
REVIEW

At first, radiomics posed an opportunity to extract com-
prehensive information from medical images for the 

prediction of disease course, survival, or even treatment re-
sponse in oncology (1). More recently, the field expanded 
to nononcologic applications, such as osteoporosis, chron-
ic obstructive pulmonary disease (COPD), interstitial lung 
disease (ILD), and coronary artery disease. The develop-
ment of machine learning approaches allows the deduction 
of predictive markers from CT scans that were conducted 
for diagnostic confirmation or follow-up of a disease. In 
the United States, nearly 73.8 million CT examinations 
are conducted every year (2). The ability to use such large 
amounts of imaging data can greatly benefit the evolution 
of computational imaging analysis methods.

What Is Radiomics?
The definition of radiomics is the “high-throughput ex-
traction and analysis of quantitative imaging features 
from medical images,” with the aim to generate predic-
tive models and aid in clinical decision support (1). These 
features are either handcrafted (ie, mathematically prede-
termined features such as texture-, shape-, and size-based 
features, as well as first-order statistics) or may be deep 
learning based (3). Each feature constitutes a potential 
biomarker by providing specific, quantifiable information 
about the image. Thus, radiomics is not a specific meth-
odology but describes an integrated workflow from image 
acquisition over feature extraction to biomarker discovery 
(Fig 1). However, this integration of different principles 

that are evolving leads to an ambiguity in definition. In 
the following paragraphs, we provide a short clarification 
on the relations of radiomics, machine and deep learning, 
and (quantitative) imaging biomarkers.

What Is the Relation of Radiomics to 
Quantitative Imaging Biomarkers?
Imaging biomarkers represent biologic features of patho-
logic conditions. For instance, in COPD, thickening of 
bronchial walls represents inflammation, and decreased 
lung attenuation represents a loss of parenchymal lung 
tissue. Some imaging biomarkers may have a conceivable 
underlying pathophysiologic mechanism (eg, traction 
bronchiectasis in lung fibrosis due to volume reduction). 
Other imaging biomarkers may have no such obvious 
underlying pathologic mechanism (eg, the reversed halo 
sign as a pathologic pattern of the lung) but are invaluable 
for diagnosis, as they are associated with several diseases. 
Quantitative imaging biomarkers compared with qualita-
tive ones are better suited for follow-up evaluations by 
allowing the comparison of metrics such as tumor size or 
attenuation (4).

Radiomics is the approach to extract and analyze a multi-
tude of different imaging features (or biomarker candidates), 
including those that are not accessible to the human eye or 
do not lend themselves to intuitive understanding. To avoid 
presenting imaging features without potential relevance, 
they need to be selected depending on their capability of 
predicting, classifying, monitoring, or measuring a clinical 
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Chest CT scans are one of the most common medical imaging procedures. The automatic extraction and quantification of imaging 
features may help in diagnosis, prognosis of, or treatment decision in cardiovascular, pulmonary, and metabolic diseases. However, an 
adequate sample size as a statistical necessity for radiomics studies is often difficult to achieve in prospective trials. By exploiting imag-
ing data from clinical routine, a much larger amount of data could be used than in clinical trials. Still, there is only little literature on 
the implementation of radiomics in clinical routine chest CT scans. Reasons are heterogeneous CT scanning protocols and the result-
ing technical variability (eg, different slice thicknesses, reconstruction kernels or timings after contrast material administration) in rou-
tine CT imaging data. This review summarizes the recent state of the art of studies aiming to develop quantifiable imaging biomarkers 
at chest CT, such as for osteoporosis, chronic obstructive pulmonary disease, interstitial lung disease, and coronary artery disease. This 
review explains solutions to overcome heterogeneity in routine data such as the use of imaging repositories, the standardization of ra-
diomic features, algorithmic approaches to improve feature stability, test-retest studies, and the evolution of deep learning for modeling 
radiomics features.
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precision, and feasibility) (6), which is the first step in the devel-
opment of an imaging biomarker. Multicenter studies for quali-
fication (the demonstration of an association with a clinical end 
point) (6) and utilization (assessment of the biomarker’s perfor-
mance) (6) are still largely missing.

Relationship between Radiomics and Machine 
Learning
Whereas a radiomics workflow could, in theory, be done with-
out machine learning (eg, manual segmentation, handcrafted 
features, and statistical analysis), machine learning provides the 
computational methods that make radiomics more efficient. 
Manually segmenting thousands of scans containing hundreds 
of thousands of images is not feasible. Humans do not have 
the knowledge for handcrafting every possibly relevant imag-
ing feature; we can only assume that the ones we choose con-
tain relevant information. Finally, machine learning is better 
suited for dealing with heterogeneous data (eg, multivendor 
data) and multidimensional data to make accurate predictions. 
Thus, machine learning can facilitate an efficient radiomics ap-
proach at different steps.

With the success of deep learning–based methods (eg, neural 
networks), end-to-end machine learning has become an often-
used tool in data analysis and image processing. End-to-end ma-
chine learning means that all the imaging features are learned 
by automation, and it has been shown to yield improved results 
compared with the two-step approach of handcrafted feature ex-
traction and subsequent learning of the target task on the basis 
of these features (7). However, although yielding good classifi-
cation and prediction performance, this approach introduces a 
black box problem, making it prohibitively hard to identify and 
interpret quantifiable features that lead to the decision of the 
deep learning–based method. These properties of end-to-end 
learning limit the possibilities of understanding the underlying 

outcome. Radiomics may accelerate the discovery of quantitative 
imaging biomarkers and facilitate the subsequent integration of 
multiple singular imaging biomarkers for a more complete charac-
terization of a medical image. An example is given by the study of 
Humphries et al (5), in which the addition of features learned with 
a clustering analysis (a method of unsupervised machine learn-
ing) improved the prediction of pulmonary function in patients 
with idiopathic pulmonary fibrosis compared with a model using 
a histogram-based densitometric method alone. Apparently, the 
features “learned” by this clustering analysis were able to provide 
more information about pulmonary function than a more simplis-
tic, histogram-based approach.

However, biomarkers derived from radiomics are still at the 
level of analytical validation (the demonstration of accuracy, 

Abbreviations
COPD = chronic obstructive pulmonary disease, ILD = interstitial 
lung disease

Summary
This review describes challenges and solutions of a radiomics analysis 
of chronic obstructive pulmonary disease, osteoporosis, sarcopenia, 
interstitial lung disease, and coronary artery calcifications at nonon-
cologic routine chest CT.

Essentials
 n Radiomics of routine chest CT provides information that may 

guide treatment decision-making, even in the absence of special-
ized scanning protocols.

 n Deep learning–based radiomics and the use of raw CT data (ie, 
sinograms) may help to cope with technical variability in routine 
imaging data.

 n Large study cohorts and publicly available imaging databases may 
provide insights transferable to a more heterogeneous routine 
population.

Figure 1: Radiomics workflow. Radiomics starts with the image acquisition (including the reconstruction), followed by the localization and seg-
mentation of the region or volume of interest for the subsequent feature extraction (these can either be handcrafted or deep learning based). By ana-
lyzing the stability, discriminative power, and redundancy of imaging features, the appropriate ones can be selected (this is often done with machine 
learning–based methods). The process of radiomics may end with a signature of imaging features that provide prognostic information. For an efficient 
implementation of radiomics in large data sets, and eventually in routine clinical data, each step should be reproducible with a minimum of manual input.
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Figure 2: Overview of structures and parameters in routine chest CT studies that are already accessible for the develop-
ment of biomarkers by machine learning methods. This demonstrates the general possibility of finding additional biomarkers by 
“mining” imaging features with a radiomics approach and the potential of machine learning methods to facilitate the process.

radiomics approach, the rela-
tionship of separate voxels can 
be analyzed to gain additional 
nonintuitive information with 
which to support the radiolo-
gist in decision-making (29).

The numerical nature of 
radiomics features allows the 
integration of clinical features 
(eg, laboratory parameters) to 
the prediction model to calcu-
late risk scores that may enable 
a more thorough evaluation of 
an individual case or may lead 
to a different treatment decision 
compared with the current stag-
ing methods (Fig 3).

COPD is considered one of 
the most prevalent pulmonary 
diseases in Europe, contrib-
uting in important ways to a 
morbidity rate of 4%–10% of 
the adult population affected 
and resulting in more than €20 
billion in direct health care 
costs per year (30). There may 
be imaging findings from chest 
CT scans of patients who have 
COPD, such as emphysema 
and airway wall thickening. By 
quantitatively evaluating these 
changes, both temporally and 
spatially, an application for per-
sonalized risk assessment may 
be developed.

As an example, emphysema and airway wall thickening found 
on chest CT images acquired for nonpulmonary indications have 
shown to be independent predictors of COPD exacerbations that 
led to hospitalization or death (28). Different methods have been 
used for the automatic extraction and quantification of emphy-
sema (mapping of Hounsfield units across the lung), small airway 
disease (parametric response mapping [ie, pairwise evaluation of 
inspiratory and expiratory scans]) and large airway disease (the 
full-width-at-half-maximum principle [ie, segmentation of air-
ways and measurement of wall thickness]) for correlation with 
lung function and COPD severity (31,32). Although previous 
research was focused on the densitometry of emphysema and dif-
fering approaches to measure airway wall thickening (eg, the full-
width-at-half-maximum principle) as quantitative CT imaging 
correlates of COPD, there are further imaging findings in COPD 
that could be quantified, such as bronchiectasis and mucous plug-
ging. Compared with these more specific quantification methods, 
the radiomics approach aims to mine all the information from an 
image. Indeed, a texture-based analysis was able to achieve better 
results than a densitometric approach (33). It is also possible to vi-
sually capture patient clusters in COPD with similar pathophysi-
ologic information (eg, lung function) (24). An example is the 

mechanisms and the identification of quantifiable biomarkers. 
To this end, the two-step approach of handcrafted feature ex-
traction and subsequent machine learning–based analysis with 
a focus on reproducibility, interpretability, and transferability of 
features might constitute a clinically more comprehensible ap-
proach than end-to-end machine learning.

Nononcologic Applications of Radiomics from 
Chest CT Scans
Different imaging findings or biomarkers for pulmonary and car-
diovascular diseases are accessible for quantification from chest 
CT scans (see Fig 2 and Table E1 [supplement]). Table 1 lists sev-
eral studies (8–27) that expand this field by applying a radiomics 
approach in pulmonary and coronary diseases for classification, 
stratification, and prediction of gene-expression profiles, pulmo-
nary function, possible response to medication, and differentia-
tion of pathologic conditions, as well as classification of severity of 
radiation-induced lung injury and pulmonary fibrosis.

Using features that are likely to correlate with a desired 
outcome because of their known relevance has the advantage 
of including existing knowledge in the analysis (eg, bronchial 
wall thickening in COPD exacerbations) (28). By applying a 

http://radiology-cti.rsna.org
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assess bones is the measurement of bone mineral density, which 
is limited in its capability to define a population at risk (37). To 
adequately predict vertebral strength, it is essential to consider 
several factors, which has led to the introduction of the term 
bone quality, which comprises bone architecture, mineralization, 
and turnover (38). With this, the focus lies on the efficient use 
of bone mineral density, not only the absolute amount. With 
the help of micro-CT studies, a multitude of trabecular bone 

discovery of subgroups of COPD by a study that used an unsuper-
vised approach to find distinct patient subtypes that correlate with 
physiologic parameters based on imaging features (34). Additional 
characterization of COPD groups may be achieved by integrating 
features that represent spatial information (35).

Osteoporosis is not only a comorbidity of COPD but also 
one of the most common metabolic disorders that constitutes a 
major risk factor for vertebral fractures (36). A standard way to 

Table 1: Radiomics Applications in Chest Imaging Outside of Tumors

Study No. of Patients Anatomic Site Analyzed End Point

Kolossváry et al, November 
2019 (8)

25 (44 singular 
lesions)

Coronaries Identification of unstable coronary plaques

Kolossváry et al, December 
2017 (9)

30 Coronaries Identification of unstable coronary plaques

Oikonomou et al, November 
2019 (10)

167 Perivascular adipose 
tissue

Gene-expression profiles of inflammation, fibrosis, 
and vascularity in coronary heart disease

de Jong et al, September 
2019 (11)

116 Skeletal muscle tissue Prediction of sarcopenia

Lafata et al, August 2019 
(12)

64 Lung Quantification of pulmonary function

Yanling et al, October 2019 
(13)

180 Lung Differentiation of pneumonia vs paraquat lung 
injury

Shi et al, June 2019 (15) 49 Lung Identification of opportunistic pulmonary infec-
tions in patients with human immunodeficiency 
virus

Wang et al, August 2019 
(15)

115 Lung Differentiation of primary progressive pulmonary 
tuberculosis vs community-acquired pneumonia

Ryan et al, August 2019 (16) 151 Lung Classification of sarcoidosis stage
Krafft et al, November 2018 

(17)
192 Lung Prediction of radiation pneumonitis

Cunliffe et al, April 2015 
(18)

106 Lung Prediction of radiation pneumonitis

Moran et al, November 
2017 (19)

14 Lung Classification of severity of radiation-induced lung 
injury

Szigeti et al, February 2016 
(20)

16 (mouse 
model)

Lung Identification of pollution-induced lung disease

Jacob et al, March 2018 (21) 66 Lung Classification of idiopathic pulmonary fibrosis 
severity measured by pulmonary function

Maldonado et al, January 
2014 (22)

55 Lung Prediction of survival in idiopathic pulmonary 
fibrosis

Bartholmai et al, September 
2013 (23)

14 Lung Classification of interstitial lung disease severity as 
determined by various clinical parameters

Humphries et al, October 
2017 (5)

280 Lung Prediction of idiopathic pulmonary fibrosis severity 
measured by pulmonary function

Raghunath et al, March 
2014 (24)

1322 Lung Stratification of diffuse parenchymal lung diseases 
on the basis of various clinical parameters

Feng et al, October 2018 
(25)

416 Lung Identification of patients with glucocorticoid sensi-
tivity in interstitial lung disease

Kloth et al, April 2018 (26) 23 Lung Prediction of responders and nonresponders to 
stem-cell transplantation in systemic sclerosis

Kloth et al, December 2017 
(27)

43 Lung Differentiation of active alveolitis vs fibrosis in 
patients with systemic sclerosis

Note.—Most studies report on a small number of participants in the two-digit or low three-digit range. Still, such studies are 
very important for the demonstration of feasibility as well as for disseminating methodologic experience gained during the 
conduction of the study. For the development of valid, reliable, and clinically relevant radiomics-derived biomarkers, larger, 
preferably externally validated projects are necessary.

http://radiology-cti.rsna.org
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boards can help in identifying patients with 
a disease course that may be positively in-
fluenced by adequate treatment, thus help-
ing to reduce mortality (46). Taking into 
consideration that patients with ILDs com-
monly undergo chest CT scans repeatedly 
over several years, this provides an oppor-
tunity for applying radiomics analysis and 
enables the possibility of studying the tem-
poral progression of relevant features (Fig 
4). On the basis of images alone, Walsh et 
al (47) were able to demonstrate a slight su-
periority, compared with radiologists, of a 
deep learning–based algorithm in diagnos-
ing fibrotic ILDs. Existing tools, such as 
the Computer-Aided Lung Informatics for 
Pathology Evaluation and Rating, or CALI-
PER, software (23) were successfully used to 
extract additional information and stratify 
patients to groups that have similar clinical 
phenotypes (24). Stratifying patients with 
ILD may enable discovery of those who 

would benefit from steroid treatment (25), enable prediction 
of survival in idiopathic pulmonary fibrosis (22), or aid in as-
sessing the occurrence of radiation pneumonitis (18).

Coronary artery calcifications are imaging biomarkers as-
sociated with coronary artery disease, and the attenuation co-
efficient of the composition makes it a natural target for CT 
detection. However, accurate assessment is limited by motion 
artifacts inherent to imaging of the heart. Whereas a dedicated 
coronary CT scan reduces motion by electrocardiographic gat-
ing, has a narrower field of view, and has increased resolution, 
there are possibilities of exploiting nondedicated chest CT scans 
conducted for other reasons: Sverzellati et al (48) were able to 
infer a modified coronary artery calcium score measured from 
nongated low-dose CT images that was found to have predic-
tive value for cardiovascular events and all-cause mortality. At 
routine, nongated, non–contrast-enhanced chest CT scans, a 
visual evaluation enabled prediction of Agatston score ranges of 
dedicated gated coronary CT scans conducted on the same day 
(49). Furthermore, two fully automated approaches were able to 
calculate Agatston categories from nongated CT scans; however, 
the calcium burden was underestimated in both studies com-
pared with the reference (50,51).

Additional information may be gained by differentiation of 
early and late lesions (eg, fibrous plaques vs late fibroatheromas) 
by a radiomics-based machine learning model that outperforms 
visual analysis of dedicated coronary CT scans (52). In another 
study of 30 patients, conventional features were not able to dif-
ferentiate stable from unstable plaques, but multiple radiomics 
features taken together achieved an area under the curve of more 
than 0.8 (9).

Challenges and Possible Solutions
The different challenges and possible solutions are summarized 
in Table 2.

parameters has been established, such as intravertebral hetero-
geneity of bone mineral density, which can be used to predict 
vertebral strength and stiffness, and ultimately, vertebral failure 
patterns (39).

The evaluation of intravertebral heterogeneity in a larger 
population requires the corresponding features to be accessible 
from medium- or low-dose CT. A recent study of native chest 
CT showed a high reliability for the manual quantification of 
vertebral attenuation values (40).

However, the problem with the dual use of CT scans (ie, 
opportunistically screening patients for osteoporosis with CT 
scans acquired for another purpose) is the low standardization 
and consequent bias of attenuation values. To overcome this 
problem, several studies have used texture analysis, resulting in a 
better classification performance by combining texture features 
and attenuation values compared with attenuation values alone 
(41). A retrospective analysis demonstrates the capabilities of a 
machine learning algorithm in predicting vertebrae that showed 
fractures from the baseline scan (42). Possible bias through the 
application of contrast agents was counteracted by choosing spe-
cific texture features with stable predictive performance (43).

Sarcopenia, aside from being a predictor of survival and qual-
ity of life in patients with solid tumors (44), also has implications 
for perioperative care of patients with cardiovascular issues: The 
quantitative measurement of the skeletal muscle cross-sectional 
area was shown to correlate with clinical outcome parameters 
(such as mortality and postoperative bleeding) in patients with 
aortic valve replacement (45). A first study investigating ra-
diomics features of skeletal muscle tissue shows differences in 
features of muscles in patients with sarcopenia and those with-
out, attributing the difference to the pattern of intramuscular fat 
deposition (11).

ILDs are very hard to diagnose, even for experienced ra-
diologists. Although interobserver agreement is low between 
radiologists, the discussion of these cases in interdisciplinary 

Figure 3: Radiomics as part of advanced feature modeling–quantitative imaging biomarkers that al-
ready exist may be integrated in such a model. The added benefit of using a multitude of features that can be 
extracted by using a radiomics approach is given by the possibility of analyzing these features in conjunction 
with the information from other sources. For instance, there may be imaging features that provide the same 
kind of information as other imaging or clinical features and would thus be redundant. Such redundancy can 
be reduced by different machine learning techniques. Theoretically, known quantitative imaging biomarkers 
can be integrated into this model as well. However, this would constitute a prior selection of which features 
of the image are important and which are not, carrying the danger of omitting possibly relevant features.

http://radiology-cti.rsna.org
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Differences in extracted CT features across scanner manu-
facturers and scanner models have been tested with physical 
phantoms, showing strong variations in the features extracted 
but also showing differences based on the feature types (53). It 
was also shown that the features can be normalized across scan-
ners and that deep learning–based features can be trained for a 
certain degree of invariance to scanner types (54).

When retrospective studies require data from several different 
CT scanner types and generations, it is important to ensure that 
features extracted from the images are comparable. Exploiting 
retrospective data currently stored in picture archiving and com-
munication system archives is one of the main applications in 
which radiomics features are considered very useful, and it must 
be ensured that such results can be transferred correctly.

Even though only the small proportion of 3% of chest CT 
studies are from clinical trials (55), these imaging studies pose 

an important source of structured retrospective data. To develop 
reproducible and valid signatures from imaging features of the 
lung for a broad population, predictors of variation need to be 
considered (eg, scanner-, protocol-, and participant-specific fac-
tors whose influence is typically minimized or avoided altogether 
in clinical trials) (56), as discussed in the following sections.

Features of lung cancer extracted from a lung cancer phan-
tom and patients with lung cancer showed reliable results be-
tween the phantom and the patients. However, there was a high 
variability between scanners from different vendors (53). In the 
same study, the feature “texture strength” was proven to remain 
stable, even between different scanners.

Although voxel size and slice thickness introduce a large vari-
ability, voxel-size resampling and the use of normalizing factors 
was shown to be a way to increase the reproducibility of features 
from CT studies with different voxel sizes (57).

Figure 4: Example of disease progression in idiopathic pulmonary fibrosis using radiomics features: axial CT image (a) at base-
line and (b) at follow-up. Visualization of radiomics-derived features (c) at baseline and (d) at follow-up. The color-coding allows 
a comparison with known visual features, such as ground-glass opacifications or bronchiectasis. Radiomics enables detection and 
quantification both of features that may have a known correlate and of complex features that can only be explained mathematically 
without a visually accessible correlate.

http://radiology-cti.rsna.org
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Dose levels and reconstruction algorithms may influence 
imaging features. Interestingly, the interaction of these two 
technical parameters can be exploited to increase the reliability 
of the imaging features, as the variability introduced by lower 
dose levels is balanced out by using smoother reconstruction al-
gorithms (58). A more detailed evaluation of the tube current’s 
influence on radiomics features showed only a low contribution 
to variability (59). Therefore, it may be plausible to attribute the 
change to other factors, such as the tube voltage.

A distortion of the texture features of pulmonary nodules 
caused by variation in contrast enhancement may be avoided by 
acquiring images in the time frame between 60 and 150 seconds 
after injection (60). Another study suggests an increase in diag-
nostic performance by not administering contrast agent at all for 
solid pulmonary nodules (61).

Whereas texture features have a strong variability with 
respect to image reconstruction algorithms (58), shape- and 
size-based features remain stable (62), further showing the 
importance of choosing adequate imaging feature sets for dif-
ferent preconditions.

The analysis of such predictors, in turn, is possible only with 
adequate standardization. Whereas biologic variability between 
patients and disease phenotypes cannot be controlled, technical 
parameters can be easily adjusted before a scan. In the future, 
scanning protocols might not only be adjusted for human read-
ers but also for specific machine learning algorithms that could 
also use raw scanner data as an input.

A recent field of research is investigating whether the use of 
raw data (ie, CT sinograms) could help to find a stable method 
of feature extraction. A reason for this hypothesis is the faster 
acquisition of data points in the raw domain (reconstructed im-
ages use data from several projections [eg, to interpolate between 
“slices” during helical acquisition]) and the omission of recon-
struction steps that lead to differences in the final image (such 
as the reconstruction kernel and slice thickness). There are no 
studies yet that have extracted a multitude of radiomics features 

directly from the CT sin-
ogram; however, there are 
initial studies that have 
provided a proof of con-
cept by demonstrating 
the possibility of detec-
tion and analysis of imag-
ing features and findings, 
such as vessel diameter 
(63) or intracranial hem-
orrhage (64).

Improving the qual-
ity of clinical CT im-
ages is an ongoing effort 
including the use of au-
tomatic optimization of 
tube potential or current 
and deep learning algo-
rithms to reduce noise 
(65). The exact impact 
of these methods on ra-

diomics features is still unclear, and the application of deep 
learning algorithms to change an image will further introduce 
variability that is difficult to estimate. Implementing check-
points in the reconstruction process before conducting certain 
variability-introducing steps could be one solution. With this, 
the radiomics analysis would run on more consistent images, 
whereas the human reader would report on images tailored to 
visual assessment.

The translation of results from standardized trials to clinical 
routine may be hampered by the lower degree of standardiza-
tion encountered there. Therefore, it is important to dedicate 
further research to investigate the stability and susceptibility of 
imaging features to varying acquisition parameters. One op-
tion is to resample voxel sizes (57). Another option may be to 
conduct a test-retest analysis specifically designed for the re-
spective study (66).

Quality control to ensure the scientific integrity of radiomics 
studies can be easily found in the public domain, including a 
digital phantom of reference features (67), publicly available im-
ages from physical lung phantoms (68), and a quality score to 
rate the design of radiomics studies (69). A higher quality can 
be achieved by conducting segmentation (semi)automatically, 
as this has a higher accuracy than manual segmentation (70). 
An additional benefit of automation is the reduced amount of 
working time, as radiomics studies may require large sample 
sizes to provide enough data for machine learning models (ie, the 
number of patients from which radiomics features are extracted) 
and for statistical reasons (ie, to avoid statistical type 1 error). 
In particular, the segmentation of diffuse pathologic conditions 
such as ILD is prohibitive for full manual segmentation, as a CT 
scan of the lung comprises around 150 to 200 images for 3-mm 
slice thickness and around 500 images for 1-mm slice thickness. 
Another area in which automation could lead to a reduction 
in working time are pipelines that facilitate the transfer of data 
from the scanner or picture archiving and communication sys-
tem to the system that conducts the radiomics analysis.

Table 2: Summary of Challenges and Possible Solutions

Challenge Possible Solution

Technical variability (different vendors, voxel 
size or slice thickness, dose level, contrast 
agent and time after injection, reconstruc-
tion algorithm)

Normalization across scanners (eg, resampling voxel 
size), use of “radiomics-tailored” protocols, use of raw 
data (CT sinograms)

Missing methodologic standardization Digital phantom of reference features, publicly available 
images from physical lung phantoms, open source 
Pyradiomics platform, quality score for radiomics 
studies, automation of segmentation

Low feature stability Selection of stable features, test-retest studies, deep 
learning–based features, domain adaptation algo-
rithms

Low interpretability of radiomics studies Use of domain knowledge for interpretation of hand-
crafted features

Need for large sample sizes Use of large trial cohorts and publicly available image 
databases

http://radiology-cti.rsna.org
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A key value of radiomics analysis is the comparability of fea-
tures across feature implementations, studies, centers, or routine 
imaging institutions. Initiatives to enable this by standardizing 
feature sets exist in several directions. Implementations of visual 
features have been shown to vary in important ways (71). The 
Image Biomarker Standardization Initiative (72) has tried to 
limit differences in such implementations by iteratively reducing 
differences in the implementations of several participants, as well 
as by finding the mistakes or differences in the implementations 
when comparing the values of features. This has begun for sim-
ple features and is underway for more complex frequency-based 
features. The open source Pyradiomics platform is an attempt to 
overcome these standardization issues by providing definitions 
and public-reference implementations of feature-extraction and 
image-preprocessing routines (73).

A different approach is to train models to become invari-
ant or robust in the face of imaging heterogeneity. The step 
after feature extraction is the identification of features or fea-
ture sets that hold predictive information. To do so, selection 
algorithms use probabilistic frameworks or deep learning tech-
niques to generate a prognostic model with high-dimensional 
feature spaces linked to prediction targets. This way of machine 
learning uses a first data set for training and at least a second 
one for validation, further increasing the potential need for 
large sample sizes. Optimization of such classification meth-
ods reduces performance variation by 30% (74) and therefore 
increases the stability and predictive value of imaging features 
selected in this way.

Domain adaptation is a deep learning approach to reduce 
the susceptibility of a classifier toward unwanted heterogeneous 
variation. During training of a domain adaptation network, a 
representation is learned that is discriminative toward the desired 
goal (eg, detection between diseased and healthy) yet invariant 
to undesired heterogeneity (eg, 1- and 3-mm slice thickness) or 
domains. Kamnitsas et al (75) offer one example of such an ap-
proach. Their domain adaptation algorithm was able to segment 
traumatic brain injuries in scans that were recorded with a dif-
ferent protocol than the images in the training data set. Another 
way to increase feature stability in heterogeneous data sets is to 
guide feature selection on the basis of the stability in test-retest 
experiments of similar data sets, as described in Aerts et al (76).

Another use of deep learning algorithms is to convert recon-
structed images from one kernel to another, which may also im-
prove the reproducibility of radiomics features (77). As raw CT 
data, which is necessary for image reconstruction, are normally 
only stored for a very limited amount of time, this would create 
a new opportunity to improve comparability between scans with 
disparate reconstruction protocols.

Domain knowledge is one of the most valuable inputs that 
radiologists have when collaborating with data scientists. In this 
regard, domain knowledge comprises the knowledge about both 
pathophysiologic and technical factors that contribute to the fi-
nal image. Traditional machine learning approaches rely heavily 
on the design of “handcrafted” features, with the advantage that 
these handcrafted features may code domain knowledge and are 
often easier to interpret than more abstract features (even though 
many standard texture features remain difficult to interpret). 

Alternatively, modern deep learning methods aim at end-to-
end (eg, raw image to desired classification) training, inferring 
image features automatically on the basis of the available data 
and annotations (thus, the steps of feature extraction and fea-
ture modeling during the radiomics workflow are done inside 
of a “deep learning black box”). These features can usually be 
extracted among the last layers of a network but are often diffi-
cult to interpret. Traditional radiomics aims at bringing medical 
images to quantitative form with features that can be interpreted 
somewhat: for example, texture features, such as heterogeneity 
and entropy based on co-occurrence matrices. Domain knowl-
edge can thus be included directly, meaning that fewer training 
data are required to obtain good results.

Deep learning–based radiomics, on the other hand, has sev-
eral advantages (54): for example, building features to be invari-
ant to scanner variations. The inconvenience of deep learning 
is the necessity of large amounts of data to learn very complex 
models. Further, the amount of data required for training is diffi-
cult to estimate. Domain knowledge cannot be easily integrated, 
and deep learning is seen as a black box model with low inter-
pretability, even though approaches to deal with this exist (78) 
and are rapidly gaining momentum, driven by the necessity of 
explainability and interpretability of deep learning models (79).

Efficient ways to use routine CT images can enable access 
to large amounts of imaging data. However, study cohorts may 
initially be beneficial when a high standardization enables con-
centration on fewer unknown variables, such as the influence of 
technical parameters on imaging features. Promising sets of fea-
tures with a prediction target may then be validated on data sets 
from the clinical routine. The transfer of such predictive models 
can be facilitated through domain-adaptation techniques and 
transfer learning, making the best possible use of all the knowl-
edge gained from the source data (the study cohort) to highlight 
features that are not applicable, need adaptation, or are stable in 
the target data (the imaging data from the clinical routine).

Publicly accessible databases comprising several thousand 
CT scans (80) and similarly large trial cohorts (81) provide 
the necessary standardization and adequate sample size and 
are open for the high-throughput exploitation of possible 
future imaging biomarkers (see Table E2 [supplement]). In 
these trial cohorts, outcome parameters are available for most 
patients, often for several follow-up evaluations, including 
cardiovascular and pulmonary comorbidities, diagnosis and 
stage of lung cancer, and mortality statistics. Exploiting these 
homogeneous data from organized data repositories and trial 
cohorts can greatly add to the feasibility of radiomics studies. 
As an example, several of these cohorts were used to evalu-
ate the possibility of calculating Agatston risk categories from 
nongated chest CT scans (48,50,51). These risk categories are 
beneficial for early identification of patients who may ben-
efit from treatment, but a more detailed evaluation is limited 
by cardiac motion. Therefore, a more fine-grained radiomics 
analysis of singular plaques may be reserved for dedicated 
electrocardiographically synchronized cardiac CT scans (9), 
but a radiomics-based stratification of routine chest CT scans 
by estimating Agatston risk ranges is already possible and is a 
clinically relevant addition.

http://radiology-cti.rsna.org
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Conclusion
Radiomics from chest CT studies provides opportunities for 
the discovery of markers for detection, classification, moni-
toring, and prediction of nononcologic diseases. However, 
merely reporting the accuracy of algorithms from a given im-
aging data set does not allow useful conclusions to be drawn 
for future studies. More important than demonstrating feasi-
bility is the analysis of under what circumstances such a feat 
is possible. This includes an analysis of which technical and 
biologic parameters may influence the outcome. Are the dif-
ferent steps of radiomics stable between slice thicknesses or in 
different respiratory phases? Should regions prone to motion, 
such as near the diaphragm or the heart, be excluded from 
analysis? What is the influence of time after contrast agent 
application or flow? Even if there is no external validation 
of the results (ie, from a different center or at least scanner), 
such an analysis will contribute knowledge that is important 
to move the field forward. External validation, however, is 
pivotal to ensure that the whole process of a radiomics analy-
sis is reproducible under different circumstances and cannot 
be omitted for the final conclusion of clinical relevance of 
a specific application. Exploiting large-scale data repositories 
and existing study cohorts of screening trials may enable the 
use of radiomics for, and its implementation in, the analysis 
of data from the clinical routine.

As mentioned above, quality guidelines and scores are already 
available and support researchers in planning their radiomics 
analysis accordingly. By following a process of constant steps 
forward, rather than jumping to the supposedly final algorithm, 
it will be possible to create a knowledge base of technical and 
biologic preconditions that are necessary for a stable and repro-
ducible radiomics analysis. Such a knowledge base could then, 
for instance, be used to tailor scanning protocols for a specific 
clinical question.

Creating more available data sets for a variety of diseases is an-
other important step to advance radiomics, as these data sets can 
be used for model training and for evaluating the generalizability 
of features on independent data. The Cancer Imaging Archive 
and The Cancer Genome Atlas are important steps in this direc-
tion, but it is important to frequently check with images from 
new machines to assure that the algorithms also work well on 
heterogeneous data.
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