at increasing consolidated represen-
tations of the participants. For each of the variables that are listed in sociodemographic data
and APOE-£4, possible values are grouped. Hence, 2 to 4 groups were obtained per variable.
To incorporate these groups onto the MRI scans, generated markers displayed in Fig 1 are cre-
ated as a variable group.

Finally, each 2D slice (image size [224x224]) is branded by markers denoting the participant
data values, which are listed in Fig 1. Each participant’s information is fused as a [10x20] pixel
marker at the pixel position (0, 10) to (10, 150). A space [10x5] is kept between each marker
position, as shown in Fig 2 and the complete implementation was done in python and will be
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Gender: Female: Age: 68, Education: <= 10; Marital Status: Married; APOE: Negative

Gender

Age
Education
Marital Status

APOE

Original Imags Brandad Image

Fig 2. Branding approach. Proposed branding approach of fusing sociodemographic data (age, education, marital status and gender) and genetic data (APOE-£4)
with 2D slices of an MRI scan. The marker positions and sizes of each clinical data variable branded are displayed. The 2D slice was randomly selected from an
MRI scan of the sub-study from the HNR Study.

https://doi.org/10.1371/journal.pone.0236868.g002

available after acceptance. For the HNR Study dataset, all DICOM scans were converted to
png-files and resized to [224x224], prior to branding and image enhancement. Similarly, for
the ADNI Phase 1 dataset, the nifti scans were converted to png-files. The png-files from both
datasets are 8-bit.

Image enhancement

For image recognition tasks, convolutional neural networks trained on large datasets produce
favorable results. Considering the number of images in the applied data set, the adaptation of
Transfer Learning with pre-trained neural network Inception-v3 [39] was chosen. This pre-
trained deep convolutional neural network models were designed to extract among other fea-
tures, color information in three separate channels (RGB) from the images [57, 58]. However,
the MRI scan are gray-scale and have a single color channel with values 0,. . .,255. To fully uti-
lize the capabilities of deep convolutional neural networks, two extra color layers are aug-
mented to each MRI, completing the Red-Green-Blue (RGB) channels. Color input
enhancement have aided to substantially improve prediction accuracy from 86% to 92% for
the detection of malignancy in digital mammography images [59] and approximately 3% for
structuring 2D x-rays according to imaging technique modality, anatomical region and biolog-
ical systems examined, which is applied for medical image retrieval [60].

The first extra layer was obtained by using the image processing technique: Contrast Lim-
ited Adaptive Historization Equation (CLAHE) [61]. CLAHE is a contrast enhancement
method, modified from the Adaptive Histogram Equation (AHE). It is designed to be broadly
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Fig 3. CLAHE image preprocessing. 2D slice from a MRI scan before and after applying the Contrast Limited Adaptive Histogram Equation (CLAHE)
preprocessing method. The 2D slice was randomly selected from an MRI scan of the sub-study from the HNR Study.

https://doi.org/10.1371/journal.pone.0236868.9003

applicable and has demonstrated effectiveness, especially for medical images [62]. Fig 3 dis-
plays the original 2D slice of a MRI scan with contrast enhanced image adaption after CLAHE
was performed. The CLAHE output image was obtained using the following parameters:

o Desired histogram shape: Uniform
o Distribution parameter: 0.4

o Number of histogram bins: 256

« Contrast enhancement limit: 0.01
« Range of output data: Full

o Number of tiles: [8, 8]

The second layer was generated by applying the Non-Local Means (NL-MEANS) prepro-
cessing method. This is a digital image denoising method, based on a non-local averaging of
all present pixels in an image [63]. The effect of applying NL-MEANS to a randomly chosen
2D slice is shown in Fig 4.

The NL-MEANS output images were obtained using the following parameters:

« Filter strength: 0.05
o Kernel ratio: 4

o Window ratio: 4

Visual representation

For visual representation, deep convolutional activation features (DeCAF) [37] were chosen.
DeCAF features are extracted from the average pooling layer of the deep learning system
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Fig 4. NL-MEANS image preprocessing. 2D slice from a MRI scan before and after applying the Non-Local Means (NL-MEANS) preprocessing method. The 2D
slice was randomly selected from an MRI scan of the sub-study from the HNR Study.

https://doi.org/10.1371/journal.pone.0236868.g004

Inception-v3 [39], which is pre-trained on the ImageNet [64]. For comparison purposes, addi-
tional DeCAF features were extracted using a medical context pre-trained DenseNet-121
model [65] on the ChestX-Ray8 database [16]. The activation features were extracted using the
neural network API Keras 2.2.0 [66]. The default values for the Inception-v3 base model was
used. For the 3D MRI scans, the DeCAF visual representations were extracted 2D slice-wise
with a vector size of 2048. Every second 2D slice between [8 — 165] was considered. Hence,
each 3D MRI scan was represented with 80 2D slices and has a vector size of 163, 840 deep
convolutional activation features.

Classification

As aMCI vs control classification model, LSTM based RNNs was adopted. RNNs are mostly
used for modeling long-range dependencies, where future events are predicted with past
events [67] and has proven to be successful for several research topics such as medical question
and answering [68]. The effective characteristic of LSTM is the ability to accumulate state
information, as information of every new input is accumulated onto previous input [69, 70].

As each 2D slice of a MRI scan contains dependencies between predecessor and successor
slices, we choose the LSTM architecture for modeling the classifier. The applied LSTM net-
work contains the following keras layers:

« LSTM
o Output shape: (None, 2048)
o Input shape: (80, 2048)
o Dropout = 0.5

¢ Dense
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o Output shape: (None, 512)

o Activation: Sigmoid [1/(1 + exp(—x))]
» Dropout

o Output shape: (None, 512)

« Rate: 0.5
o Dense

o Output shape: (None, 2)

« Activation: Softmax

For the approach evaluation, three (3) different inputs were fed into the LSTM network:

1. Original: DeCAF representations extracted from the original MRI scans.
2. Branded: DeCAF representations extracted with the branded and enhanced MRI scans.

3. Wide and Deep [71]: Dot product of features extracted using the original MRI and clinical
data.

The HNR Study dataset consisting of 120 participants was split into a training and test set,
containing 99 participants (aMCI = 51 and controls = 48) and 21 participants (aMCI = 10 and
controls = 11), respectively. Similarly, the ADNI Phase 1 dataset with 624 participants was split
into a training and test with 561 (aMCI = 357 and controls = 204) and 63 (aMCI = 40 and con-
trols = 23), respectively. The test set was independent and not used for training or parameter
optimization. The complete workflow describing the proposed method is displayed in Fig 5.

Results

For the HNR Study datatset, a k = 5-fold cross validation [72] was achieved by splitting the
training set with 99 participants into 5 different partitions. From this, one partition is used as
the validation set (20%) and the remaining 4 partitions (80%) are used for training. This has

Branded Image

R-Channel

Original 2D Slice

Desp Convolution Activation Featuras [1-2048]

Fig 5. Complete proposed approach. Complete workflow of the proposed approach. Sociodemographic data and APOE-£4 are fused with MRI scans 2D slice-
wise and further enhanced by augmenting contrast intensified and blurred image adaptions as two extra layer completing the RGB channels. DeCAF
representations are extracted and used as visual representations for training the aMCI vs control classification model.

https://doi.org/10.1371/journal.pone.0236868.9005
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Table 3. Cross-validation prediction on HNR Study. Prediction performance of the LSTM classification model using
various image input types. The highlighted values are the best per evaluation metric. Evaluation was calculated on the

k = 5-fold cross validation sets from the training set with n = 99 participants of the sub-study from the HNR Study. The
values are the average and standard deviation rates across all k = 5 cross validation sets. Visual representation were
extracted using the ImageNet database [64].

Original Branded Wide and Deep
Specificity 0.64 (+ 0.26) 0.80 (+0.18) 0.64 (£ 0.21)
Sensitivity 0.70 (£ 0.12) 0.74 (+ 0.11) 0.76 ( 0.18))
F;-Score 0.69 (£ 0.09) 0.80 (+ 0.14) 0.71 (£ 0.08))
Accuracy 0.70 (+ 0.16) 0.77 (£ 0.07) 0.70 (+ 0.07)

https://doi.org/10.1371/journal.pone.0236868.t003

Table 4. Cross-validation prediction on HNR Study. Prediction performance of the LSTM classification model using
various image input types. The highlighted values are the best per evaluation metric. Evaluation was calculated on the

k = 5-fold cross validation sets from the training set with n = 99 participants of the sub-study from the HNR Study. The
values are the average and standard deviation rates across all k = 5-fold cross validation sets. Visual representation were
extracted using the ChestX-Ray8 database [16].

Original Branded Wide and Deep
Specificity 0.68 (+0.13) 0.76 (£ 0.11) 0.74 (£ 0.27)
Sensitivity 0.70 (+ 0.07) 0.72 (+ 0.08) 0.68 (+0.23)
F,-Score 0.70 (+ 0.03) 0.74 (+ 0.06) 0.70 ( 0.16)
Accuracy 0.69 ( 0.04) 0.74 (£ 0.07) 0.71 (£ 0.13)

https://doi.org/10.1371/journal.pone.0236868.1004

been done for each of the five partitions. For comparison purpose, evaluation metrics using
both DeCAF visual representation are listed. Tables 3 and 4 show the classification rates
obtained on the k-fold cross validation sets. The evaluation rates achieved on the independent
test set with n = 21 participants are listed in Tables 5 and 6. The random split was done class-
wise, to confirm the occurrence of both classes in the k-fold cross validation sets.

Table 5. Prediction accuracy on HNR Study test set. Prediction performance of the LSTM classification model using
various image input types. The highlighted values are the best per evaluation metric. Evaluation was calculated on the
independent test set with n = 21 participants of the sub-study from the HNR Study. Visual representation were
extracted using the ImageNet database [64].

Original Branded Wide and Deep
Specificity 0.82 0.91 0.64
Sensitivity 0.70 0.90 0.90
F,-Score 0.74 0.90 0.78
Accuracy 0.76 0.90 0.76

https://doi.org/10.1371/journal.pone.0236868.t005

Table 6. Prediction accuracy on HNR Study test set. Prediction performance of the LSTM classification model using
various image input types. The highlighted values are the best per evaluation metric. Evaluation was calculated on the
independent test set with n = 21 participants of the sub-study from the HNR Study. Visual representation were
extracted using the ChestX-Ray8 database [16].

Original Branded Wide and Deep
Specificity 0.73 091 0.64
Sensitivity 0.90 0.80 1
F,-Score 0.82 0.84 0.83
Accuracy 0.81 0.86 0.81

https://doi.org/10.1371/journal.pone.0236868.t006

PLOS ONE | https://doi.org/10.1371/journal.pone.0236868 September 25, 2020 13/24


https://doi.org/10.1371/journal.pone.0236868.t003
https://doi.org/10.1371/journal.pone.0236868.t004
https://doi.org/10.1371/journal.pone.0236868.t005
https://doi.org/10.1371/journal.pone.0236868.t006
https://doi.org/10.1371/journal.pone.0236868

PLOS ONE

MRI-based detection of amnestic mild cognitive impairment using sociodemographic data, APOE and deep learning

Table 7. Cross-validation prediction on ADNI Phase 1 dataset. Prediction performance of the LSTM classification
model using various image input types. The highlighted values are the best per evaluation metric. Evaluation was calcu-
lated on the k = 5-fold cross validation sets from the training set with n = 561 participants of the ADNI Phase 1 dataset.
The values are the average and standard deviation rates across all k = 5-fold cross validation sets. Visual representation
were extracted using the ImageNet database [64].

Original Branded Wide and Deep
Specificity 0.44 (+ 0.08) 0.54 (+0.11) 0.47 (£ 0.09)
Sensitivity 0.82 ( 0.06) 0.83 (£ 0.12) 0.81 ( 0.03)
F;-Score 0.79 (£ 0.04) 0.81 (+ 0.07) 0.80 (£ 0.03))
Accuracy 0.69 (+ 0.06) 0.74 (+ 0.09) 0.71 (+ 0.04)

https://doi.org/10.1371/journal.pone.0236868.t007

Table 8. Cross-validation prediction on ADNI Phase 1 dataset. Prediction performance of the LSTM classification
model using various image input types. The highlighted values are the best per evaluation metric. Evaluation was calcu-
lated on the k = 5-fold cross validation sets from the training set with n = 561 participants of the ADNI Phase 1 dataset.
The values are the average and standard deviation rates across all k = 5-fold cross validation sets. Visual representation
were extracted using the ChestX-Ray8 database [16].

Original Branded Wide and Deep
Specificity 0.41 (+ 0.08) 0.57 (£ 0.09) 0.39 (+ 0.05)
Sensitivity 0.67 (+ 0.04) 0.71 (£ 0.09) 0.70 (+ 0.03)
F,-Score 0.67 (+ 0.02) 0.72 (£ 0.06) 0.68 (+ 0.00))
Accuracy 0.58 (+ 0.03) 0.64 (+ 0.09) 0.59 (+ 0.01)

https://doi.org/10.1371/journal.pone.0236868.t008

For the ADNI datatset, a k = 5-fold cross validation [72] was achieved by splitting the train-
ing set with 561 participants into 5 different partitions. From this, one partition is used as the
validation set (10%) and the remaining 4 partitions (90%) are used for training. This has been
done for each of the five partitions. Tables 7 and 8 show the classification rates obtained on the
k-fold cross validation sets. The evaluation rates achieved on the independent test set with
n = 63 participants are listed in Tables 9 and 10. The random split was done class-wise, to con-
firm the occurrence of both classes in the k-fold cross validation sets.

Fig 6 displays the Gradient-weighted Class Activation Mapping (Grad-CAM) [73] of the
adopted LSTM model. The Grad-CAM shows visual explanations of the decisions made by
the LSTM models, highlighting the important regions of the MRI scans used to distinguish
between aMCI and controls. An ablation study was conducted prior to branding by omitting
each clinical data variable. This ablation study gives insight regarding the information gain by
applying sociodemographic data and APOE-£4, which is listed in Tables 11 and 12 for the
HNR Study dataset and in Tables 13 and 14 for the ADNI Phase 1 dataset.

Table 9. Prediction accuracy on ADNI Phase 1 test set. Prediction performance of the LSTM classification model
using various image input types. The highlighted values are the best per evaluation metric. Evaluation was calculated
on the independent test set with n = 63 participants of the ADNI Phase 1 dataset. Visual representation were extracted
using the ImageNet database [64].

Original Branded Wide and Deep
Specificity 0.48 0.65 0.52
Sensitivity 0.85 0.85 0.77
F,-Score 0.78 0.83 0.79
Accuracy 0.66 0.77 0.71

https://doi.org/10.1371/journal.pone.0236868.t009
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Table 10. Prediction accuracy on ADNI Phase 1 test set. Prediction performance of the LSTM classification model
using various image input types. The highlighted values are the best per evaluation metric. Evaluation was calculated
on the independent test set with n = 63 participants of the ADNI Phase 1 dataset. Visual representation were extracted
using the ChestX-Ray8 database [16].

Original Branded Wide and Deep
Specificity 0.43 0.57 0.48
Sensitivity 0.59 0.77 0.70
F,-Score 0.61 0.72 0.69
Accuracy 0.53 0.76 0.61

https://doi.org/10.1371/journal.pone.0236868.1010
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Fig 6. Classification activation mapping. Gradient-weighted Class Activation Mapping (Grad-CAM) image, highlighting important image regions
used for distinguishing between aMCI and controls by the classification models. The 2D slice was randomly chosen from the sub-study of the HNR
Study.

https://doi.org/10.1371/journal.pone.0236868.9006

Discussion

The proposed branding technique to obtain fused image representations of MRI scans with
the sociodemographic data age, gender, education and marital status and APOE-£4 genotype
outperformed other inputs in all evaluation metrics in the independent test set. This could be

shown for both the HNR Study and ADNI Phase 1 datasets.

Table 11. Ablation study on HNR Study test set. Prediction performance of the LSTM classification model on the ablation study. Each sociodemographic data variable,
as well as the genetic data APOE-£4 was subsequently omitted, prior to the MRI branding. Evaluation was calculated on the independent test set with n = 21 participants of

the sub-study from the HNR Study. Visual representation were extracted using the ImageNet database [64].

Specificity Sensitivity F,-Score Accuracy
All data variables 0.91 0.90 0.90 0.90
Without age 0.82 0.90 0.84 0.86
Without APOE-£4 0.91 0.70 0.78 0.81
Without gender 0.91 0.80 0.86 0.86
Without education 0.82 0.80 0.80 0.81
Without marital status 0.91 0.80 0.84 0.86

https://doi.org/10.1371/journal.pone.0236868.t011
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Table 12. Ablation study on HNR Study test set. Prediction performance of the LSTM classification model on the ablation study. Each sociodemographic data variable,
as well as the genetic data APOE-£4 was subsequently omitted, prior to the MRI branding. Evaluation was calculated on the independent test set with n = 21 participants of
the sub-study from the HNR Study. Visual representation were extracted using the ChestX-Ray8 database [16].

Specificity Sensitivity F;-Score Accuracy
All data variables 0.91 0.80 0.84 0.86
Without age 0.74 0.80 0.78 0.76
Without APOE-£4 0.82 0.80 0.86 0.86
Without gender 0.73 0.70 0.82 0.81
Without education 0.74 0.70 0.78 0.76
Without marital status 0.77 0.80 0.78 0.76

https://doi.org/10.1371/journal.pone.0236868.t012

Table 13. Ablation study on ADNI Phase 1 test set. Prediction performance of the LSTM classification model on the ablation study. Each sociodemographic data variable,
as well as the genetic data APOE-£4 was subsequently omitted, prior to the MRI branding. Evaluation was calculated on the independent test set with n = 63 participants of
the ADNI Phase 1 dataset. Visual representation were extracted using the ImageNet database [64].

Specificity Sensitivity F;-Score Accuracy
All data variables 0.65 0.85 0.83 0.77
Without age 0.57 0.72 0.73 0.63
Without APOE-£4 0.39 0.80 0.74 0.65
Without gender 0.61 0.72 0.74 0.68
Without education 0.52 0.72 0.73 0.65
Without marital status 0.57 0.75 0.75 0.68

https://doi.org/10.1371/journal.pone.0236868.t013

Table 14. Ablation study on ADNI Phase 1 test set. Prediction performance of the LSTM classification model on the ablation study. Each sociodemographic data variable,
as well as the genetic data APOE-£4 was subsequently omitted, prior to the MRI branding. Evaluation was calculated on the independent test set with n = 63 participants of
the ADNI Phase 1 dataset. Visual representation were extracted using the ChestX-Ray8 database [16].

Specificity Sensitivity F;-Score Accuracy
All data variables 0.57 0.77 0.72 0.76
Without age 0.50 0.66 0.71 0.60
Without APOE-£4 0.58 0.69 0.68 0.62
Without gender 0.52 0.70 0.66 0.61
Without education 0.49 0.71 0.70 0.64
Without marital status 0.54 0.72 0.72 0.65

https://doi.org/10.1371/journal.pone.0236868.t014

For the k-fold cross validation samples with n = 99 participants on the HNR Study dataset,
the Wide and Deep input method achieved a higher sensitivity rate. However, for the specific-
ity, precision and overall accuracy rate, the proposed method obtains better scores. The origi-
nal image as input obtains better specificity, precision and accuracy rates on the test set than
the Wide and Deep input method. Analyzing the ablation study with DeCAF representation
extracted from Inception-v3 [39], the following findings can be taken:

« gender does not affect the overall specificity
o education has the greatest impact on all four evaluation values
o APOE-£4 does not affect specificity

« marital status does not affect specificity
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« age does not affect sensitivity
» Removing the genetic variable APOE-£4 leeds to the highest decrease in the F;-Score
« All applied sociodemographic data and APOE-£4 have an impact on the overall F;-Score

Analyzing the ablation study with DeCAF representation extracted with ChestX-Ray8 [16],
the following findings can be taken:

o Age, education and marital status do not affect the overall sensitivity

» Removing age and education leads to the highest decrease in specificity

Removing age and education leads to the highest decrease in the overall accuracy

« Removing age leeds to the highest decrease in the F;-Score

All applied sociodemographic data and APOE-£4 have an impact on the overall F;-Score

For the k-fold cross validation samples with n = 561 participants on the ADNI Phase 1 data-
set, the original input method achieved the same sensitivity rate. However, for the specificity,
precision and overall accuracy rate, the proposed method obtains better scores. The original
image as input obtains better specificity, precision and accuracy rates on the test set than the
Wide and Deep input method. Analyzing the ablation study with DeCAF representation
extracted with Inception-v3 [39], the following findings can be taken:

« gender does not affect the overall specificity
o education has a great impact on all four evaluation values

o Removing APOE-£4 has the highest decrease on specificity

Removing age has the highest decrease on the accuracy rate

« All applied sociodemographic data and APOE-£4 have an impact on all four evaluation
metrics

Analyzing the ablation study with DeCAF representation extracted with ChestX-Ray8 [16],
the following findings can be taken:

» Removing education led to the highest decrease in specificity

« Age and education have a great impact on all four evaluation values

» Removing age has the highest decrease on sensitivity and accuracy rate
» Removing gender has the highest decrease on the F;-Score

« All applied sociodemographic data and APOE-£4 have an overall impact on all four evalua-
tion metrics

As mentioned earlier, adequate fusion of selected features leads to enriched and consoli-
dated visual representations. We show that combining several data input sources from the
medical domain, proves to be a possible way for tackling challenging medical tasks.

Deep convolutional neural networks incorporate the ability to extract color information
from RGB-images. MRI scans offer important insight into visual representation which can be
applied for automatic structuring, such as classification, semantic tagging, and disease detec-
tion. However, they are only gray-scaled and thereby use the same color information redun-
dantly for all 3 color channels. In the notion of fusing information to achieve medical image
understanding, the MRI scans are enhanced after branding and prior to training the
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classification models. The evaluation results show that augmenting contrast intensified and
blurred image adaptions as two extra layers increases the model performance regarding classi-
fication and annotation between aMCI and controls.

It has to be kept in mind that we did not have any biomarker information that is specific for
hallmark AD proteinopathies like amyloid beta deposition or phosphorylated tau. Thus, we
cannot identify the underlying pathology in our aMCI cases.

In contrast to the ADNI data set the data in the HNR stem from a local cohort of German
nationality in three neighborhood cities in the Ruhr Area. As a consequence this study popula-
tion is rather homogenous both in cultural as in ethnic aspects. The HNR research group has
consistently experienced similar obervations also in other fields, like CVD prediction.

Due to the limited number of participants in the applied datasets, there are limitations to
the usage of standard end-to-end deep learning classification architecture. However to utilize
the benefits of deep learning systems and examine its capabilities, DeCAF are adopted for
visual representation. The evaluation metric rates on the independent test set show that taking
advantage of large trained deep learning models such as ImageNet as feature representation,
the aMCI vs control classification models are fed sufficient information and are capable of pre-
dicting clinical outcome.

Each 2D slice of an MRI contains information and dependencies about predecessor and
successor slice. LSTM models have the ability to accumulate information, thus feeding every
2nd slice of the MRI scans was not only time efficient but led to positive results. By adopting
an LSTM model over a 3D convolutional neural network, the computational time is reduced,
as convolutional operations for the 2D convolutional layers are done across the x and y dimen-
sion only. We could show that LSTM models are capable of classifying between aMCI and con-
trols using sociodemographic data and APOE-£4, and deep convolutional activation features.
The Grad-CAM results showing the visual explanations of the applied LSTM model are on
first sight reasonable.

The presented approach can be applied to create computer-aided diagnosis systems for
aMCI vs cognitively unimpaired, as well as semantic structuring and tagging systems in practi-
cal clinical situations. Radiologists and neurologists can use the classifier output as ‘second
opinion’ in addition to peer discussions. Another application is to integrate the classifier out-
put for a built-in preselection filter after MRI scans are taken. Suspected aMCI cases can be
highlighted with this filter, hence reducing the number of images radiologists have to examine
and indicating when to comprehensively screen. As structured and annotated data is funda-
mental for effective Information Retrieval (IR) systems, the proposed method can be inte-
grated for the modeling and creation of IR systems. The classifier outputs are then adopted for
prior content tagging. Such IR systems can be used by early medical practioners to filter aMCI
vs cognitively impaired for learning purposes.

The findings of this proposed work require further evaluation on different functional neu-
roimaging techniques. For tackling the challenging medical task of early and preclinical detec-
tion of AD dementia, the fusion of various clinical data can be intensively experimented, as
there are numerous input sources in the medical domain.

Conclusion

This work presents an approach to combine sociodemographic data and APOE-£4 with 1.5T
MRI scans to create optimized classification models to distinguish between aMCI and controls.
The fusion method enables an enriched image representation, as classification systems with
multi-modal image features have proven to obtain higher prediction accuracies. Information
fusion is obtained by encoding the values of the APOE-£4 and sociodemographic data
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variables: gender, marital status, age and education as markers, and branding these on the
MRI scans, prior to training and prediction.

Two extra color layers denoting the contrast intensified and blurred image adaptions are
augmented to simulate RGB-channeled images, which aims to use the characteristic of deep
convolutional neural networks for color extraction as features for training. LSTM based RNNs
are modeled as aMCI vs control classification models, as each 2D slice of a MRI scan contains
dependencies between predecessor and successor slices. The output of the classification mod-
els are justified with visual explanations, denoting the important image regions used for deci-
sion making.

This works shows that fusing sociodemographic and genetic data from participants in a
sub-study from the HNR Study and the ADNI Phase 1 datasets with MRI scans obtains
enriched visual information that provides adequate representations, which is essential for cre-
ating effective automatic structuring systems, such as classification models, disease detection
and semantic tagging. This is observed for both visual feature input techniques: DeCAF repre-
sentations from ‘Branded’ images and “Wide and Deep’ image representation method.

Prospective modeling and evaluation of mild cognitive impairment classification systems
can be based on different multi-modal image representation, as positive results have been pre-
sented in recent approaches and in this work. The proposed work pursues the way of several
fusion techniques of features from different heterogeneous modalities in the medical domain
for computer-aided diagnosis applications and can be adapted o 3D deep learning approaches
by branding volume markers.

Acknowledgments

The authors express their gratitude to all study participants of the HNR Study, the personnel
of the HNR study center and the EBT-scanner facilities, the investigative group and all former
employees of the HNR study. The authors also thank the Advisory Board of the HNR Study: T.
Meinertz, Hamburg, Germany (Chair); C. Bode, Freiburg, Germany; P.J. de Feyter, Rotter-
dam, Netherlands; B. Giintert, Hall i.T., Austria; F. Gutzwiller, Bern, Switzerland; H. Heinen,
Bonn, Germany; O. Hess (1), Bern, Switzerland; B. Klein (1), Essen, Germany; H. Lowel, Neu-
herberg, Germany; M. Reiser, Munich, Germany; G. Schmidt (1), Essen, Germany; M. Schwai-
ger, Munich, Germany; C. Steinmiiller, Bonn, Germany; T. Theorell, Stockholm, Sweden; and
S.N Willich, Berlin, Germany.

In this work we employed the database of the Alzheimer’s Disease Neuroimaging Initiative
(ADNI). Data collection and sharing for this project was funded by the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) (National Institutes of Health Grant U01 AG024904) and
DOD ADNI (Department of Defense award number W81XWH-12-2-0012). ADNI is funded
by the National Institute on Aging, the National Institute of Biomedical Imaging and Bioengi-
neering, and through generous contributions from the following: AbbVie, Alzheimer’s Associ-
ation; Alzheimer’s Drug Discovery Foundation; Araclon Biotech; BioClinica, Inc.; Biogen;
Bristol-Myers Squibb Company; CereSpir, Inc.; Cogstate; Eisai Inc.; Elan Pharmaceuticals,
Inc; Eli Lilly and Company; EuroImmun; F. Hoffmann-La Roche Ltd and its affiliated com-
pany Genentech, Inc.; Fujirebio; GE Healthcare; IXICO Ltd.; Janssen Alzheimer Immunother-
apy Research & Development, LLC.; Johnson & Johnson Pharmaceutical Research &
Development LLC.; Lumosity; Lundbeck; Merck & Co., Inc.; Meso Scale Diagnostics, LLC.;
NeuroRx Research; Neurotrack Technologies; Novartis Pharmaceuticals Corporation; Pfizer
Inc.; Piramal Imaging; Servier; Takeda Pharmaceutical Company; and Transition Therapeu-
tics. The Canadian Institutes of Health Research is providing funds to support ADNI clinical
sites in Canada. Private sector contributions are facilitated by the Foundation for the National

PLOS ONE | https://doi.org/10.1371/journal.pone.0236868 September 25, 2020 19/24


https://doi.org/10.1371/journal.pone.0236868

PLOS ONE MRI-based detection of amnestic mild cognitive impairment using sociodemographic data, APOE and deep learning

Institutes of Health (www.fnih.org). The grantee organization is the Northern California Insti-
tute for Research and Education, and the study is coordinated by the Alzheimer’s Therapeutic
Research Institute at the University of Southern California. ADNI data are disseminated by the
Laboratory for Neuro Imaging at the University of Southern California.

Data used in preparation of this article were obtained from the Alzheimer’s Disease Neuro-
imaging Initiative (ADNI) database (adni.loni.usc.edu). As such, the investigators within the
ADNI contributed to the design and implementation of ADNI and/or provided data but did
not participate in analysis or writing of this report. A complete listing of ADNI investigators
can be found at: http://adni.loni.usc.edu/wp-content/uploads/how_to_apply/ADNI_
Acknowledgement_List.pdf.

Author Contributions
Conceptualization: Christoph M. Friedrich.

Data curation: Karl-Heinz Jockel, Sara Schramm, Sarah Sanchez Hoffmann, Angela Winkler,
Christian Weimar, Martha Jokisch.

Funding acquisition: Christoph M. Friedrich.
Methodology: Obioma Pelka, Christoph M. Friedrich.

Resources: Felix Nensa, Christoph Ménninghoff, Karl-Heinz J6ckel, Sara Schramm, Sarah
Sanchez Hoffmann, Angela Winkler, Christian Weimar.

Software: Obioma Pelka.

Supervision: Christoph M. Friedrich, Felix Nensa.

Validation: Obioma Pelka, Felix Nensa, Christian Weimar, Martha Jokisch.
Visualization: Obioma Pelka.

Writing - original draft: Obioma Pelka, Louise Bloch, Martha Jokisch.

Writing - review & editing: Christoph M. Friedrich, Felix Nensa, Karl-Heinz Jockel, Sara
Schramm, Sarah Sanchez Hoffmann, Christian Weimar.

References

1. Moenninghoff C, Dlugaj M, Kraff O, Henrike Geisel M, Jéckel KH, Erbel R, et al. Are Transversal MR
Images Sufficient to Distinguish Persons with Mild Cognitive Impairment From Healthy Controls? Aca-
demic radiology. 2015; 22. https://doi.org/10.1016/j.acra.2015.04.008 PMID: 26162248

2. Winblad B, Palmer K, Kivipelto M, Jelic V, Fratiglioni L, Wahlund LO, et al. Mild cognitive impairment—
Beyond controversies, towards a consensus: Report of the International Working Group on Mild Cogni-
tive Impairment. Journal of internal medicine. 2004; 256:240-6. https://doi.org/10.1111/j.1365-2796.
2004.01380.x PMID: 15324367

3. MisraC, FanY, Davatzikos C. Baseline and longitudinal patterns of brain atrophy in MCI patients, and
their use in prediction of short-term conversion to AD: Results from ADNI. Neurolmage. 2009; 44:1415—
1422. https://doi.org/10.1016/j.neuroimage.2008.10.031 PMID: 19027862

4. Petersen RC. Mild cognitive impairment as a diagnostic entity. Journal of internal medicine. 2004; 256
(3):183—194. https://doi.org/10.1111/j.1365-2796.2004.01388.x PMID: 15324362

5. Roberts R, Knopman D, Mielke M, Cha R, Pankratz V, Christianson T, et al. Higher risk of progression
to dementia in mild cognitive impairment cases who revert to normal. Neurology. 2013; 82. https://doi.
org/10.1212/WNL.0000000000000055 PMID: 24353333

6. CodellaN, Connell J, Pankanti S, Merler M, Smith JR. Automated medical image modality recognition
by fusion of visual and text information. In: Proceedings of Medical Image Computing and Computer-
Assisted Intervention (MICCAI) 2014, Boston, USA, September 14-18, 2014. Springer;. p. 487—495.

PLOS ONE | https://doi.org/10.1371/journal.pone.0236868 September 25, 2020 20/24


http://www.fnih.org
http://adni.loni.usc.edu/wp-content/uploads/how_to_apply/ADNI_Acknowledgement_List.pdf
http://adni.loni.usc.edu/wp-content/uploads/how_to_apply/ADNI_Acknowledgement_List.pdf
https://doi.org/10.1016/j.acra.2015.04.008
http://www.ncbi.nlm.nih.gov/pubmed/26162248
https://doi.org/10.1111/j.1365-2796.2004.01380.x
https://doi.org/10.1111/j.1365-2796.2004.01380.x
http://www.ncbi.nlm.nih.gov/pubmed/15324367
https://doi.org/10.1016/j.neuroimage.2008.10.031
http://www.ncbi.nlm.nih.gov/pubmed/19027862
https://doi.org/10.1111/j.1365-2796.2004.01388.x
http://www.ncbi.nlm.nih.gov/pubmed/15324362
https://doi.org/10.1212/WNL.0000000000000055
https://doi.org/10.1212/WNL.0000000000000055
http://www.ncbi.nlm.nih.gov/pubmed/24353333
https://doi.org/10.1371/journal.pone.0236868

PLOS ONE MRI-based detection of amnestic mild cognitive impairment using sociodemographic data, APOE and deep learning

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

Valavanis L, Stathopoulos S, Kalamboukis T. IPL at CLEF 2016 Medical Task. In: Working Notes of
CLEF 2016—Conference and Labs of the Evaluation forum, Evora, Portugal, 5-8 September, 2016.;
2016. p. 413-420. Available from: http://ceur-ws.org/Vol-1609/16090413.pdf.

Pelka O, Friedrich CM. Modality prediction of biomedical literature images using multimodal feature
representation. GMS Medizinische Informatik, Biometrie und Epidemiologie. 2016; 12(2):1345-1359.

Kalpathy-Cramer J, de Herrera AGS, Demner-Fushman D, Antani SK, Bedrick S, Miiller H. Evaluating
performance of biomedical image retrieval systems—An overview of the medical image retrieval task at
ImageCLEF 2004-2013. Computerized Medical Imaging and Graphics. 2015; 39:55-61. https://doi.org/
10.1016/j.compmedimag.2014.03.004 PMID: 24746250

LeCunY, Bengio Y, Hinton GE. Deep Learning. Nature. 2015; 521(7553):436—444. https://doi.org/10.
1038/nature14539 PMID: 26017442

Huang G, Liu Z, van der Maaten L, Weinberger KQ. Densely Connected Convolutional Networks. In:
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, CVPR, Honolulu,
USA, July 22-25, 2017; 2017.

Hinton G, Deng L, Yu D, Dahl G, Mohamed Aa, Jaitly N, et al. Deep Neural Networks for Acoustic
Modeling in Speech Recognition: The Shared Views of Four Research Groups. |IEEE Signal Processing
Magazine. 2012; 29(6):82-97. https://doi.org/10.1109/MSP.2012.2205597

Abrao MS, da Costa Goncalves MO, Dias JAJ, Podgaec S, Chamie LP, Blasbalg R. Comparison
between clinical examination, transvaginal sonography and magnetic resonance imaging for the diag-
nosis of deep endometriosis. Human Reproduction. 2007; 22(12):3092-3097. https://doi.org/10.1093/
humrep/dem187 PMID: 17947378

XuY, Mo T, Feng Q, Zhong P, Lai M, Chang EI. Deep learning of feature representation with multiple
instance learning for medical image analysis. In: IEEE International Conference on Acoustics, Speech
and Signal Processing, ICASSP 2014, Florence, ltaly, May 4-9, 2014; 2014. p. 1626—1630.

Pan SJ, Yang Q. A Survey on Transfer Learning. IEEE Transactions on Knowledge and Data Engineer-
ing. 2010; 22(10):1345-1359. https://doi.org/10.1109/TKDE.2009.191

Wang X, Peng Y, LuL, Lu Z, Bagheri M, Summers RM. ChestX-Ray8: Hospital-Scale Chest X-Ray
Database and Benchmarks on Weakly-Supervised Classification and Localization of Common Thorax
Diseases. In: 2017 IEEE Conference on Computer Vision and Pattern Recognition (CVPR); 2017.

p. 3462-3471.

Poldrack R, Barch D, Mitchell J, Wager T, Wagner A, Devlin J, et al. Toward open sharing of task-based
fMRI data: the OpenfMRI project. Frontiers in Neuroinformatics. 2013; 7:12. https://doi.org/10.3389/
fninf.2013.00012 PMID: 23847528

Spasov S, Passamonti L, Duggento A, Lid P, Toschi N. A parameter-efficient deep learning approach to
predict conversion from mild cognitive impairment to Alzheimer’s disease. Neurolmage. 2019;
189:276-287. https://doi.org/10.1016/j.neuroimage.2019.01.031 PMID: 30654174

Yang J, Feng X, Laine A, Angelini E. Characterizing Alzheimer’s Disease with Image and Genetic Bio-
markers using Supervised Topic Models. IEEE Journal of Biomedical and Health Informatics. 2019; p.
1-1. https://doi.org/10.1109/JBHI.2019.2928831 PMID: 31380772

Lee G, Nho K, Kang B, Sohn KA, Kim D. Predicting Alzheimer’s disease progression using multi-modal
deep learning approach. Scientific Reports. 2019; 9:1952. https://doi.org/10.1038/s41598-018-37769-z
PMID: 30760848

Multimodal classification of Alzheimer’s disease and mild cognitive impairment. Neurolmage. 2011; 55
(8):856—867. https://doi.org/10.1016/j.neuroimage.2011.01.008 PMID: 21236349

Liu M, Cheng D, Wang K, Wang Y, the Alzheimer’s Disease Neuroimaging Initiative. Multi-Modality
Cascaded Convolutional Neural Networks for Alzheimer’s Disease Diagnosis. Neuroinformatics. 2018;
16(3):295-308. https://doi.org/10.1007/s12021-018-9370-4 PMID: 29572601

Samper-Gonzalez J, Burgos N, Bottani S, Fontanella S, Lu P, Marcoux A, et al. Reproducible evaluation
of classification methods in Alzheimer’s disease: Framework and application to MRI and PET data.
Neurolmage. 2018; 183:504-521. https://doi.org/10.1016/j.neuroimage.2018.08.042 PMID: 30130647

Huang Y, Xu J, Zhou Y, Tong T, Zhuang X, Alzheimer’s Disease Neuroimaging Initiative. Diagnosis of
Alzheimer’s Disease via Multi-Modality 3D Convolutional Neural Network. Frontiers in Neuroscience.
2019; 13:509. https://doi.org/10.3389/fnins.2019.00509 PMID: 31213967

Bloch L, Friedrich CM. Classification of Alzheimers Disease using volumetric features of multiple MRI
scans. In: Proceedings of the 41th Annual International Conference of the IEEE Engineering in Medi-
cine and Biology Society EMBC 2019, Berlin, Germany, July 23-27;. p. 2396—-2401.

SarensenL, Igel C, Pai A, Balas |, Anker C, Lillholm M, et al. Differential diagnosis of mild cognitive
impairment and Alzheimer’s disease using structural MRI cortical thickness, hippocampal shape,

PLOS ONE | https://doi.org/10.1371/journal.pone.0236868 September 25, 2020 21/24


http://ceur-ws.org/Vol-1609/16090413.pdf
https://doi.org/10.1016/j.compmedimag.2014.03.004
https://doi.org/10.1016/j.compmedimag.2014.03.004
http://www.ncbi.nlm.nih.gov/pubmed/24746250
https://doi.org/10.1038/nature14539
https://doi.org/10.1038/nature14539
http://www.ncbi.nlm.nih.gov/pubmed/26017442
https://doi.org/10.1109/MSP.2012.2205597
https://doi.org/10.1093/humrep/dem187
https://doi.org/10.1093/humrep/dem187
http://www.ncbi.nlm.nih.gov/pubmed/17947378
https://doi.org/10.1109/TKDE.2009.191
https://doi.org/10.3389/fninf.2013.00012
https://doi.org/10.3389/fninf.2013.00012
http://www.ncbi.nlm.nih.gov/pubmed/23847528
https://doi.org/10.1016/j.neuroimage.2019.01.031
http://www.ncbi.nlm.nih.gov/pubmed/30654174
https://doi.org/10.1109/JBHI.2019.2928831
http://www.ncbi.nlm.nih.gov/pubmed/31380772
https://doi.org/10.1038/s41598-018-37769-z
http://www.ncbi.nlm.nih.gov/pubmed/30760848
https://doi.org/10.1016/j.neuroimage.2011.01.008
http://www.ncbi.nlm.nih.gov/pubmed/21236349
https://doi.org/10.1007/s12021-018-9370-4
http://www.ncbi.nlm.nih.gov/pubmed/29572601
https://doi.org/10.1016/j.neuroimage.2018.08.042
http://www.ncbi.nlm.nih.gov/pubmed/30130647
https://doi.org/10.3389/fnins.2019.00509
http://www.ncbi.nlm.nih.gov/pubmed/31213967
https://doi.org/10.1371/journal.pone.0236868

PLOS ONE MRI-based detection of amnestic mild cognitive impairment using sociodemographic data, APOE and deep learning

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44,

hippocampal texture, and volumetry. Neurolmage: Clinical. 2017; 13(Supplement C):470-482. https://
doi.org/10.1016/j.nicl.2016.11.025 PMID: 28119818

de Herrera AGS, Miiller H, Bromuri S. Overview of the ImageCLEF 2015 Medical Classification Task.
In: Working Notes of CLEF 2015—Conference and Labs of the Evaluation forum, Toulouse, France,
September 8-11, 2015. vol. 1391; 2015. Available from: http://ceur-ws.org/Vol-1391/172-CR.pdf.

Pelka O, Friedrich CM. FHDO Biomedical Computer Science Group at Medical Classification Task of
ImageCLEF 2015. In: Working Notes of CLEF 2015—Conference and Labs of the Evaluation forum,
Toulouse, France, September 8-11, 2015. vol. 1391;. Available from: http://ceur-ws.org/Vol-1391/14-
CR.pdf.

Chang CC, Lin CJ. LIBSVM: A library for support vector machines. ACM Transactions on Intelligent
Systems and Technology. 2011; 2:27:1-27:27. https://doi.org/10.1145/1961189.1961199

Breiman L. Random Forests. Machine Learning. 2001; 45(1):5-32. https://doi.org/10.1023/
A:1010933404324

Roberts RJ. PubMed Central: The GenBank of the published literature. Proceedings of the National
Academy of Sciences of the United States of America. 2001; 98(2):381-382. https://doi.org/10.1073/
pnas.98.2.381 PMID: 11209037

Pelka O, Nensa F, Friedrich CM. Adopting Semantic Information of Grayscale Radiographs for Image
Classification and Retrieval. In: Proceedings of the 11th International Joint Conference on Biomedical
Engineering Systems and Technologies (BIOSTEC 2018)—Volume 2: BIOIMAGING, Funchal,
Madeira, Portugal, January 19-21, 2018.; 2018. p. 179-187.

Bodenreider O. The Unified Medical Language System (UMLS): integrating biomedical terminology.
Nucleic Acids Research. 2004; 32(Database-Issue):267-270. https://doi.org/10.1093/nar/gkh061
PMID: 14681409

Csurka G, Dance CR, Fan L, Willamowski J, Bray C. Visual categorization with bags of keypoints. In:
Proceedings of the Workshop on Statistical Learning in Computer Vision, European Conference on
Computer Vision (ECCV) 2004, Prague, Czech Republic, May 11-14, 2001;. p. 59-74.

Li FF, Perona P. A Bayesian Hierarchical Model for Learning Natural Scene Categories. In: Proceed-
ings of the 2005 IEEE Computer Society Conference on Computer Vision and Pattern Recognition
(CVPR) 2005, San Diego, USA, June 20-26, 2005;. p. 524-531.

Pelka O, Nensa F, Friedrich CM. Optimizing Body Region Classification With Deep Convolutional Acti-
vation Features. In: Proceedings of the European Conference on Computer Vision (ECCV) 2018 Com-
puter Vision Workshops, Munich, Germany, September 8-14, 2018. Lecture Notes in Computer
Science. vol. 11132. Springer Nature Switzerland AG; 2019. p. 699-704.

Donahue J, Jia Y, Vinyals O, Hoffman J, Zhang N, Tzeng E, et al. DeCAF: A Deep Convolutional Activa-
tion Feature for Generic Visual Recognition. In: Proceedings of the 31th International Conference on
Machine Learning, ICML 2014, Beijing, China, 21-26 June 2014; 2014. p. 647-655.

Pelka O, Nensa F, Friedrich CM. Variations on Branding with Text Occurrence for Optimized Body
Parts Classification. In: Proceedings of the 41th Annual International Conference of the IEEE Engineer-
ing in Medicine and Biology Society EMBC 2019, Berlin, Germany, July 23-27, 2019;. p. 890-894.

Szegedy C, Vanhoucke V, loffe S, Shlens J, Wojna Z. Rethinking the Inception Architecture for Com-
puter Vision. In: 2016 IEEE Conference on Computer Vision and Pattern Recognition, CVPR 2016, Las
Vegas, NV, USA, June 27-30, 2016; 2016. p. 2818-2826.

Gong Y, Wang L, Guo R, Lazebnik S. Multi-scale Orderless Pooling of Deep Convolutional Activation
Features. In: Computer Vision—European Conference on Computer Vision (ECCV) 2014, Zurich, Swit-
zerland, September 6-12, 2014. Cham: Springer International Publishing;. p. 392—407.

Yosinski J, Clune J, Bengio Y, Lipson H. How transferable are features in deep neural networks? In:
Advances in neural information processing systems; 2014. p. 3320-3328.

Sinha A, Choi C, Ramani K. Deephand: Robust hand pose estimation by completing a matrix imputed
with deep features. In: Proceedings of the IEEE Conference on Computer Vision and Pattern Recogni-
tion (CVPR) 2016, Las Vegas, USA, June 27-30, 2016;. p. 4150-4158.

Razavian AS, Sullivan J, Carlsson S, Maki A. Visual instance retrieval with deep convolutional net-
works. ITE Transactions on Media Technology and Applications. 2016; 4(3):251-258. https://doi.org/
10.3169/mta.4.251

Schmermund A, Méhlenkamp S, Stang A, Groenemeyer D, Seibel R, Hirche H, et al. Assessment of
clinically silent atherosclerotic disease and established and novel risk factors for predicting myocardial
infarction and cardiac death in healthy middle-aged subjects: rationale and design of the Heinz Nixdorf
RECALL Study. Risk Factors, Evaluation of Coronary Calcium and Lifestyle. American heart journal.
2002; 144:212-8. https://doi.org/10.1067/mhj.2002.123579 PMID: 12177636

PLOS ONE | https://doi.org/10.1371/journal.pone.0236868 September 25, 2020 22/24


https://doi.org/10.1016/j.nicl.2016.11.025
https://doi.org/10.1016/j.nicl.2016.11.025
http://www.ncbi.nlm.nih.gov/pubmed/28119818
http://ceur-ws.org/Vol-1391/172-CR.pdf
http://ceur-ws.org/Vol-1391/14-CR.pdf
http://ceur-ws.org/Vol-1391/14-CR.pdf
https://doi.org/10.1145/1961189.1961199
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1073/pnas.98.2.381
https://doi.org/10.1073/pnas.98.2.381
http://www.ncbi.nlm.nih.gov/pubmed/11209037
https://doi.org/10.1093/nar/gkh061
http://www.ncbi.nlm.nih.gov/pubmed/14681409
https://doi.org/10.3169/mta.4.251
https://doi.org/10.3169/mta.4.251
https://doi.org/10.1067/mhj.2002.123579
http://www.ncbi.nlm.nih.gov/pubmed/12177636
https://doi.org/10.1371/journal.pone.0236868

PLOS ONE MRI-based detection of amnestic mild cognitive impairment using sociodemographic data, APOE and deep learning

45.

46.

47.

48.
49.
50.
51.

52.

53.

54.
55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

Petersen RC, Aisen PS, Beckett LA, Donohue MC, Gamst AC, Harvey DJ, et al. Alzheimer’s Disease
Neuroimaging Initiative (ADNI). Neurology. 2010; 74(3):201-209. https://doi.org/10.1212/WNL.
0b013e3181cb3e25 PMID: 20042704

Wege N, Dlugaj M, Siegrist J, Dragano N, Erbel R, Jockel KH, et al. Population-Based Distribution and
Psychometric Properties of a Short Cognitive Performance Measure in the Population-Based Heinz Nix-
dorf Recall Study. Neuroepidemiology. 2011; 37:13-20. https://doi.org/10.1159/000328262 PMID:
21757960

Dlugaj M, Gerwig M, Wege N, Siegrist J, Mann K, Brécker-Preuss M, et al. Elevated Levels of High-Sen-
sitivity C-Reactive Protein are Associated with Mild Cognitive Impairment and its Subtypes: Results of a
Population-Based Case-Control Study. Journal of Alzheimer’s disease: JAD. 2012; 28:503—14. https://
doi.org/10.3233/JAD-2011-111352 PMID: 22008268

Ihl R, Weyer G. Alzheimer’s Disease Assessment Scale (ADAS) Deutsche Bearbeitung; 1993.
Oswald WD, Fleischmann UM. Nirnberger Alters-Inventar (NAI). 1997;1.
Steffen Aschenbrenner KWL Oliver Tucha. Regensburger Wortflissigkeitstest (RWT). 2000;1.

Albert MS, DeKosky ST, Dickson D, Dubois B, Feldman HH, Fox NC, et al. The diagnosis of mild cogni-
tive impairment due to Alzheimer’s disease: Recommendations from the National Institute on Aging-Alz-
heimer’s Association workgroups on diagnostic guidelines for Alzheimer’s disease. Alzheimer’s &
Dementia: The Journal of the Alzheimer’s Association. 2011; 7(3):270-279. https://doi.org/10.1016/j.
jalz.2011.03.008

Winblad B, Palmer K, Kivipelto M, Jelic V, Fratiglioni L, Wahlund LO, et al. Mild cognitive impairment—
Beyond controversies, towards a consensus: Report of the International Working Group on Mild Cogni-
tive Impairment. Journal of internal medicine. 2004; 256:240-6. https://doi.org/10.1111/j.1365-2796.
2004.01380.x PMID: 15324367

In: Hoffmeyer-Zlotnik JHP, Wolf C, editors. International Standard Classification of Education, ISCED
1997. Boston, MA: Springer US; 2003. p. 195-220.

DA W. Wechsler memory scale-revised. New York: Psychological Corporation. 1987.

2018 Alzheimer’s disease facts and figures. Alzheimer’s & Dementia: The Journal of the Alzheimer’s
Association. 2018; 14(3):367—429. https://doi.org/10.1016/j.jalz.2018.02.001 PMID: 32157811

Lundervold AS, Lundervold A. An overview of deep learning in medical imaging focusing on MRI. Zeit-
schrift fur Medizinische Physik. 2019; 29(2):102—127. https://doi.org/10.1016/j.zemedi.2018.11.002
PMID: 30553609

Krizhevsky A, Sutskever |, Hinton GE. ImageNet Classification with Deep Convolutional Neural Net-
works. In: Proceedings of the 25th International Conference on Neural Information Processing Systems
(NIPS) 2012- Volume 1, Lake Tahoe, USA, December 3-8, 2012. Curran Associates Inc.;. p. 1097—
1105.

Goodfellow |, Bengio Y, Courville A. Deep Learning. 1st ed. Adaptive computation and machine learn-
ing series. The MIT Press; 2016.

Teare P, Fishman M, Benzaquen O, Toledano E, EInekave E. Malignancy Detection on Mammaography
Using Dual Deep Convolutional Neural Networks and Genetically Discovered False Color Input
Enhancement. J Digital Imaging. 2017; 30(4):499-505. https://doi.org/10.1007/s10278-017-9993-2
PMID: 28656455

Pelka O, Nensa F, Friedrich CM. Annotation of enhanced radiographs for medical image retrieval with
deep convolutional neural networks. PLOS ONE. 2018; 13(11):1-18. https://doi.org/10.1371/journal.
pone.0206229 PMID: 30419028

Zuiderveld K. In: Heckbert PS, editor. Contrast Limited Adaptive Histogram Equalization. USA: Aca-
demic Press Professional, Inc.; 1994. p. 474-485.

Pizer SM, Amburn EP, Austin JD, Cromartie R, Geselowitz A, Greer T, et al. Adaptive Histogram Equal-
ization and lts Variations. Computer Vision, Graphics and Image Processing. 1987; 39(3):355-368.
https://doi.org/10.1016/S0734-189X(87)80186-X

Buades A, Coll B, Morel JM. A Non-Local Algorithm for Image Denoising. In: Proceedings of the 2005
IEEE Computer Society Conference on Computer Vision and Pattern Recognition (CVPR’05)—Volume
2—Volume 02. CVPR’05. Washington, DC, USA: IEEE Computer Society; 2005. p. 60—65. Available
from: 10.1109/CVPR.2005.38.

Russakovsky O, Deng J, Su H, Krause J, Satheesh S, Ma S, et al. ImageNet Large Scale Visual Recog-
nition Challenge. International Journal of Computer Vision (IJCV). 2015; 115(3):211-252. https://doi.
org/10.1007/s11263-015-0816-y

Huang G, Liu Z, Van Der Maaten L, Weinberger KQ. Densely Connected Convolutional Networks. In:
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, CVPR, Honolulu,
USA, July 22-25,2017; 2017. p. 2261-2269.

PLOS ONE | https://doi.org/10.1371/journal.pone.0236868 September 25, 2020 23/24


https://doi.org/10.1212/WNL.0b013e3181cb3e25
https://doi.org/10.1212/WNL.0b013e3181cb3e25
http://www.ncbi.nlm.nih.gov/pubmed/20042704
https://doi.org/10.1159/000328262
http://www.ncbi.nlm.nih.gov/pubmed/21757960
https://doi.org/10.3233/JAD-2011-111352
https://doi.org/10.3233/JAD-2011-111352
http://www.ncbi.nlm.nih.gov/pubmed/22008268
https://doi.org/10.1016/j.jalz.2011.03.008
https://doi.org/10.1016/j.jalz.2011.03.008
https://doi.org/10.1111/j.1365-2796.2004.01380.x
https://doi.org/10.1111/j.1365-2796.2004.01380.x
http://www.ncbi.nlm.nih.gov/pubmed/15324367
https://doi.org/10.1016/j.jalz.2018.02.001
http://www.ncbi.nlm.nih.gov/pubmed/32157811
https://doi.org/10.1016/j.zemedi.2018.11.002
http://www.ncbi.nlm.nih.gov/pubmed/30553609
https://doi.org/10.1007/s10278-017-9993-2
http://www.ncbi.nlm.nih.gov/pubmed/28656455
https://doi.org/10.1371/journal.pone.0206229
https://doi.org/10.1371/journal.pone.0206229
http://www.ncbi.nlm.nih.gov/pubmed/30419028
https://doi.org/10.1016/S0734-189X(87)80186-X
http://10.1109/CVPR.2005.38
https://doi.org/10.1007/s11263-015-0816-y
https://doi.org/10.1007/s11263-015-0816-y
https://doi.org/10.1371/journal.pone.0236868

PLOS ONE MRI-based detection of amnestic mild cognitive impairment using sociodemographic data, APOE and deep learning

66.
67.

68.

69.

70.

71.

72.

73.

Chollet F. Deep Learning with Python. 1sted. Greenwich, CT, USA: Manning Publications Co.; 2017.

Hochreiter S, Schmidhuber J. Long Short-Term Memory. Neural Computation. 1997; 9(8):1735-1780.
https://doi.org/10.1162/neco.1997.9.8.1735 PMID: 9377276

Ben Abacha A, Hasan SA, Datla VV, Liu J, Demner-Fushman D, Muller H. VQA-Med: Overview of the
Medical Visual Question Answering Task at ImageCLEF 2019. In: Working Notes of CLEF 2019—Con-
ference and Labs of the Evaluation Forum, Lugano, Switzerland, September 9-12, 2019.; 2019. Avail-
able from: http://ceur-ws.org/Vol-2380/paper_272.pdf.

Sutskever |, Vinyals O, Le QV. Sequence to Sequence Learning with Neural Networks. In: Proceedings
of the 27th International Conference on Neural Information Processing Systems—Volume 2. NIPS'14.
Cambridge, MA, USA: MIT Press; 2014. p. 3104—3112. Available from: http://dl.acm.org/citation.cfm?
id=2969033.2969173.

Pascanu R, Mikolov T, Bengio Y. On the Difficulty of Training Recurrent Neural Networks. In: Proceed-
ings of the 30th International Conference on International Conference on Machine Learning—Volume
28.1CML’13. JMLR.org; 2013. p. [1I-1310-111-1318. Available from: http://dl.acm.org/citation.cfm?id=
3042817.3043083.

Cheng HT, Koc L, Harmsen J, Shaked T, Chandra T, Aradhye H, et al. Wide & Deep Learning for Rec-
ommender Systems. In: Proceedings of the 1st Workshop on Deep Learning for Recommender Sys-
tems. DLRS 2016. New York, NY, USA: ACM; 2016. p. 7-10. Available from: http://doi.acm.org/10.
1145/2988450.2988454.

Parmanto B, Munro PW, Doyle HR. Improving committee diagnosis with resampling techniques. In:
Advances in Neural Information Processing Systems (NIPS) 1996, February 12—May 12, 1996, Den-
ver, USA;. p. 882—-888.

Selvaraju RR, Cogswell M, Das A, Vedantam R, Parikh D, Batra D. Grad-CAM: Visual Explanations
from Deep Networks via Gradient-Based Localization. In: Proceedings of the IEEE International Confer-
ence on Computer Vision (ICCV) 2017, Venice, Italy, October 22- October 29, 2019.; 2017. p. 618-626.

PLOS ONE | https://doi.org/10.1371/journal.pone.0236868 September 25, 2020 24/24


https://doi.org/10.1162/neco.1997.9.8.1735
http://www.ncbi.nlm.nih.gov/pubmed/9377276
http://ceur-ws.org/Vol-2380/paper_272.pdf
http://dl.acm.org/citation.cfm?id=2969033.2969173
http://dl.acm.org/citation.cfm?id=2969033.2969173
http://dl.acm.org/citation.cfm?id=3042817.3043083
http://dl.acm.org/citation.cfm?id=3042817.3043083
http://doi.acm.org/10.1145/2988450.2988454
http://doi.acm.org/10.1145/2988450.2988454
https://doi.org/10.1371/journal.pone.0236868

