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ystic fibrosis (CF) is a recessive autosomal disease caused
be mutations in the CF transmembrane conductance
regulator gene that encodes for an epithelial chloride chan-
nel involved in ion and fluid transport. CF is the most
common inherited disease in White individuals and affects
more than 70000 individuals in Europe and the United
States combined (1,2). Disease severity mainly depends on
the degree of lung involvement, which can lead to terminal
respiratory failure. The abnormalities in mucociliary clear-
ance facilitate bronchial infection and inflammation, lead-
ing to bronchial wall thickening and mucoid impactions,
eventually progressing to bronchiectasis (3).

Prognosis assessment in patients with CF has long re-
lied exclusively on forced expiratory volume in 1 second
(FEV)), but this has proven unreliable, as patients may
survive for a long period of time even if they have very
low lung function. This discrepancy was the basis for de-
veloping prognosis scores integrating not only FEV but

also other pulmonary and extrapulmonary variables, which
help to optimize the timing of transplant referral (4).

Although there are continuous advances in lung MRI
(5-7), CT remains the main imaging modality in many
adult CF referral centers and provides morphologic infor-
mation that is complementary to spirometry and clinical
evaluation. Morphologic changes observed on CT images
have been reported to correlate with survival (8), quality of
life (9), and pulmonary exacerbations (10,11).

In the absence of available quantification software, lung
disease assessment at CT remains visually based. The nu-
merous visual scores that have been published to date (12)
share three limitations: Some are time-consuming, require
specific training, and are associated with inter- and intra-
reader variability (13). These limitations prevent their use
in clinical practice or as endpoints in clinical trials.

A popular approach to the development of automated
quantification methods is based on extracting and mining
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Abbreviations

CF = cystic fibrosis, CTDI = volumetric CT dose index, ENET

= elastic net, FEV = forced expiratory volume in 1 second, IQR =
interquartile range, LASSO = least absolute shrinkage and selection
operator, SVM = support vector machine

Summary

Moderate to strong correlations between machine learning radiomics-
based models and clinical prognosis scores (Nkam, Liou, and CF-
ABLE) were found in a cohort of patients with cystic fibrosis that was
independent from the training cohort.

Key Points

= Using five different machine learning approaches, radiomics-based
scores correlated with Nkam, with correlations ranging from R =

0.57 t0 0.63 (P < .001).

n The developed CT scores showed weak to moderate correlation
with the number of pulmonary exacerbations to occur in the com-
ing 12 months (R = 0.38 to 0.55, P < .001 to P = .006).

= Radiomics applied to thoracic CT images has a prognostic value in
adults with cystic fibrosis.

high-dimensional imaging features, a process known as radiomics
(14). Although radiomics has mainly been used to build diagnostic
and prognostic models in oncology (14-16), these features can also
be extracted from the whole lung to identify potential biomarkers
for diffuse lung diseases. In CE morphologic changes are known
to modify the attenuation distribution on CT scans. Palumbo et
al identified three histogram shapes depending on the severity of
lung disease in patients with CF (17). We hypothesized that a ra-
diomics approach based on machine learning algorithms could be
used to quantify the degree of lung impairment in patients with
CE The purpose of this study was to develop radiomics-based CT

scores for assessing lung disease severity in adults with CE

Materials and Methods

This retrospective cohort study was approved by the Institu-

tional Review Board of Société Pneumologie de Langue Fran-
caise (CEPRO-2017-023), and the need for patient consent

was waived.

Patients and CT Examinations

All outpatients seen at two adult CF referral centers between
January 2013 and December 2016 for routine follow-up were
eligible if an unenhanced chest CT examination was available.
Exclusion criteria were as follows: () previous lung transplan-
tation, (4) pulmonary exacerbation requiring intravenous an-
tibiotics within 1 month before or after the CT examination,
(¢) no FEV| measurement within 2 months before or after the
CT examination, and () no follow-up information 12 months
after the CT examination. A total of 215 patients were evalu-
ated (118 men) with a median age of 29 years (interquartile
range [IQR], 24-36 years; range, 18—68 years). One hundred
sixty-two patients (median age, 29 years; IQR, 24-36 years;
84 men) from center 1 composed the training cohort, whereas
53 patients (median age, 27; IQR, 22-35 years; 34 men) from
center 2 served as the test cohort. Patient characteristics are
shown in Table 1.

Sixty-four patients from center 1 were previously included in
a study aiming to develop an automated attenuation-based CT
score in patients with CF (18).

CT Imaging

CT examinations were performed on 16- or 64-row devices
from different vendors depending on the referral center (So-
matom Sensation 16 and Somatom Definition DS, Siemens
Healthcare in center 1; and LightSpeed VCT and Revolution
CT, GE Healthcare in center 2). The entire lung was scanned
at 100, 120, or 140 kV, depending on the patient’s morphol-
ogy and local scanning protocols. Tube current modulation
was used at both centers. Images were reconstructed with
a slice thickness of 0.75 to 1.5 mm, using a standard kernel
(bf20, bf31, or standard) and a 512 X 512 matrix. All the
examinations were reconstructed using a filtered back projec-
tion algorithm at center 1, whereas 48 of the 53 examinations
performed at center 2 used iterative reconstruction (adaptive
statistical iterative reconstruction, 30%). If patients underwent
more than one CT examination during the study period, only
the examination performed furthest from any exacerbations
was used.

Image Analysis

Lungs were segmented using a commercially available auto-
mated software program (Myrian XP-Lung version 1.19.1;
Intrasense) without manual editing of the segmentation. For
each CT examination, both lung segmentations were exported
to Matlab (version 2016a; The Mathworks) for radiomic analy-
sis. A total of 38 radiomic features were analyzed (full list is
provided in Table E1 [supplement]). These features included
global histogram characteristics (seven features), common tex-
tural features (24 features), and fractal dimension (seven fea-
tures). The global histogram characteristics (first order statis-
tics) included mean lung density, standard deviation, mode,
kurtosis, skewness, entropy, and energy (19). These elements
provide global information on the distribution of gray-level
intensities but do not take into account their spatial interre-
lationship. The textural features (second order statistics) were
derived from those proposed by Haralick (20) and extracted
using three-dimensional co-occurrence matrices at two scales
(distance = 1, 2 voxels). Texture describes different aspects of
contextual information, such as local intensity distribution,
the degree of uniformity, or amplitude dispersion. The fractal
dimension quantifies self-similarity and shape complexity in a
given scale. It was calculated using the box-counting algorithm
and seven box sizes.

Features were extracted by taking into account the physical di-
mension in each axis to be resilient to possible differences of slice
thickness and intraslice resolution. Specifically, histogram values
were calculated by multiplying the number of occurrences with
the voxel size, while texture and fractal dimension calculation
was performed after image resizing to isotropic resolution (1 X
1 X 1 mm?®). The representation with isotropic voxels also elimi-
nates dependencies to rotational differences. To leave the inten-
sity distribution unaffected, nearest neighbor interpolation was
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Table 1: Study Population
Parameter All Patients (7 = 215) Training Cohort (7 = 162) Test Cohort (z=53) P Value
Age (y) 29 (24-36) 29 (24-36) 27 (22-35) 31
Men 118 (55) 84 (52) 34 (64) 13
Body mass index (kg/m?) 20.8 (19.3-23.2) 20.6 (19.3-23.4) 21.3 (19.6-23.1) .53
Percent predicted FEV, 61 (44-78) 58 (41-77) 70 (53-82) .002
PE in 12 mo before CT* 1(0-2) 1(0-2) 1(0-2) .25
PEin 12 mo after CT* 1(0-2) 1(0-2) 1(0-2) 26
Pancreatic insufficiency 165 (77) 121 (75) 44 (83) 21
Diabetes 49 (23) 36 (22) 13 (25) 73
Staphylococcus aureus coloniza- 100 (47) 77 (48) 23 (43) .58
tion
Burkholderia cepacia coloniza- 4 (2) 1(1) 3 (6) .02
tion
Nkam score 1.5 (0.0-2.5) 1.5 (0.0-2.5) 1.0 (0.5-2.0) 12
CF-ABLE score 1.0 (0.0-3.5) 2.0 (0.0-3.5) 1.0 (0.0-3.5) .02
Liou score 0.9 (0.8-1.0) 0.9 (0.7-1.0) 1.0 (0.9-1.0) <.001
CTDI _, (mGy) 3.6 (2.7-4.7) 3.9 (3.2-5.0) 12 (1.1-3.3) <001
Interval between CT and FEV, 0.0 (0.0-0.0) 0.0 (0.0-0.0) 0.0 (0.0-0.0) .14
measurement
Note.—For quantitative variables, data are shown as median with interquartile range in parentheses. For qualitative variables,
data are shown as 7 with percentages in parentheses. P values shown are for comparisons between the training (center 1) and
test (center 2) cohorts. CTDIVD1 = volumetric CT dose index, FEV, = forced expiratory volume in 1 second, PE = pulmonary
exacerbation.
* Denotes a PE that required intravenous antibiotics.

applied during image resizing. Finally, all features were scaled to
the range [0, 1] before building the prediction models.

Model Construction

To develop and test the models on independent datasets, the
cohort from center 1 was used for training the models, whereas
the cohort from center 2 was used for testing. The CT scans
from the training cohort were used to build a radiomics-based
CT score correlating to the Nkam score, a 3-year prognostic
score that has been validated in more than 2000 adults with
CF (21).

Five machine learning techniques were used to develop the
models: (2) ridge regression (22), (4) least absolute shrinkage
and selection operator (LASSO) regression (23), () elastic net
(ENET) (24), (d) an ensemble of decision trees (25), and (e)
support vector machines (SVM) (26). The first three methods
all provide a linear model to predict the Nkam score with the
following equation:

f(X)=ﬂ0+Zﬁixi >

where x= [xl,...,xN] is the input feature vector, NV is the num-
ber of features, B, (beta coefficient) is the weight assigned to
feature 4, and S (intercept) is a constant term. LASSO and

ENET also perform feature selection. The ensemble of de-
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cision trees represents a combination of tree-like models of
decisions, where the data are divided into groups on the basis
of splits of selected features (see Appendix El [supplement]
for more information on the method and Fig E1 [supple-
ment]). SVM is a technique that performs nonlinear map-
ping of the original features to increase discrimination ability.
To prevent data overfitting by the model, parameters such as
regularization and kernel type were optimized for each of the
five machine learning methods using a 10-fold cross valida-
tion in the training dataset.

The five radiomics-based CT scores that were obtained from
the training cohort were then calculated for the patients of the
test cohort (center 2) to evaluate the correlation with clinical
prognosis scores and other clinically relevant parameters.

An Intel Core i5-6402P CPU @ 2.80GHz (4 Cores) with 8

GB RAM machine was used for computations.

Clinical Data

The percentage of predicted FEV, at the time of CT (median
interval between CT and FEV, measurement, 0 days; IQR,
0-0 days; range, 0-31 days) was retrieved, along with the num-
ber of pulmonary exacerbations requiring intravenous antibi-
otics within 12 months before and after CT. Additional data
available at the time of the CT examination were collected to
calculate three clinical prognostic scores, namely the Nkam,
CF-ABLE, and Liou scores (21,27,28). The items for these
three scores are described in Appendix E3 (supplement).



Table 2: Correlations between Quantitative Variables and CT Scores Obtained with Machine Learning Al-
gorithms
Ensemble of
LASSO Ridge Elastic Net Decision Trees SVM
Variable R P Value R PValue R PValue R P Value R P Value
Nkam score  0.59 <.001 0.60 <.001 0.57 <.001 0.61 <.001 0.63 <.001
Liou score —0.59 <.001 —0.55 <.001 —0.56 <.001 —0.65 <.001 —0.57 <.001
CF-ABLE 0.28 .048 0.35 .01 0.3 .04 0.29 .04 0.38 .007
score
FEV, —0.62 <.001 —0.63 <.001 —0.62 <.001 —0.63 <.001 —0.66 < .001
PEin12mo 0.29 .04 0.25 .07 0.27 .06 0.39 .005 0.25 .07
before CT*
PEin 12 mo 0.42 .004 0.39 .006 0.38 .006 0.55 <.001 0.40 .005
after CT*
Note.—FEV = forced expiratory volume in 1 second, LASSO = least absolute shrinkage and selection operator, PE = pul-
monary exacerbation, SVM = support vector machine.
* Denotes a PE that required intravenous antibiotics.

The data collected from patients included age, sex, body mass
index, pancreatic insufficiency, diabetes mellitus, Staphylococcus
aureus colonization, Burkholderia cepacia colonization, hospital-
ization in the previous 12 months, long-term oxygen therapy,
noninvasive ventilation, and oral corticosteroid treatment.

Statistical Analysis

Statistical analysis was performed with Matlab (version 2016a)
and R software (version 3.3.3; R Foundation). The x? and
Mann-Whitney U tests were used to compare patient charac-
teristics in the training and test cohorts. P values below .05
were considered to be statistically significant.

The Spearman rank coeflicient (R) was calculated in the test
cohort to determine the correlation between the radiomics-based
CT scores and the Nkam score. The correlations with two other
clinical scores used for CF (CF-ABLE and Liou scores), FEV ,
and the number of pulmonary exacerbations requiring intrave-
nous antibiotics within 12 months before and after CT were
evaluated by the same approach. Spearman R values were inter-
preted as follows: less than 0.2 = very weak, 0.2-0.39 = weak,
0.40-0.59 = moderate, 0.60-0.79 = strong, and greater than 0.8
= very strong correlation (29). P values were adjusted using the
false discovery rate method (30).

Results

Study Population

Patient characteristics are presented in Table 1. Respiratory
impairment ranged from absent to very severe. Patients from
the first center (training dataset) had more severe disease than
those from center 2 (test dataset) according to percent pre-
dicted FEV, (median, 58% [IQR, 41%-77%] vs 70% [IQR,
53%-82%]; P = .002), CF-ABLE (2.0 [IQR, 0.0-3.5] vs 1.0
[IQR, 0.0-3.5], P = .02), and Liou (0.9 [IQR, 0.7-1.0] vs
1.0 [IQR, 0.9-1.0], P2 < .001) scores. There was no other

difference in clinical variables between the patients from the
two centers (Table 1), particularly regarding the Nkam score
(P = .12), which includes more clinical parameters than the
other clinical prognosis scores (see Appendix E2 [supple-
ment] for score items). Eight patients from the training da-
taset (5%) and four patients from the test dataset (8%) were
treated by modulator or potentiator at the time of the chest
CT examination.

In addition to the difference in CT equipment, the mean
CT radiation dose was lower in the test center cohort (median
volumetric CT dose index [CTDI ] = 3.9 mGy [IQR, 3.2-5.0
mGy] at center 1 vs 1.2 mGy [IQR, 1.1-3.3 mGy] at center 2,
P <.001).

Model Construction

LASSO regression selected six parameters: three histogram
characteristics (skewness, mode, and energy), two fractal dis-
tances (scale of 5 and 6 voxels), and one textural feature (cluster
tendency at a distance of 1 voxel). The same parameters and
nine additional were selected by ENET. The intercept (8,) and
B coefficients of the models obtained with LASSO regression,
ridge regression, and ENET are provided in Table E2 (supple-
ment). The ensemble of decision trees algorithm selected only
two parameters, which were skewness and mode (Table E3
[supplement]). There was no correlation between possible con-
founders (CTDI ,, kilovoltage, and reconstruction mode) and
CT scores obtained with the five machine learning techniques

(P = .31; Table E4 [supplement]).

Radiomic Score Correlations with Clinical Data in the Test
Cohort

The radiomics-based CT scores obtained with the five machine
learning techniques showed moderate to strong correlation
with the Nkam score in the test cohort (R = 0.57 to 0.63, P <
.001) (Table 2). Correlation between the Nkam score and the
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radiomics-based CT score built with LASSO is illustrated in
Figure 1. The mean square error between the Nkam score and
the CT scores is presented in Table E5 (supplement).

CT images from patients with different Nkam scores are
shown in Figure 2.

Correlations of machine learning scores were also found with
other prognosis scores. The correlation with the Liou score (R =
—0.55 to —0.65, P < .001) was moderate to strong depending
on the machine learning algorithm used, whereas the correlation
with the CF-ABLE score was weak (R = 0.28 to 0.38, P = .007
to .048).

In relation to individual clinical variables, all radiomics-
based CT scores strongly correlated with predicted FEV | (R =
—0.62 to —0.66, P < .001). All radiomics-based CT scores
showed moderate to strong correlation with the number of
pulmonary exacerbations that required antibiotics to occur
in the 12 months after the CT examination (R = 0.38 to
0.55, P < .001 to P = .006), whereas a significant, although
weak, correlation with the number of pulmonary exacerba-
tions that required antibiotics in the previous 12 months was
only found with the radiomics-based CT scores build using
LASSO (R = 0.29, P = .04) and the ensemble of decision
trees (R = 0.39, P = .005). Performance comparison between
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Figure 1: Scatterplot shows the relation between the Nkam score and the

radiomics-based CT score built with the least absolute shrinkage and selection op-
erator (LASSO). The Spearman correlation coefficient is 0.59 (P<.001).

A

B

internal and external testing can be found in Appendix E3
(supplement).

Time Required for Obtaining the Radiomics CT Scores

The total computational cost for each new patient evaluation
(including image loading, feature extraction, and score es-
timation) was less than 1 minute using the above described
equipment.

Di on
In this study, radiomic assessment of adult CF lung CT images
allowed for objective image evaluation correlating with previ-
ously established CF scoring systems. Correlations between ra-
diomics-based models and clinical prognosis scores were found
in a patient cohort independent from the training cohort, as
well as correlations with FEV, and the number of pulmonary
exacerbations to occur in the upcoming 12 months. This scudy

shows that radiomics can be used to quantify lung disease in
CF, a diffuse bronchial disease that is difficult to evaluate on
the basis of visual assessment.

Many radiomic features have been proposed for CT-based
medical diagnosis. The most common among them include size
and shape descriptors, first- and second-order statistics, fractal
dimension, and features derived from wavelet decomposition
(16,31-34). All these features were included in our analysis ex-
cept the wavelet-based features, due to their large hyperparam-
eter space.

A major strength of our study was that the five radiomics
models developed in one center remained predictive of disease
severity in an external cohort despite different CT equipment
and acquisition and reconstruction parameters and use of it-
erative reconstructions only in the test center. The absence of
standardized acquisition protocols was a strength of our study.
Indeed, the reproducibility of many textural parameters is influ-
enced by acquisition and reconstruction parameters (31,35,36).
Building radiomics-based CT scores from standardized parame-
ters limits their applicability for routine practice. The significant
difference in radiation dose between the two centers resulted

Figure 2: A, The calculated value for the Nkam score was 0.5 in this 20-year-old patient with cystic fibrosis. Using CT images, the
radiomics approach predicted a Nkam score value of 0.35 with LASSO and 0.30 with the ensemble of decision frees. B, By com-
parison, the calculated value for the Nkam score was 3 in this 48-year-old patient with cystic fibrosis. Using CT images, the radiomics
approach predicted a Nkam score value of 2.96 with LASSO and 2.1 1 with the ensemble of decision trees.
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from differences in acquisition parameters and unavailability of

iterative reconstruction at center 1 at that time. Iterative recon-
struction can decrease radiation dose by up to 92% in patients
with CF (37,38).

Among the five supervised machine learning algorithms that
were evaluated, three produced linear models, and two produced
nonlinear models. Among the three linear models, only LASSO
and ENET include feature selection. Feature selection is useful
to produce a sparse model that is easier to interpret and compute
(24), especially when numerous features are evaluated. There is
no feature selection in ridge regression, but the regularization
term shrinks the B coefficient vector toward zero for features that
are less relevant. Six and 15 features were respectively selected by
LASSO and ENET, compared with 38 features by ridge regres-
sion. All the features selected by LASSO regression were also se-
lected by ENET, showing the stability of the regularization term
used to build the linear model.

Ensembles of decision trees and SVM produce nonlinear
models and were initially developed for classification tasks but
can be adapted for regression tasks as well (25,26). Ensembles
of decision trees provide a sparse model with a noncontinuous
score. In our study, the ensemble of decision trees algorithm
built a model based on two features, resulting in a noncontinu-
ous score with only nine possible values to quantify the severity
of lung disease. On the other hand, SVM produced a continu-
ous score based on a transformation of all features in the model.

Compared with the other four machine learning techniques
evaluated in our study, LASSO had the advantage of producing
a sparse model with a continuous score and selecting fewer fea-
tures than ENET. Sparse models are less computationally expen-
sive, and a continuous score is better suited to a wide spectrum
of lung disease severity.

In monitoring patients with CE CT is used to detect and
monitor structural changes in the lung that may precede func-
tional changes (39). To be recognized as surrogate outcomes, cer-
tain imaging features should predict clinical endpoints, especially
survival (12). However, because of the low annual mortality rate
of CE survival cannot be used to develop a scoring method for
this disease. According to the Guideline on the Clinical Devel-
opment of Medicinal Products for the Treatment of Cystic Fibrosis
published by the European Medicines Agency, FEV/ is the only
surrogate for mortality that should be considered as a primary
endpoint for clinical trials in CF (40). The correlation obtained
in our study between the radiomics-based CT scores and FEV,
(R =—-0.62 to —0.66, P < .001) was better than that reported
in several studies using visual scores (—0.33 to —0.78) (41-44).
In addition, compared with visual methods, the radiomics ap-
proach has no variability in measurements and does not require
spending 10 to 15 minutes per CT examination (43). As out-
lined by Calder et al (13), the variation in the experience, train-
ing, and skill of observers producing visual scores limits their
reliability for being used as endpoint in clinical trials. The main
advantage of the proposed method is that it is automated and
not subjective. Several clinical prognostic scores for CF combine
FEV, with clinical data to improve the prediction of survival
(21,27,28). The Nkam score was chosen as the target for the
radiomics approach because it has been validated in the largest

cohort of patients compared with other scoring systems and is
the most recently reported score in the literature. Additionally,
the Nkam score takes improvements into account that have been
achieved in CF management (21). Moreover, this score, which
was developed in a French adult CF population, has been re-
cently validated in a Canadian CF population (45).

As the models were trained to predict the Nkam score, the
strong correlations of the machine learning models with this
score were expected; however, these were not perfect correlations.
We also tested the model score correlations with other clinical
scores, and a strong correlation was found with the Liou score,
whereas a weaker correlation was observed with CF-ABLE. The
five radiomics-based CT scores also correlated with the risk of
further pulmonary exacerbations, which is an important clinical
endpoint. Although only weak to moderate, this correlation was
better than that previously reported by authors using visual scor-
ing (R = 0.28) (11).

This study had several limitations. First, the proposed
radiomics-based CT scores provided an overall estimation
of structural changes in the lung but cannot separately
quantify irreversible bronchiectasis and changes such as
bronchial wall thickening or mucous plugging, which are
potentially reversible using the newly developed therapies
(46). The link between radiomics and morphologic changes
has not been evaluated. The selection of mode, which is
the most represented attenuation value, is understandable
because lung attenuation is modified by CF-induced lung
changes, but the selection of features such as energy or frac-
tal distance are more difficult to explain. Finally, we deliber-
ately based our score on inspiratory CT images and did not
additionally use expiratory CT images.

In conclusion, our study supports the feasibility of using
radiomics for automated quantification of CF lung disease se-
verity on CT scans performed at different institutions. This
automated method of severity assessment at CT could prove
useful for daily practice and evaluation of responsiveness to
newly developed therapies. It further offers new perspectives
for the quantification of diffuse bronchiectasis outside the spe-
cific field of cystic fibrosis.
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