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We are witnessing the big wave of Industrial Revolution 4.0, enabled by artificial intelligence (Al)
and big data, which has shaken the entire industry and day-to-day life as well as rapidly changed
the landscapes of related academic disciplines. After the introduction of genome sequencing
and analysis technology, biology and medical sciences have been rapidly transforming into data
science. Radiology is facing a challenging period of transformation into a data science. This re-
view article draws attention to imaging informatics as a vehicle to open a new horizon and to
drive to the future path for radiology in the Al and big data era. We introduce the basic concepts
of imaging informatics and consider the informatics features of picture archiving and communi-
cation system and digital imaging and communications in medicine. We discuss the concepts
and differences of radiogenomics and radiomics, which are important specialties of imaging in-
formatics. We introduce the basics of Al and its recent applications in radiology as well as re-
quirements for the successful construction of big data for imaging informatics. We conclude by
discussing unresolved issues, potential solutions, and directions for future developments.

Index terms Medical Informatics; Radiology Information System; Big Data;
Artificial Intelligence; Computational Biology; Genomics
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Fig. 1. The figure illustrates a typical analytics procedure in radiogenomics research.
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Table 1. Examples of Imaging Phenotype Traits for Radiogenomic Analysis

Trait Name Description Scoring System

. Location of most tumor mass .
Location . . . . 1=central, 2 = peripheral
Central = medial to midclavicular line

Pleural tail, defined as linear opacity extending

Pleural tail 1=absent, 2 = present

from the mass to the pleura
Pleural effusion Severity of pleural effusion 0=none, 1=small,2=moderate, 3 =large
Dominant opacity of mass  Characteristic of dominant opacity 1=solid, 2 = ground glass, 3 = mixture, 4 = cavitary
Margin shape Mass margin shape 1=circumscribed, 2 = lobulated, 3 = speculated, 4 = irregular
Overall shape Overall shape of mass 1=round, 2 =oval, 3 = notched, 4 = irregular
Calcification Presence of calcification 1=absent, 2 = present
Necrosis Percentage of necrosis within tumor 0=none, 1 < 25%, 2 < 50%, 3 < 75%, 4 =100%
Tumor tissue interface Characteristic of tumor tissue interphase 1=absent, 2 = present
Tumor capsule Presence of tumor capsule 1=absent, 2 = present
Halo Presence of halo around mass 1=absent, 2 = present

S(6)2 20079 2= A FEHARH H2HE =Uste] TAIE S CTeollA
doxorubicin OFERES -FAAAPE AT} AW Jd=EFE 54 (imaging phenotype trait)& A

E
e A= WrEE T AL MM B o] A okl 2|28 AMelo] E8E & 9les
ol A

Segal

o=2"T X»xuaa

Sh= 5312 S| AEeE Z47F Ateo] BuE|Qa 7HA 0 8 FoFxA]o] EGFR o] tix
L)AL HEE Aol Rlgo] dHEATHO).

o]F ofg] Aol PR Bl AN EE| ol A2 of|F o Zof ATHE CT Fd=IYH
4 draol) E-8-5 11, fRete] Wi B ol ot ke 2934 MR i8S Wt &85
5 thofst oF ALoj| A 1 7544 o] EH1E] Q1TH(10-12). Table 201 GAH-AA|SH Hhd o] Eoiz}
ES

o Jm

F&HAAEE FYEA 9| nrojAzof2o] Hlolg et F/do] 42 ol& HloEE 7| Q1o
OF A5 AIATE 4= QlofA] AaH=2] Zof7t otk AR o] AU L2t Fefloll= vl=
¢} 344 A= (The Cancer Genome Atlas; ©|5} TCGA) T2 A Eof] ALEH &
A ellol e & 4ol tis CT, MRI 5 9/ ElolEl & pisto] 37lstkaL Jlo] B ghish &
7+ ZX10] 7|t ek(17).
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Table 2. Selected Papers Published at an Early Stage of Radiogenomics Development
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. . ROI Subjects  Features
References Title Modality Feature Type .
Definition (n) (n)
Segal et al. Decoding global i
egaleta fecg ing global gene e.xpre§5|o.n pro-grams T Semantic N/A 28 138
2007 (6) in liver cancer by noninvasive imaging
Diehn et al. Identification of noninvasive imaging surrogates .
. . MRI Semantic N/A 25 10
2008 (9) for brain tumor gene-expression modules
Zinnetal. Radiogenomic mapping of edema/ Computational
. . . MRI Manual 78 3
2011 (10) cellular invasion MRI-phenotypes in GBM features
Yamamoto et al. . . . . Semantic +
Radiogenomic analysis of breast cancer using MRI MRI o Manual 10 26
2012 (11) quantitative
NSCLC: identifyi tic imagi
Gevaert et al. . identifying proghos I @agmg Semantic +
biomarkers by leveraging public gene CT . Manual 26 180
2012 (12) . ; computational
expression microarray data
Radiogenomics of clear cell renal cell carcinoma: .
Karlo et al. L L Semantic +
associations between CT imaging features and CT L Manual 223 8
2014 (13) . quantitative
mutations
Jamshidi et al.
Illuminating radiogenomic characteristics of GBM MRI Semantic N/A 23 6
2014 (14)
Yamamoto etal. ALK molecular phenotype in NSCLC:
. i . e o CcT Semantic N/A 172 24
2014 (15) CT radio-genomic characterization
Breast cancer: radiogenomic biomarker reveals
Yamamoto et al. o . .
2015 (16) associations among dynamic contrast-enhanced MRI Computational Auto 61 47
MR imaging, long noncoding RNA, and metastasis
GBM = glioblastoma multiforme, N/A = not available, NSCLC = non-small cell lung cancer, ROI = region of interest
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Fig. 2. The figure shows an example of analysis procedure in radiomics research. Adapted from Lao et al. Sci
Rep 2017;7:10353 (26).
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Table 3. Reliability of Segmentation Methods in Tumor Segmentation

cHﬁl_I-oélel-Qlﬁ_lFEIXI

References Title Modality

Methods Result (%)

Balaqurunathan Reproducibility and prognosis of quantitative features extracted

CT Manual vs. point click ~ Similarity: 78
etal. 2014 (20) from CT Images
Kim et al. A comparison of two commercial volumetry software programs T Manualvs. point click Failure: 10
2013 (21) in the analysis of pulmonary ground-glass nodules i Error: 11-28
Ryoo et al. Cerebral blood volume analysis in glioblastoma using dynamic MRI Manualvs. boxdraw  Variability: 16-37
2013 (22) susceptibility contrast-enhanced perfusion MRI ’ ¥
Eggeretal. GBM volumetry using the 3D slicer medical image computing MRI Mantalve. srow-clt Rater similarity: 88
2013 (23) platform = Error: 12-36
Zhuetal. Semi-automatic segmentation software for quantitative clinical .
- . MRI Manual vs. semiauto  Error: 10-35
2012 (24) brain glioblastoma evaluation
GBM = glioblastoma multiforme
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Fig. 3. The figure shows examples of segmentation methods. (A) manual, (B) point click, (C) box draw, and (D)
sketch draw. Adapted from Lee et al. J Kor Soc Imag Infor Med 2014;20:19-26 (8).
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Fig. 4. The diagram shows an example of normalized dynamic range for features extracted from segmented tumor volumes. Adapted from
Lee et al. Korean J Radiol 2017;18:498-509 (19).
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Fig. 5. The figure shows an example
of feature clustergram derived from
feature cross correlation matrix. Adapt-
ed from Lee et al. Korean J Radiol 2017;
18:498-509 (19).
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Table 4. Selected Studies on Radiomics Research in Diagnosis, Tumor Staging and Prognosis, and Treatment Response Prediction

Tumor Type Training/ Qualification and -
References . L Features . Significance
Modality Validation Sets Model Learning
Diagnosis
. 219 3-D features
Hawkins Lung cancer T:312 (s h Mali diction AUC
: size, shape, alignancy prediction
etal. 2016 (NLST) . P CNN, random forest & yp
V:188 location, and 79%
(31) cT
textures)
Correlation-based feature
. . elimination and
Wu et al. Lung cancer T:198 440 features (intensity, o . o
univariate feature Histology prediction AUC 0.72
2016 (32) CECT V: 152 shape, texture) .
selection.
3 classification
Fehretal. Prostate cancer . 1st and 2nd order Oversampling approach,  Gleason score prediction
2015 (38) MRI ' statistics support vector machine  accuracy 93%
Tumor staging and prognosis
Stability testing,
NSCLC and T:31,21,422 440 features (intensity, y . & .
Aerts et al. unsupervised Overall survival Cl 0.65
HNSCC V: 225, 136, shape, texture, . .
2014 (29) clustering; Friedman (NSCLC), C10.69 (HNSCC)
CECT 95, 89 wavelet)
test
4842 total Supervised principal
o tpenvised princip ) Prediction of treatment
Kickingereder 17 1st order features, component analysis, . )
GBM T:112 . outcome to antiangiogenic
etal. 2016 CE MR V60 9volume and shape  Cox proportional hazard therapy PFS (p <0.03) and
: .03) an
(33) features, 162 texture models, Py P
. 0S (p <0.001)
features Integrated Brier scores
LASSO; Multi-variate
Huangetal.  Colorectal cancer T:326 150 texture features, binary logistic Predicts lymph node
2016 (34) CECT V: 200 24 signature regression, nomograms metastases (Cl =0.78),
and calibration plots
38 features . )
Leave one-case-out Predict the recurrence risk as
. (morphology, .
Lietal. Breast Cancer cross-validation assessed by oncotype Dx, or
T:84 enhancement L - ;
2016 (39) (TCIA) CEMRI o analysis with logistic mammaprint
texture, kinetic curve .
regression (AUCs 0.55-0.88)
features)
Treatment response prediction
o L Predict response to gefitinib
Lung 183 initial features, Spearman rank statistic, .
Aerts et al. . T:47 . . . at baseline (AUC 0.67) and
adenocarcinomas 11 independent intraclass correlation .
2016 (35) V:31 . change in pre-and post
HRCT features coefficient
treatment (AUC 0.74-0.91)
o Logistic regression .
. 20 texture, 3 kinetic, Predict response to
Michoux etal. Breast cancer model, k-means .
T:69 BI-RADS and : neoadjuvant chemotherapy
2015 (36) CEMRI . . clustering, leave-one-
biologic parameters L (accuracy 68%),
out cross validation
. Reflect response to
Nie et al. Rectal cancer 103 features (texture, . .
T:48 ) Artificial neural network neoadjuvant therapy
2016 (37) CE MRI shape, histogram)

(AUC 0.71-0.79)

AUC = area under the curve, BI-RADS = Breast Imaging-Reporting and Data System, CE = contrast enhancement, Cl = confidence interval, CNN =
convolutional neural network, GBM = glioblastoma multiforme, HNSCC = head and neck squamous cell carcinoma, HR = hazard ratio, LASSO =
Least Absolute Shrinkage and Selection Operator, NLST = National Lung Screening Trial, NSCLC = non-small cell lung cancer, OS = overall sur-
vival, PFS = progression-free survival, T = training set, TCIA = The Cancer Imaging Archive, V = validation set
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Fig. 6. The figure illustrates basic building blocks and architectures in deep learning (A-F). Adapted from
Alom et al. arXiv preprint 2018 arXiv:1803.01164 (41).
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Table 5. Selected Studies for Deep Learning Applications in Medical Imaging

. . - - Network
References Object Modality Training/Validation Sets . Task Performance
Architecture
Huetal. Liver, spleen, kidneys . .
P y 140 scans 5-fold CV Custom CNN  Organ segmentation Dice: 0.94-0.96
2017 (43) CcT
Dolzetal. Brain substructures T: 150 . )
. FCN Organ segmentation Dice: 0.86-0.92
2018 (44) MRI V: 947 patients
Chengetal. Prostate . . .
250 patients 5-fold CV HNN Organ segmentation Dice: 0.90
2017 (45) MRI
Wang et al. Lung nodule T:350 . . .
Custom CNN  Lesion segmentation Dice: 0.82
2017 (46) cT V: 493 nodules g
. . Dice
Alex et al. Brain tumor HGG: 150/69 patients, . .
. AE Lesion segmentation HGG: 0.86
2017 (47) MRI LGG: 20/23 patients
LGG: 0.82
Zhangetal. Osteosarcoma T:15 . . .
. ResNet-50 Lesion segmentation Dice: 0.89
2018 (48) CT V: 8 patients
Payer et al. 37 hand landmarks Error:1.19+1.14
Y 895 images 3-fold CV Custom CNN  Landmark localization

2016 (49) X-ray mm

Zhangetal. Brain landmarks T: 350 o Error: 2.94 & 1.58
FCN Landmark localization
2017 (50) MRI V: 350 mm
Harrisonetal.  Pathologic lung " Error:0.76 = 0.53
929 scans 5-fold CV FCN Landmark localization
2017 (51) cT mm
Rajpurkaretal. 14 pulmonary pathologies  T:112,120 ) .
CNN Multiple pathology detect AUC: 0.70-0.92
2018(52)  Xeray V: 420 images ultipie pathology detection
N tal. Pul dul
ameta wimonary nodute 43292 images CNN Lesion detection AUC: 0.92-0.99

2019 (53) X-ray
AE = auto-encoder, AUC = area under the curve, CNN = convolutional neural network, CV = cross validation, FCN = fully convolutional network,
HGG = high grade glioma, LGG = low grade glioma, T = training set, V = validation set
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Fig. 7. The figure shows examples of deep learning applications.

A. Segmentation of multiple abdominal organs in abdominal CT. Adapted from Wang et al. arXiv preprint
2018;arXiv:1804.02595 (54).

B. Prognosis map of pulmonary nodules in chest CT. Adapted from Hosny et al. PLoS Med 2018;15:1002711 (55).
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0. userguide.d103117.pdf

E_;_' 1. NLST-105.master.d031715.rtf
%' 2. dictionary_nlst-105.ultra_low_dose.person.mar15.031715.rtf
m= 3. dictionary_nlst-105.ultra_low_dose.ctimage.mar15.031715.rtf

4. dictionary_nlst-105.ultra_low_dose.sct abn.mar15.031715.rtf

NLST_105_2_master_person_d031715.csv.zip
. . S ALZip ZIP File
Fig. 8. The figure shows an example ” 2

list of curation document for the Na- ﬁ NLST_105_3_master_ctimage_d031715.csv.zip
. . . o5 i i

tional Lung Screening Trial dataset. #9:- ALZip ZIP File .
Patient, exam, lesion levels, curation ﬁ ﬁ'—jﬁloi‘tmaitetab”7d031715-C5V~le

dictionary, and data are provided. 73: ALZip ZIP File
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Table 6. TCIA Lung Cancer Imaging Data Sets

Name Concentration Modalities Patients Studies Series Images Comments
Lesion/nodulesin 1018 CT, Lesions are marked on the images after
LIDC-IDRI diagnostic and CT, DX, CR 1010 1308 290 244527  2-phase image annotation process by 4
screening studies CR/DX thoracic radiologists
LUNGCT- . Images obtained at initial diagnosis, along
L T 1 1 1 4682
Diagnosis ung adenocarcinoma ¢ 6 6 6 68 with survival data and TNM stage
NLST. Lung cancer screening CT 26254 73118 203099 21082502 'M28es fromthe NLST. CTimages and lung
(limited access) biopsy pathology images are available
Images from trials to compare overall
T, RTSTRUCT,
NRG-1308 NSLC (stage II-111B, CT, RTSTRUCT, survival after photon vs. proton
. . RTPLAN, 12 12 85 1983 L .
(limited access)  inoperable) RTDOSE chemoradiation therapy for inoperable
stage lI-111B NSCLC
NSCL! | i i
SC .C . NSLC (operable) PET. CT % 5 128 36593 mages and gene expressmn microarray
radiogenomics data of the tumor tissue samples
Pretreatment images, manually defined
NSCL.C- . NSCLC CT. RTSTRUCT 427 429 740 51513 tumorvolume,an.d cl.|n|caloutcome
radiomics (Nature Communications Lungl Data
Set)
I Pretreatment images, gene expression
NSCLC-rad
I'E.l 1oMISS - \ste (operable) CT 89 89 89 13482  data, and clinical information (Nature
genomics -
Communications Lung 3 data Set)
. Pretreatment images of mixed
QINLUNG CT Nﬁ;glém")(ed stage/  p 010 10 1174  stage/histology NSCLC confirmed after
2/ treatment
NSCLC (tumor .
- T
RIDER lung CT measurement cT 32 4 63 15419 “ame-dayrepeatCTscanimagesand
L lesion measurement data for NSCLC
variability)
RIDER lun Lung cancer and Serial PET-CT imaging of lung cancer
PET.CT & synthetic reference  CT, PET 244 275 1349 269511  patients and a reference synthetic lung
model PET-CT to demonstrate systemic variance
CT lung nodule images—training set and
SPIE-AAPM lung — Lung nodule cT 70 70 70 22489 testset for SPIE Medical Imaging
CT challenge classification
Conference Challenge
Images, clinical data, pathology, and
TCGA-LUAD Lung adenocarcinoma CT, PET,NM 69 152 624 48931 genomic daﬁa. Images were obtamec! as
part of routine care and are not acquired
in a standardized manner
Images, clinical data, pathology, and
L i N i
TCGA-LUSC ung sguamous cell CT.PET. NM 37 74 279 36519 Benomic da.ta mages were obtamec{ as
carcinoma part of routine care and are not acquired

in a standardized manner

TCIA Lung Cancer Imaging Data sets: Descriptive features of all TCIA lung cancer image databases. Access is open to all databases except the
NLST and NRG-1308 wherein access must be requested and permission granted. All imaging datafiles are DICOM format (62). PET indicates
positron emission tomography.

AAPM = American Association of Physicists in Medicine, IDRI = Image Database Resource Initiative, LIDC = The Lung Image Database Consor-
tium, LUAD = Lung Adenocarcinoma, LUSC = Lung Squamous Cell Carcinoma, NLST = National Lung Screening Trial, QIN = Quantitative Imaging
Network, RIDER = Reference Imaging Database to Evaluate Response, RTDOSE = RT Dose, RTPLAN = RT Plan, RTSTRUCT = radiotherapy struc-
ture set, SPIE = Society of Photo-optical Instrumentation Engineers, TCGA = The Cancer Genome Atlas, TCIA = The Cancer Imaging Archive
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