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Abstract

In the recent 5 years (2014-2018), there has been growing interest in the use of machine learning (ML) techniques to explore
image diagnosis and prognosis of therapeutic lesion changes within the area of neuroradiology. However, to date, the major-
ity of research trend and current status have not been clearly illuminated in the neuroradiology field. More than 1000 papers
have been published during the past 5 years on subject classification and prediction focused on multiple brain disorders. We
provide a survey of 209 papers in this field with a focus on top ten active areas of research; i.e., Alzheimer’s disease/mild
cognitive impairment, brain tumor; schizophrenia, depressive disorders, Parkinson’s disease, attention-deficit hyperactivity
disorder, autism spectrum disease, epilepsy, multiple sclerosis, stroke, and traumatic brain injury. Detailed information of
these studies, such as ML methods, sample size, type of inputted features and reported accuracy, are summarized. This paper
reviews the evidences, current limitations and status of studies using ML to assess brain disorders in neuroimaging data.
The main bottleneck of this research field is still the limited sample size, which could be potentially addressed by modern

data sharing models, such as ADNI.
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Introduction

Wang and Summers [1] predicted the future of machine
learning (ML) in radiology and stated that “statistical
approaches will be a major direction on ML study in radiol-
ogy.” They expected machine learning to be ““a critical com-
ponent of advanced software systems in the field of radiol-
ogy.” Conceptually their prediction is correct; however, up to
the present day its practical application in radiology has not
yet been proven to be entirely feasible. Limited sample size
has been the largest issue hindering ML advancements in the
field of radiology during the last 6 years. To achieve signifi-
cant statistical power, large amounts of data are necessary.
Wang and Summers’ prediction on the statistical underlying
basis of ML was correct; however, curious enough, the basis
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of their own hypothesis has been the major hindering factor
for its development.

Does the “small N” problem [2] still have an adverse
effect on ML study in the field of neuroradiology? Accord-
ingly, has there been any recent progress on ML studies? In
this review, we tried answering these questions by acquiring
the ML research trend thorough literature search. We used
keyword paper search on Pubmed [3].

In this article, we focused on the efficiency of ML tech-
niques, with special focus on brain diseases. To capture the
research trend from 2014 to 2018 (5 years), we picked up
top ten active studies according to the number of papers
(conference papers were excluded). These included Alz-
heimer’s disease (AD)/mild cognitive impairment (MCI),
brain tumor; schizophrenia (SCZ), depressive disorders,
Parkinson’s disease (PD), attention-deficit hyperactivity dis-
order (ADHD), autism spectrum disease (ASD), epilepsy,
multiple sclerosis (MS), stroke, and traumatic brain injury
(TBI). Detailed information about those studies such as ML
methods, sample size, type of input features and reported
accuracy were summarized. Based on this survey, we will try
to clarify the current status and bottlenecks of ML studies.


http://crossmark.crossref.org/dialog/?doi=10.1007/s11604-018-0794-4&domain=pdf
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Survey

Based on PubMed search from 2014 to 2018, 1337 papers
on neuroimage-based ML researches were found. The key
search terms: brain, machine learning, and diagnosis. Fig-
ure 1 summarizes the literature selection procedure for this
paper.

An initial 1337 studies were identified using the search
strategy described above, and 511 of these were screened
by the title after removing the duplicates. A total of 467
abstracts were screened and 44 studies were excluded at this
point. This left 340 studies screened by full-text, with 127
studies excluded at this juncture. We limited our search to
journal papers in English, published up to 19 September
2018. In a few instances, the full paper was not found and
therefore those studies were excluded from this survey. This
review was conducted partially according to the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) guidelines for systematic reviews [4].

Total of 209 papers were eventually selected based on the
number of papers on top ten researches selected. The key
aspects of each study, such as research purpose, machine
learning method, imaging modality (ultrasonography was
excluded), sample size, inputted features for ML, and
remarks were investigated. Those that did not show results
as numerical values were considered not eligible.

Records identified through
Pubmed database search
N=1,337

A\ 4

Records excluded by title
N= 826

Records screened by title
N=511

A\ 4

Records excluded
by abstract
N= 44

Records screened
by abstract
N= 467

A 4

A 4

Full-text records excluded
> based on criteria
N=127

Full-text records screened
for neuroradiology
N= 340

I—l

Studies to be included
In synthesis for top 10 studies on neuroradiology
(11 diseases)
N= 209

Fig. 1 Literature selection procedure

A list of all abbreviations used in the tables and the manu-
script is provided in Table 1.

Results
Top ten studied brain diseases

Table 2 shows the top 10 studied brain diseases, their num-
ber of publications from 2014 to 2018, and relating large
data sets. The top ten research areas for this survey were AD/
MCI (62 papers), brain tumor (37 papers), schizophrenia (21
papers), depressive disorders (20 papers), PD (13 papers),
ADHD (13 papers), ASD (12 papers), epilepsy (10 papers),
MS (8 papers), stroke (7 papers), and TBI (7 papers).

Alzheimer’s disease/mild cognitive impairment

MCl is considered a prodromal phase to dementia, especially
the AD type. AD is the most common neurodegenerative
disorder, which is increasingly prevalent among adults aged
65 years and older. Considering the prevalence and sever-
ity of MCI/AD, the largest number of neuroimaging-based,
automatic classification publications has been published.
Also, a number of these studies investigated the possibil-
ity of automatic classification of stable MCI (sMCI) from
progressive MCI (pMCI) and converter MCI from non-con-
verter MCI using ML plus neuroimaging. Table 3 summa-
rizes the 55 papers. 48 papers (83%) among 55 were studied
about classification of AD, MCI (including subtypes), and
normal controls.

Brain tumor

A central goal of ML on brain tumor is the identification of
quantitative imaging indicators that predict important clini-
cal outcomes, including prognosis and response or resistance
to a specific cancer treatment [65]. The main purposes of the
surveyed ML studies on brain tumor were segmentation of
the tumor, classification of the type of tumor, and predic-
tion of survival or genotype. MRI was the main modality
for ML studies. Depending on the purpose, variety of MR
imaging methods were employed. Table 4 summarizes the
brain tumor studies.

Schizophrenia

Considering the absence of standard clinical test for schiz-
ophrenia, there is a growing interest in automatic diagno-
sis of schizophrenia based on neuroimaging features [2].
Therefore, all studies aimed to identify and classify SCZ
from healthy control and/or other psychiatric diseases such
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Table 1 Abbreviations used in the tables and manuscript

Abbreviation Full term

(a) Used in informatics

3D HOG Histogram of oriented 3D gradients

BIRN The Biomedical Informatics Research Network
CRF Conditional random fields

CvV Cross validation

DANS Discriminant autoencoder network with sparsity constraint
DBM Deep Boltzmann machine

DBN Deep belief network

DDN Deep delief network

DESRN Deep ensemble sparse regression network

DF Deformation fields

DLDA Diagonal linear discriminate analysis

DNN Deep neural network

DQDA Diagonal quadratic discriminate analysis
DRBMs Discriminative restricted Boltzmann machines
ELM Extreme learning machines

EPNN Enhanced probabilistic neural network

FASMA Fast spectroscopic multiple analysis

FCM Fuzzy C-means

FWT Fast wavelet decomposition

GMLVQ Generalized matrix learning vector quantization
GNB Gaussian Naive Bayes

IFWT Fast wavelet reconstruction

IPSO Improved particle swarm optimization

IVM Import vector machine

JESS Joint feature-sample selection

k-NN k-Nearest neighbor

KSOM Kohonen self-organizing map

KPLS Kernel partial least squares regression

LASSO Least absolute shrinkage and selection operator
LDA Linear discriminant analysis

LDS Low density separation

LG Label generation

LINDA Lesion identification with neighborhood data analysis
LOOCV Leave-one-out cross validation

LOSPGOCV Leave-one-subject-per-group-out cross validation
LOSOCV Leave-one-subject-out cross validation

LPOCV Leave-pair-out cross validation

LSOCV Leave-site-out cross validation

LTOCV Leave-two-out cross validation

LR Logistic regression

LR Logistic regression

M2TL Multimodal manifold-regularized transfer learning
MCCV Monte carlo cross-validation

MIMC Multi-label inductive matrix completion

ML Machine learning

MLDA Maximum entropy linear discriminant analysis
MMC Maximum margin clustering

MPA Multivoxel pattern analyses

MVPA Multi-voxel pattern analysis
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Table 1 (continued)

Abbreviation Full term
NMF Non-negative matrix factorization
NN Neural Network
OASIS Open access series of imaging studies
OC-SVM One-class support vector machine.
OOB Out-of-bag
OVA One-versus-all
PNN Robabilistic neural network
RBF Radial based function
RBM Restricted Boltzmann machine
RDF Random decision forest
RELM Regularized extreme learning machine
RF Random forest
RFE Recursive feature elimination
RLDA Robust discriminant analysis
SBFE Searchlight based feature extraction
SLFEN Single layer feedforward networks
SMSMA Supervised multiblock sparse multivariable analysis
SVM Support vector machine
SWCSD Supervised within-class-similar discriminative
TGSL Temporally-constrained group sparse learning

(b) Used in medicine
11C-MET
FP-CIT SPECT

AD
ADC
ADNI
AH
AIBL
ASD
AUC
BD
BIRN
BRATS
CL
CLIMB
cMDD
CMRGIc
COBRE
CSF
CT
cTIWI
DBS
DKI
dMRI
DSM
DTI
DZNE
ECT
EEG

L-[Methyl-11C methionine

123Iodine-labelled N-(3-fluoropropyl)-2p-carbomethoxy-3p-(4-iodophenyl) nortropane (1231-FP-CIT) single

photon emission computerized tomography
Alzheimer’s disease
Apparent diffusion coefficient
Alzheimer’s disease Neuroimaging Initiative

Auditory hallucinations

The Australian Imaging, Biomarker and Lifestyle Flagship Study of Ageing

Autism spectrum disease

Area under the curve

Bipolar disorder

The Biomedical Informatics Research Network
Multimodal Brain Tumor Segmentation Challenge

Cognitive loss

The Comprehensive Longitudinal Investigation of MS at the Brigham and Women’s Hospital Partners MS Center

Current major depressive disorder patients
Cerebral metabolic rate of glucose consumption
The Center for Biomedical Research Excellence
Cerebrospinal fluid

Computed tomography

Contrast enhanced TIWI

Deep brain stimulation

Diffusion kurtosis image

Diffusion MRI

Diagnosis and Statistical Manual of Mental Disorders
Diffusion tensor image

The German center for neurodegenerative diseases
Electroconvulsive therapy

Electroencephalogram
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Table 1 (continued)

Abbreviation Full term
EP Ependymoma
FA Fractional anisotropy
FDG-PET 2-Deoxy-2-[18F]fluoroglucose PET
FLAIR Fluid attenuated inversion recovery
fMRI Functional MRI
GBM Glioblastoma multiforme
GM Gray matter
HARDI High angular resolution diffusion images
HC Healthy control
HNPPH Henan provincial people’s hospital
HR High risk
LBP Local binary pattern
LGG low grade glioma
MB Medulloblastoma
MBs Medulloblastomas
MCI Mild cognitive impairment
MCI-C MCI converter
MCI-NC MCI non-converter
MD Mean diffusivity
MDD Major depressive disorder
MEG Magnetoencephalography
MEN Meningioma
MI Motor function impaired
MP Motor function preserved
MPRAGE Magnetization-prepared rapid acquisition with gradient echo
MR Magnetic resonance
MRI Magnetic resonance image
MS Multiple sclerosis
mTBI Mild traumatic brain injury
MTS Mesial temporal sclerosis
NC Normal control
NIH National Institutes of Health
NITRC The Neuroimaging Informatics Tools and Resources Clearinghouse
OASIS The Open Access Series of Imaging Studies
OCD Obsessive compulsive disorder
PAs Pilocytic astrocytomas
PCS Post concussion syndrome
PD Parkinson’s disease
PDWI Proton density weighted image
PET Photon emission tomography
PiB Pittsburg compound B
pMCI Progressive MCI
PPI Psychophysiological interaction
PPMI Parkinson’s progression markers initiative
PRODEM The prospective registry on dementia
PSP Progressive supranuclear palsy
PTSD Posttraumatic stress disorder
R2*WI R2* weighted image
rMDD Remitted major depressive disorder patients
RNA Ribonucleic acid
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Table 1 (continued)

Abbreviation Full term
rCBV Relative cerebral blood volume
rRCBV Relative regional cerebral blood volume
rs-fMRI Resting state fMRI
sMCI Stable MCI
sMRI Structural MRI
SCI Subjective cognitive impairment
SCz Schizophrenia
SIB Non-affected siblings of patients with schizophrenia
SICH Symptomatic intracranial haemorrhage
sMRI Structural MRI
SNP Single nucleotide polymorphism
SUVr Standard uptake value ratio
SWEDD Subjects with scans without evidence of dopaminergic deficit
TIWI T1 weighted image
T2WI T2 weighted image
TBI Traumatic brain injury
TCGA The cancer genome atlas
TCIA The cancer imaging archive
WM White matter

Table 2 Top ten studied brain

: . Rank Disease Number of Large data set Large data set
dlsee}sesj their number of papers based studies
publications from 2014 to 2018,
and related large data sets 1 Alzheimer’s disease/MCI 61 51 (83.6%) ADNI, OASIS, DZNE,
PRODEM, AIBL
2 Brain tumor 37 6 (16.2%) BRATS, TCIA, TCGA
3 Schizophrenia 21 4 (19.0%) COBRE, NITRC, BIRN
4 Depression 20 0 (0.0%) -
5 Parkinson’s disease 13 9 (69.2%) PPMI
5 ADHD 13 8 (61.5%) ADHD-200?, ABIDE®
7 Autism 12 10 (83.3%) ABIDE®
8 Epilepsy 10 0 (0.0%) -
9 Multiple sclerosis 8 1(12.5%) CLIMB
10 Stroke 7 0 (0.0%) -
10 Traumatic brain injury 7 0 (0.0%) -
Sum 209 89 (43.8%)

ADHD-200: http://fcon_1000.projects.nitrc.org/indi/adhd200/
> ABIDE: http://fcon_1000.projects.nitrc.org/indi/abide/databases.html

as bipolar disorder [106] or OCD [104]. We surveyed 21
papers, which are presented in Table 5.

Depressive disorders
The diagnosis of major depression disorders (MDD) is based

on application of criteria from the Diagnosis and Statistical
Manual of Mental Disorders (DSM) and clinician judgment.

Based on the diagnosis, initial pharmacotherapy treatment
is effective in approximately 50% of patients [124]. There-
fore, the main purposes of ML studies on MDD were clas-
sification and prediction of the first onset [140], treatment
response [142, 143], and clinical depression score [144]. We
reviewed 19 studies that used neuroimaging for automatic
diagnoses of MDD. Those studies are listed in Table 6.
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Year References
2017 [156]

2016 [157]

Ye et al.

Author
Du et al.

Data base®
Internal
Internal

35,
MSA =16,
=36,
34,
42,

total=106

Number of
Subjects
PD
PSP=19,
HC
PD
HC
total=76

0.88

PD), 0.94(PD

vs MSA/
PSP), 0.99(PD
vs MSA),
0.99(PD

0.91 (HC vs
vs PSP),

0.98(MSA vs

Overall accu-

racy

AUC
(HC vs PD/
MSA/PSP),
PSP)

0.85

Validation
10-fold CV
LOOCV

Classifier
SVM
SVM

general linear

Subject-level
model

FA, MD

Features

DWI, fMRI

Modality

PD, treatment
response

Type

#Internal: subjects were recruited from institutional and/or public through media channels

Differentiation PD, MSA, PSP DTI, R2*WI
N/A indicates information was not available or could not be found

Table 7 (continued)

Purpose
Prediction

Parkinson’s disease

The main purposes of ML studies on PD were classifica-
tion and differentiation of PD from normal control (NC),
progressive supranuclear palsy (PSP), and/or subjects with
scans without evidence of dopaminergic deficit (SWEDD).
We surveyed 13 papers, which are presented in Table 7.

Attention-deficit hyperactivity disorder

ADHD is one of the most commonly found functional dis-
orders affecting children. In 2011, a global competition
(called ADHD-200) was held to use neuroimaging as well as
phenotypic measures to automatically detect ADHD [158].
Approximately, half of the studies reviewed in this survey
were based on that challenge. The main characteristics of
those studies are tabulated in Table 8.

Autism

ASD is a common disorder affecting youth, and share a
high degree of comorbidity with other psychiatric disorders
[170]. Both autism spectrum disorder (ASD) and ADHD
are currently diagnosed on the basis of parent interview and
clinical observation [171]. The identification of objective
and reliable biomarkers is thus a critical yet elusive goal for
neuroimaging researchers [172]. We surveyed 11 papers in
classification of ASD mostly using functional MRI-based
features and a prediction of ASD severity based on structure
MRI. Those studies are listed in Table 9.

Epilepsy

The main purposes of ML studies on epilepsy were classifi-
cation of epilepsy from other type of diseases, detection, and
prediction of treatment outcome. MR imaging was a main
modality used for ML studies. Depending on the purpose,
variety of MR imaging methods, such as TIWI and DTI
were employed. Table 10 summarizes the epilepsy studies.

Multiple sclerosis

The main purposes of ML studies on MS were classification,
detection, and segmentation of MS lesion. Both structural
and functional MRI were the main imaging methods used for
ML studies. Table 11 summarizes the MS studies.

Stroke

ML techniques have been applied for stroke imaging in two
different aspects: i.e., automatic or accurate diagnosis and
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prediction of prognosis [203]. Automatic lesion identifica-
tion or segmentation is one of the most important elements
in precision medicine dealing with huge datasets of brain
imaging. This is because manual lesion segmentation is
cumbersome and inconsistent across raters [204]. Predic-
tion of treatment complications may be useful for screening
a high-risk group receiving acute treatment, such as throm-
bolysis [205], whereas prediction of neurological long-term
outcomes may guide the stroke management [206]. Both CT
and structural MRI were a main modalities. Table 12 sum-
marizes the stroke studies.

Traumatic brain injury

Neuroimaging plays a critical role in the acute setting to
guide appropriate management by detecting injuries that
require intervention or further monitoring [214]. Among
various MR imaging techniques, the DTI metrics are thought
to reflect the integrity of microstructural properties of white
matter and have been applied extensively as neuroimaging
biomarkers to study a range of clinical conditions [215].
The main purposes of ML studies on TBI were classifica-
tion of mild traumatic brain injury (mTBI) from NC and/or
post concussion syndrome (PCS) and posttraumatic stress
disorder (PTSD). CT, DTI, and fMRI were the main modal-
ity used for ML studies on TBI. Table 13 summarizes the
TBI studies.

Study characteristics
Number of publications

Figure 2 shows the number of papers published in each
year for each disease type. The number of studies showed a
growing trend since 2014 (2018 was not an entire year, the
term was 1 January—19 September). As shown in Table 2,
top three researches are strongly supported by big data sets.
Typically, 92.7% of AD/MCI studies were carried out on
large data sets, such as ADNI, OASIS [223], DZNE [224],
PRODEM [225], and AIBL [226]. This clearly indicates that
the well-maintained database supports the progress of tech-
nology and their publications.

Overall accuracy vs. total sample size

Figure 3 shows the overall accuracy against the total sam-
ple size used in the studies. Almost all studies that reported
very high accuracies (69.8% of studies were higher than 0.8)
had sample sizes smaller than 100 (45.6% of studies). The
reported overall accuracy decreases with sample size in most
of the disorders, such as schizophrenia and ADHD. This

pattern raises a serious concern regarding generalizability
of many of those studies with small sample sizes. On the
other hands, only PD studies (* in Fig. 3) showed positive
relationships between the accuracy and the total sample size.
Parkinson’s Progression Markers Initiative (PPMI) may play
an important role. In contrast, the result of MRI measures
varies from facility-to-facility and the standardization still
appears to be an open problem [227].

Total sample size distribution

Figure 4 shows the sample size distribution. The dashed
lines represent mean (red) and median (blue) sizes, which
are 231 and 120, respectively.

When using diagnosis models that are very complex or
have many parameters on datasets with small number of
samples, overfitting tends to take place. Usually, ML cre-
ates classifier from training dataset. In the training session,
ML sometimes extracts unique characteristics, which are
only based on the training datasets. Therefore, an overfitted
model provides good results on the training data and poor
results on the test data. Neuroimaging datasets tend to have
limited sample size and millions of voxels per sample. The
majority of surveyed studies built predictive models based
on a very small number of subjects. Therefore, it is plausible
that many surveyed studies suffer from overfitting problem.
Cross validation, simple classifier, and proper feature selec-
tions can help avoid overfitting.

Accuracy for each disorder

Figure 5 illustrates the summary statistics of reported over-
all accuracy for each disorder. AD/MCI and PD studies
exceeded 0.9 in median. In contrast, ADHD and stroke stud-
ies were less than 0.7 in their medians. Others had around
0.8 t0 < 0.9 in their median of accuracy.

Classification method

Figure 6 shows the classifiers used in the studies. In terms
of classification methods, support vector machine (SVM)
was still the most popular method (more than 55%, 117/209
papers). Different strategy of SVM such as linear, non-linear
with different kernel, SVM with recursive feature elimina-
tion, SVM with L1 regularization and SVM with L1 and L2
regularization (elastic net) have been used for classification
of various disorders.

Although deep neural network (DNN) is attracting atten-
tion in recent years [203, 228, 229], there were still only 18
papers published in the last 5 years using DNN. Addition-
ally, random forest (RF) was used in 11 papers.
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Fig.2 Total number of papers
within each year for every
disease or disorder

Fig. 3 Scatter plot of overall
reported accuracy versus the
total sample size

Fig.4 Histogram of the sample
sizes of the surveyed studies.
Vertical dashed lines indicate
mean (red) and median (blue)
sample size among all studies,
which are 231 and 120, respec-
tively
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Fig.5 Disorder-specific box plots of reported overall accuracies of
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racy
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Fig. 6 Classifiers used for ML of the surveyed papers

Validation method

Figure 7 shows the validation methods used in the studies.
In terms of classifier validation methods, k-hold cross vali-
dation (CV) is the most popular method (more than 80%,
169/209 papers). The constant k was varying; k= 1-10.
Among them, the popular methods were leave-one-out cross
validation (LOOCYV) and tenfold CV.

Ideally, training/test scheme should be chosen for the
validation of classifier, but more than 80% of papers made
k-hold CV because of lack of subject. Only 9.1% (19 papers)
made training/test scheme for the validation of classifier.

other 1.0

training / test

Validation
method [%]

k-fold CV
81.3

Fig. 7 Validation methods used for ML of the surveyed papers

Limitations

There are several limitations in this work. Firstly, we limited
our search to English journal papers. Secondly, there are
other studies based on other modalities such as EEG MEG,
and US, which were not included in this study. Moreover,
other important conditions such bipolar and anxiety disor-
ders were not reviewed in this work. Many of the papers
contained multiple experiments under different scenarios,
such as multiple ML methods, data reduction methods, and
multiple data sets, but we just reported one of the most suc-
cessful remarks.

Summary

In this paper, we comprehensively reviewed 11 diseases
neuroimaging-based 209 ML studies in the recent 5 years
period of time. To clarify the recent trends of ML studies
in the field of neuroradiology, we summarized ML methods
used in these research, the number of data, image features,
and the overall accuracy. We have also shown that there are
several bottlenecks, such as feature selection bias and over-
fitting by small sample size.

It is clear that the result of ML, which is a statistical
model fitting method, depends on its sample size. There-
fore, as many previous review papers have pointed out, the
existence of large data sets is indispensable for promoting
ML study. More importantly, multidisciplinary cooperation
remains a crucial aspect, and if achieved, Wang and Sum-
mers’s expectations might become true.
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