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ABSTRACT
Il tumore del polmone è una delle più importanti cause di morte a livello mondiale, nel
cui percorso diagnostico un ruolo centrale è svolto dall’imaging, in particolare dalla tomografia
computerizzata (TC). Nella maggior parte dei casi, al primo riscontro di un nodulo polmonare
- la più frequente manifestazione di una neoplasia polmonare - non è possibile definire il
comportamento biologico di tale lesione, rendendosi necessaria sia una valutazione
longitudinale sia ulteriori approfondimenti diagnostici (es. caratterizzazione bioptica, indagini
funzionali mediante PET).
Tradizionalmente, la caratterizzazione del nodulo polmonare da parte del Medico
Radiologo è basata sull’analisi delle dimensioni e sull’identificazione di caratteristiche
morfologiche compatibili con un comportamento biologico maligno, con risultati condizionati
dall’esperienza dell’operatore. Una branca sviluppatasi recentemente nell’ambito della
ricerca scientifica radiologica – definita Radiomica – prevede l’estrazione di parametri
quantitativi, definiti “features radiomiche”, che vengono analizzati con l’obiettivo di creare
modelli predittivi del comportamento biologico delle lesioni, indipendenti dall’esperienza
dell’operatore.
L’obiettivo del presente lavoro di tesi è stato quello di creare un modello predittivo del
comportamento biologico di noduli polmonari identificati mediante TC; in particolare, sono
stati inclusi e comparati soggetti con riscontro anatomo-patologico di adenocarcinomi
polmonari, metastasi da tumori extra-polmonari (rene, colon, endometrio) e lesioni dal
comportamento biologico benigno (amartomi).
851 “features radiomiche” sono stati estratte dalle lesioni polmonari mediante
software dedicato, e tramite sistemi di machine learning sono stati creati modelli di predizione
del comportamento biologico della lesione, per distinguere le lesioni tra adenocarcinomi,
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metastasi e amartomi (ROC-AUC pari al 73%). Inoltre, un modello predittivo integrato comprensivo di parametri clinici e radiomici - ha mostrato una performance più elevata nella
stratificazione della prognosi dei soggetti con adenocarcinoma polmonare (C-index pari a 0.74
e 0.81, rispettivamente per soggetti con adenocarcinoma in tutti gli stadi e soggetti con
adenocarcinoma in stadio I), rispetto a modelli esclusivamente clinici o radiomici.
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INTRODUCTION
Lung cancer (LC) is one of the leading causes of death worldwide, accounting for more
than 20% of cancer deaths in Europe 1. The poor prognosis (5-year survival rate of about 15%)
is due to the limited curative options available for the vast majority of cases, as approximately
70% of patients suffer from advanced disease at the time of diagnosis

2,3.

Indeed, LC is an

insidious disease with symptoms occurring mostly at advanced stages of disease and being
absent or non-specific at early phases.
The detection of a pulmonary nodule (pulmonary lesion with a diameter < 30 mm) is
particularly frequent on low-dose computed tomography (LDCT) performed during daily
clinical practice 4. Usually, management of pulmonary nodules is driven by size, as this metric
is deemed the most accurate for the evaluation of their biological behavior 5. Given the clinical
relevance of pulmonary nodules, international scientific societies developed guidelines for
their management, and defined morphology (i.e. size, either by diameter or volume, and
density) as the key parameter 4,6,7. Size of LC can be measured on CT and represents a metric
correlating with decreased overall survival

5,8.

Nonetheless, recent evidences are suggesting

that size alone cannot fully explain the mechanism of progression of LC, as even small lesions
might metastasize to lymph nodes or distant organs 9. CT is the imaging modality of choice for
the detection and characterization of pulmonary nodules, playing a role of paramount
relevance in supporting clinical decision-making related to diagnosis, staging, and treatmentresponse in LC 4. In the last decades, qualitative/semantic features were suggested as imaging
markers for differentiating benign and malignant lesions. Spiculated margins, perilesional
cystic airspaces and nodule density were tested as predictors for identifying lesions with
malignant behavior 10. Furthermore, such qualitative approach is intrinsically limited by the
experience of the readers, and is therefore affected by significant inter-observer variability 11.
4

Tissue sampling represents the most important source of information for tumor classification;
however, such approach may be hampered by sampling errors resulting in false negative
classifications

12,13.

More accurate and reproducible approaches for the imaging

characterization of pulmonary nodules were tested, aiming to overcome the limitation from
subjective classification of lesions. Such approach - based on noninvasive analysis of
abnormalities suspicious for malignancy – is the basis of the new field of radiology research,
the so-called Radiomics, directed toward the analysis of quantitative metrics potentially
encompassing information on characterization and prognostication of lesions from different
sites

14.

Radiomics emerged as an integrated approach for the interpretation of diagnostic

studies: it was defined as the high-throughput mining of quantitative features from medical
imaging enabling data to be extracted and applied to improve diagnostic, prognostic, and
predictive accuracy

15.

Radiomics features (RF) are image-based descriptors quantitatively

capturing shape, size or volume, and texture, potentially associated with heterogeneous
tumoral structure. Several tools are available for the extraction of RF, with different
approaches and computational systems and in combination with artificial intelligence
applications (exploiting workstation with high computational power) they can be included into
predictive and prognostic models

16-19.

The workflow of Radiomics is based on a step-wise

approach including image acquisition and preprocessing, delineation of either region of
interest (ROI) or volume of interest (VOI), RF extraction and selection, followed by model
building and validation

18.

RFs act as surrogate endpoints, based on the idea that more

information is contained within diagnostic images, potentially correlating imaging features
with pathology (i.e. histology, presence of genetic abnormalities) or clinical data (i.e.
outcome)20,21. Tumors are spatially and temporally heterogeneous, and maybe under sampled
during medical procedures where only a portion of the lesion can be completely characterized,
5

and this could be detrimental for the selection of treatment options

20.

Furthermore, in

patients who show resistance to targeted therapies, resampling the neoplasm might be
necessary for confirming the development of tumor mutations, in order to optimize their
management. However, most cases did not undergo such resampling, as invasive procedures
might be contraindicated in potentially fragile patients or because of technical difficulties;
furthermore, for the detection of mutations the sensitivity of a single biopsy has been
discussed

13,22.

There is an urge for accurate, reproducible and easily/safely obtainable

approach for tumor analysis, and RF - non-invasively extracted – might answer this need
12,20,23,24.

Notably, Radiomics has been applied to lesions affecting various organs (e.g. lung, liver,
brain, breast, bowel cancer, head and neck, lymphoid system, musculoskeletal system);
nonetheless, LC is the most extensively studied and characterized malignancy through
radiomics so far 14,25,26. The up-to-date challenge for Radiomics in thoracic lesions is doublefolded: systems must be developed to accurately extract phenotypic characteristics from
images and they must determine which RF can assist in the prognosis and clinical management
of disease 18,27-29.
The clinical impact of radiomics in the interpretation of a pulmonary nodule
incidentally detected on CT can be evaluated from two perspectives: first, the identification
of a radiomics signature underlining biological behavior (i.e. differentiating benign nodules
from malignant ones) and, for malignant lesions the evaluation of patients’ prognosis,
expressed as survival time, without the need for longitudinal evaluation and invasive
maneuvers.
Hence, the aims of this study were (i) to test the ability of Radiomics to distinguish nonsmall cell lung cancer (NSCLC) adenocarcinomas from pulmonary metastases and pulmonary
6

nodules with benign biological behavior at CT scan, and (ii) to test the performance of
Radiomics to stratify prognosis of patients with adenocarcinoma.
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MATERIALS AND METHODS
STUDY POPULATION
First, we retrospectively selected patients who underwent thoracic CT between
December 2006 and December 2015 at the Radiology Department of the University Hospital
of Parma showing CT evidence of pulmonary nodules. Patients had to have been surgically
treated at the Thoracic Surgery Department, with histological confirmation of
adenocarcinoma by the Pathology Department. Subsequently, we retrospectively selected
patients with pulmonary lesions, for whom both imaging and pathological information were
available, for either secondary extra-thoracic malignant neoplasms (namely, metastases from
renal, colon and endometrial cancer) or benign lesions (i.e. hamartomas).
Clinical information (age, gender, smoking history, results of pulmonary function tests
– PFT, previous history of oncologic disease) was retrieved from the database of the Pathology
Department, integrated with data from the Thoracic Surgery Department.
The patients included were stratified into three groups (Figure 1), as follows:
a. Subjects with lung cancer (pathologically proven adenocarcinoma) surgically
resected
-

Predominant subtype of LC was assessed using IASLC/ATS/ERS classification
of lung adenocarcinoma and tumor staging was performed on the basis of
the 8th edition of TNM classification for lung cancer 30

b. Subjects with pulmonary metastases from extra-thoracic neoplasms
-

Patients with renal cancer

-

Patients with endometrial cancer

-

Patients with colon cancer

c. Subjects with benign disease
8

-

Patients with surgically resected hamartomas

The study was approved by the Institutional Review Board (Ethical Committee) of the
University Hospital of Parma (973/2018/OSS/UNIPR). Informed consent was waived.

Figure 1. Examples of pulmonary nodules included in the study. (A) Computed Tomography of a 72-year-old male
patient with a pulmonary nodule in the right upper lobe (blue arrow). Pathological analysis after surgery showed
evidence of adenocarcinoma. (B) Computed Tomography of a 48-year-old female patient with previous history of
breast cancer showing a pulmonary nodule in the right upper lobe (red arrow). Pathological analysis after surgery
reported hamartoma. (C) Computed Tomography of a 63-year-old female patient with a pulmonary nodule in the
right lower lobe (green arrow). Patient underwent thoracic CT during staging of colon cancer, and pathological
analysis after surgery reported metastases from colon cancer.

9

THORACIC CT
Eligible baseline CTs (i.e. first CT scans available at the Picture Archive and
Communicating System – PACS - of the University Hospital of Parma depicting the presence of
the pulmonary lesion selected for the study) were performed with four different scanners, on
a single-source 6-slice (Emotion 6; Siemens Healthcare, Forchheim, Germany), on a 16-slice
(Emotion 16; Siemens Healthcare), 64-slice (Sensation Cardiac 64; Siemens Healthcare) and
on a second-generation dual-source 128-slice CT scanner (Somatom Definition Flash; Siemens
Healthcare). CT scans were performed at end-inspiration, capturing the entire lung volume
from the apices to the costo-diaphragmatic recesses. CT scans included in the present study
were performed both with and without intravenous administration of contrast media.
CT datasets were reconstructed with filtered back projection (FBP) algorithm, using
different medium-sharp tissue convolution kernel with lung window settings (window width,
1200 Hounsfield Unit, HU; window level, −600 HU); slice thickness of reconstructed images
ranged 1 mm to 2.5 mm.

IMAGE ANALYSIS
Images were transferred from PACS to an external workstation and analyzed using
dedicated software for lesions contouring and advanced image analysis (3dSlicer 4.9.0,
www.slicer.org). Pulmonary lesions were semi-automatically delineated every three slices by
means of manually drawn ROIs and a dedicated interpolation algorithm tool was launched to
calculate a VOI encompassing the whole lesions. In case of extra-thoracic metastatic disease
with multiple pulmonary nodules, only the lesion with the greatest size was segmented. Two
readers - blinded to clinical outcomes - independently performed the analyses on different
subset of the study population: they were instructed to modify VOI boundaries in case of
inadequate segmentation. RFs extraction was performed by a dedicated function embedded
10

into the segmentation software (SlicerRadiomics), and included RFs from different domains,
as follows 14,31:
•

Shape-based

•

Gray Level Dependence Matrix (GLDM)

•

Gray Level Co-occurrence Matrix (GLCM)

•

First Order Statistic

•

Gray Level Run Length Matrix (GLRLM)

•

Gray Level Size Zone Matrix (GLSZM)

•

Neighboring Gray Tone Difference Matrix (NGTDM)

•

Wavelet Transformed Features
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HISTOLOGICAL STRATIFICATION
The outcome was defined as a three-levels categorical variable including (1) patients
with adenocarcinoma, (2) patients with metastasis (independently from the site of origin) and
(3) patients with hamartoma.
For being included in the histological stratification analysis, pulmonary lesions had to
fulfill the definition of the Fleischner Society for nodule (diameter up to 30 mm; diameter
was derived from the semi-automated measurements obtained from the VOI) 32. To take
into account the potential impact of calcifications on textural analysis and RFs, hamartomas
displaying calcifications were excluded 33.
Classification analyses were performed, and results compared after cross-validation,
which allows for all observations to serve for both training and test

34.

Monte Carlo cross-

validation was used to create multiple random splits of the dataset into training and test data.
For each split, the model was fit to the training data and predictive accuracy was assessed
using the test data, with final results deriving from the average of the splits. The advantage of
this method (over k-fold cross validation) is that the proportion of the training/test split is not
dependent on the number of iterations (i.e., the number of partitions). The disadvantage is
that some observations may never be selected in the test subsample, whereas others may be
selected more than once.
To eliminate redundant RFs, from the overall study population highly correlated RFs
were removed by calculating their Spearman Rho correlation coefficient: RFs with a
statistically significant coefficient greater than 0.99 were excluded from the subsequent
analyses.
Overall, for the purpose of differentiating pulmonary lesions according to their
biological behavior, a total of 2,000 iterations was performed. Then, for each iteration, the
12

study population was randomly split – as per Monte Carlo cross-validation - in the
recommended ratio of 2/3 training and 1/3 testing.
Feature selection and model development
The least absolute shrinkage and selection operator (LASSO) logistic regression model
allows interpretation and analysis of large database and was in order to identify the most
useful prognostic RF

35.

LASSO is a method of regression analysis that performs feature

selection and regularization to improve the prediction accuracy via penalized estimation
functions. Penalized logistic regression imposes a penalty to the logistic model to reduce RF
number. Such approach – named regularization process - shrinks the coefficients of the less
contributive RFs which are forced to be exactly zero within the logistic regression. LASSO was
performed to choose the optimal hyper parameter (λ), which is used as a regularization term
acting as parameter for tuning penalization. Based on the LASSO logistic regression analysis,
we selected the most predictive RFs.
Our predictive model was developed in the training set; subsequently, prediction
analyses were made based on the data of the test set.
Feature stability
Given that our approach was based on 2,000 iterations, each iteration could select a
different subset of RFs predictive the outcome during each single iteration. To account for
such intrinsic variability between iterations, we described the stability of our model by
computing the following stability indexes 36 37:
•

Average Normalize Hamming Distance (ANHD)

•

DICE

•

Adjusted stability measure (ASM)
13

•

Weighted consistency measures (CW)

Model Performances
Model performances were computed for both training and test set, to evaluate the
amount of the differences between the performances from the two models. The main metric
was the Receiver Operating Characteristic – Area Under the Curve (ROC-AUC) of each model
and performance results were averaged over the 2,000 iterations.
Further metrics testing models’ performance were precision (i.e. positive predictive
value) and recall (i.e. sensitivity) of each individual category in both training and test set:
hence, average values of 2,000 iterations for both precision and recall were derived for each
categorical variable on training and test set.
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SURVIVAL ANALYSIS
The outcome variable was overall survival (OS), calculated from the date of baseline
CT until either death from any cause (event), or until the date (30/01/2020) that Patients were
last known to be alive (censored). For the purposes of survival analysis, the analyses were
repeated twice:
•

patients with adenocarcinoma, independently from stage (n = 285);

•

patients with stage I adenocarcinoma (n = 174).

We performed the analyses on patients displaying the whole set of variables: those
with missing data were excluded. The results of the analyses derived from a total of 50
iterations and compared after Monte-Carlo cross-validation, with each single iteration split
into the recommended ratio of 2/3 training and 1/3 testing.
Clinical Prognostic Model
The Clinical Prognostic Model (CPM) acted as standard of reference. Univariate Cox
regression was used to identify clinical variables which were more predictive for OS, including
the type of surgical approach. In the final clinical multivariate Cox regression model, only
features that showed p-value of their hazard ratio (HR) < 0.3 in more than 60% of the iterations
were included as predictors.
Radiomics Prognostic Model
Highly correlated RFs (Spearman Rho correlation coefficient greater than 0.99) were
excluded. Z-scores were computed for each RF to normalize data and subsequently, univariate
Cox regression was used to identify those RFs predictive for OS. Only variables showing pvalues of HR lesser than 0.05 were considered significant and included for the development
of the Radiomics Prognostic Model (RMP).
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We adopted supervised principal component analysis (s-PCA) for further reducing the
number of covariates for the final multivariate Cox proportional hazard model: s-PCA is similar
to conventional PCA, and it can be applied to regression problem and survival analysis, by
considering a subset of predictors that are better associated with the outcome 38. The number
of principal components was set to three (s-PCA1, s-PCA2, s-PCA3), which were used for the
final multivariate Cox hazard model based on RFs. Median value of OS was used to discretize
the survival endpoint in short-term and long-term survivors. The ROC analysis was performed
to determine the optimal threshold for the three components of the s-PCA, in particular the
value that yielded the highest Youden Index was selected as optimal cut-off for discretization.
Clinical-Radiomics Prognostic Model
Predictors from CPM and RPM were included in a comprehensive model based on both
clinical and radiomics analysis (Clinical-Radiomics Prognostic Model, CRPM).
Finally, the metric that was used to evaluate the performance of incremental value of
CPM, RPM and CRPM was the concordance index (C-index), computing its average value (and
SD) over 50 iterations.

16

STATISTICAL ANALYSIS
All statistical analysis was performed on R software (version 4.0.2, R Foundation for
Statistical Computing, Vienna, Austria) in this study. The following R packages were used:
•

The “glmnet” package was used for LASSO

•

The “pROC” packages were used to draw and analyze ROC-AUC curves, in
particular by using the “multiclass.roc” function, and to compute the Youden
Index

•

The “survival” package was used for Cox regression analyses

•

The “superpc” package was used for s-PCA

17

RESULTS
STUDY POPULATION
Overall, 285 patients with surgically resected lung cancer, 63 with pulmonary
metastases and 41 with hamartomas were included in this study, resulting in the overall study
population of 389 patients, whose characteristics are summarized in Table 1 and Table 2.
Out of 389 patients, 185 nodules showed a maximum diameter - automatically
computed by the software - lesser than 30 mm (105 LC; 50 metastases – 34 from colon cancer,
5 from endometrial cancer, 11 from renal cancer; and 30 hamartomas). There were 9
hamartomas displaying calcifications that were excluded from the analyses. Mean values for
the major axis for the 185 nodules included in the histological analysis, according to their
group, were 16.3 mm for ADK, 11.7 mm for metastases and 12.7 mm for hamartomas.

18

Adenocarcinoma

Metastasis

Hamartoma

285

63

41

Age (years)

67.3 (±9.7)

67.6 (±9.6)

61 (±11.6)

<0.05

Sex

F=100 (35)

F=36 (57)

F=16 (39)

<0.05

M=185 (65)

M=27 (43)

M=25 (61)

Total

p-value

Lesion characteristics

Diameter

29.8 mm

22.2 mm

21.7 mm

(±20.3)

(±18.8)

(±15.2)

<0.05

Table 1. Study population characteristics. Continuous data are expressed as mean ± SD. Categorical data are
presented as number with percentage in parentheses.
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Patients with ADK
Stage (8 TNM)

Histologic subtype

Oncologic history
Smoking Status

Pulmonary function test

Frequency

Deceased

-

IA1/IA2/ IA3

112 (39%)

29 (26%)

-

IB

62 (22%)

32 (52%)

-

IIA

7 (2%)

4 (57%

-

IIB

46 (16%)

29 (63%)

-

IIIA

34 (12%)

31 (91%)

-

IIIB

11 (4%)

11 (100%)

-

IV

7 (2%)

5 (71%)

-

Missing

7 (2%)

-

-

Lepidic: 39 (14%)

-

Papillary: 31 (11%)

-

Micropapillary: 27 (9%)

-

Acinar: 80 (28%)

-

Glandular: 7 (2%)

-

Solid: 97 (34%)

-

Missing: 4 (1%)

71
-

Never: 46

-

Former: 74

-

Current: 159

-

Missing: 6

-

DLCO: 3,3 (2,2 – 4,2)

20

(median, IQR)

Surgery

-

DLCO%: 87 (73.5 – 109)

-

FEV1: 2,2 (1,9 – 2,7)

-

FEV1%: 92 (75 – 104,6)

-

FVC: 3,2 (2,7 – 3,8)

-

FVC%: 100 (87,7 – 114)

-

Tiffenau: 72 (65 – 77)

-

Lobectomy: 250 (number of deaths: 124)

-

Segmentectomy: 3 (number of deaths: 1)

-

Bi-lobectomy/Pneumonectomy: 16 (number of deaths: 12)

-

Wedge resection: 12 (number of deaths: 4)

-

Missing: 2

Follow-up

-

Overall: 64 (32 – 97)
o Deceased: 63 (32 – 95)

(months; median, IQR)
Relapse (Y:N)

Mortality

Alive: 69 (36 – 99)

111:34
-

Regional/Local: 74

-

Distant: 37
-

Overall mortality: 141 deaths

-

Lung cancer specific mortality: 105/141 (74.5%)

-

Other causes
o Cardiovascular disease: 5
o Extra-pulmonary neoplasm: 5
o Other causes: 5

21

o N/A: 21
Table 2. Clinical characteristics of patients with adenocarcinoma.
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HISTOLOGICAL STRATIFICATION
The number of RFs extracted for each pulmonary lesion was 851. After the redundancy
analysis which allowed to exclude highly correlated RFs, the number was reduced to 530 (62%)
(Figure 2). After LASSO regularization the average number of RF selected for the model was
10 (±3) (Figure 3).

Figure 2. Correlation matrix displaying color-coded Spearman correlation coefficients between RFs (Correlation
matrix). For couples of RFs with correlation coefficient equal or greater than 0.99 (yellow cells), one of the two
RFs was discarded.
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Figure 3. Least Absolute Shrinkage and Selection Operator (LASSO) logistic regression model coefficient profiles
of the 530 RFs. As the tuning hyper parameter (λ) increased, more coefficient profiles tended to 0: the plot shows
RF with coefficients values going to zero, as the penalty in the objective function of the LASSO is increased.
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Model performance
Stability of the feature selection method
Stability of the model according to the stability indexes was substantially robust for all the four
metrics computed (ANHD <0.001; DICE 0.6; ASM 0.7; CW 0.6).
Diagnostic Performance Rate
ROC-AUC values were 78% ( 0.06) for training set and 73% ( 0.05) for the test set.
Precision in the training set was 0.70 ( 0.07), 0.58 ( 0.08) and 0.63 ( 0.24) for
adenocarcinoma, metastasis, and hamartoma, respectively. In the test set, precision was 0.66
( 0.08), 0.58 ( 0.21) and 0.34 ( 0.29) for adenocarcinoma, metastasis, and hamartoma,
respectively. Recall in the training set was 0.98 ( 0.02), 0.32 ( 0.18) and 0.17 ( 0.12) for
adenocarcinoma, metastasis and hamartoma, respectively. In the test set, precision was 0.96
( 0.04), 0.28 ( 0.16) and 0.14 ( 0.13) for adenocarcinoma, metastasis and hamartoma,
respectively (Figure 4).

Figure 4. Examples of pulmonary nodules with correct histological classification obtained by the Radiomics
approach. (A) Computed Tomography of a 64-year-old female patient with a pulmonary nodule in the right
lower lobe (blue arrow). Pathological analysis after surgery showed evidence of adenocarcinoma. (B) Computed
Tomography of a 61-year-old female patient showing a pulmonary nodule in the left upper lobe (red arrow).
Pathological analysis after surgery reported hamartoma. (C) Computed Tomography performed in a 76-year-old
female patient with colon cancer showing a pulmonary nodule in the right lower lobe (green arrow).
Pathological analysis after surgery reported metastases.
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Most frequent Features
The ten most frequent RF selected throughout the 2,000 iterations are reported in
Table 3.
Radiomics Feature

Frequency

Percentage

Original

First Order - Kurtosis

1575

79

Wavelet LHL

GLCM - MCC

1498

75

Original

Shape - Sphericity

1484

74

Wavelet HLL

First Order - Mean

1198

60

Original

Shape - Maximum2D-DiameterSlice

1147

57

Original

First Order – 10 Percentile

1078

54

Wavelet LLL

GLCM - Correlation

1045

52

Original

First Order - Skewness

839

42

Wavelet LLL

GLCM - MCC

566

28

Wavelet HLL

First Order - Median

502

25

Table 3. Ten most frequent Radiomic Features selected throughout the 2,000 iterations.

SURVIVAL ANALYSIS
The overall study population was composed by 285 individuals who underwent LC
surgery. The analyses were repeated twice, first on the whole database of 285 patients (all
stages ADK), subsequently on 174 patients with stage I disease (stage I ADK).
Among clinical variables, the only two parameters that were included in the CPM for
both study populations were FVC% and gender, as they displayed a frequency of inclusion into
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the model (based on p-value of the corresponding HR) of 84% (FVC%) and 94% (gender) for all
stages ADK patients, and 70% (FVC%) and 96% (gender) for stage I ADK patients. The other
clinical variables did not reach the threshold of 60% (Table 4).
All stages ADK

Stage I ADK

Age

26

28

Gender

94

96

Oncologic history

42

44

Smoking status

34

38

DLCO

46

28

DLCO%

24

20

FEV1

18

18

FEV1%

58

58

FVC

22

26

FVC%

84

70

Tiffenau

24

8

Tiffenau%

6

2

Surgery

8

14

Table 4. Frequency of occurrence of clinical variables; data are expressed as percentages.

The s-PCA showed that the frequency of HR with p-values lesser than 0.05 in
multivariate Cox regression analysis was higher for all stages ADK patients, with a 74% of runs
with at least one component out of the three s-PCA (s-PCA1, s-PCA2, or S-PCA3) under the
threshold of 0.05. On the other hand, for stage I ADK patients, there was at least one
component under the threshold of 0.05 for p-value of HR in 22% of times.
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C-indexes showed a minor increase from CPM to RPM, while the integrated model,
including both clinical variables and RFs yielded the highest predictive performance. Such
observation was true for both groups of patients, and the C-index reached its highest value
for the CRPM of the study population of patients with stage I ADK (0.81, ± 0.04) (Table 5)
(Figure 5).
All stages ADK

Stage I ADK

Clinical Predictive Model

0.68 (0.06)

0.66 (0.06)

Radiomics Predictive Model

0.70 (0.04)

0.70 (0.06)

Clinical-Radiomics Predictive Model

0.74 (0.05)

0.81 (0.04)

Table 5. Average values of C-index (and standard deviation) after 50 runs, for clinical predictive model, radiomics
predictive model and the comprehensive clinical-radiomics predictive model. Results are reported for the overall
study population of patients with surgically resected adenocarcinomas and for patients with stage I
adenocarcinoma.

0,90
0,80
0,70
0,60
0,50
0,40
0,30
0,20
0,10
0,00

All Stages ADK

Stage I ADK

CPM

RPM

CRPM

Figure 5. Histograms of the C-indexes of clinical predictive model (CPM), radiomics predictive model (RPM) and
the comprehensive clinical-radiomics predictive model (CRPM). Results are reported for the overall study
population of patients with all stages adenocarcinoma and for patients with stage I adenocarcinoma
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DISCUSSION
This study tested a CT-Radiomics one-stop shop approach for characterization of lung
cancer risk for pulmonary nodules, and for the stratification of prognosis for subjects with
surgically resected adenocarcinoma.
The results of our study are two folded: first, we showed that CT-Radiomics may
identify pulmonary lesions with different histology. Indeed, in a group of homogeneously
selected pulmonary nodules (i.e. with maximum diameter < 30 mm, without pathognomonic
patterns of calcifications), the CT-Radiomics approach yielded a ROC-AUC of 73% for the
discrimination of the biological behavior of pulmonary nodules. Subsequently, we compared
prognostic models for patients with adenocarcinoma based on clinical variables (CPM), RFs
(RPM), or on an integrated clinical-radiomics model (CRPM). Such analysis was performed on
two sets of patients: first, the overall study population; subsequently, only patients with stage
I adenocarcinoma. Our study demonstrated that integration of clinical and RF (CRPM) yielded
the highest predictive power.
This research takes place in the field of advanced analysis of CT images, testing
whether quantitative parameters (RFs) might play a role as non-invasive biomarkers
predicting biological behavior and prognosis. Notably, the first implementation of artificial
intelligence within thoracic imaging was computer-aided detection (CAD) of pulmonary
nodules; however, CAD tools were directed toward delivering a single judgment as a second
opinion and do not provide prognostic data or therapy decision support

20,39.

Radiomics is a

further development of such approach, and associates quantitative data (advanced analysis
of shape, texture, intensity) with clinical features to define decision support models for
precision medicine 20,40. Radiomics is the high-throughput extraction of features imperceptible
to the human eyes, such as pixel values (e.g. HU in CT images), variation of values within ROIs
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(or VOIs), and edge strengths

14,21.

The workflow of Radiomics is designed in a multi-steps

fashion, starting from image acquisition, delineation/contouring of ROIs/VOIs, and extraction
and analysis of RF creating imaging-derived biomarkers defining biological behavior of
pulmonary lesions 24,41. The impact of scanning parameters has been explored within the field
of quantitative analysis as different manufacturers, acquisition protocols and reconstruction
parameters were shown to influence RFs

42-44.

Milanese et al tested texture analysis and a

machine learning approach on patients suffering from systemic sclerosis (SSc), comparing RFs
extracted from CT scans with different acquisition parameters and reconstruction algorithms,
showing that both texture-based diagnosis of SSc and classification between cases and
controls was possible

34.

Noteworthy, for the implementation of Radiomics within clinical

practice classification and stratification of prognosis of neoplasms should be unaffected by
technical parameters, to allow for reproducible analyses between centers 45. However, in daily
routine, standardization of image acquisition and reconstruction parameters - although
desirable - will be difficult to be achieved

42,43,46.

In this project, we tested the impact of

machine learning on the classification of malignant and benign pulmonary lesions (i.e.
hamartomas), with CT acquired from different scanners and reconstruction parameters, thus
reflecting a real-world scenario.
Our first analysis aimed at evaluating LC risk of subjects displaying pulmonary nodules,
by extracting RFs from nodules at the time of first detection. Early (or immediate) assessment
of biological behavior of a pulmonary lesion could reduce subjects’ anxiety as well as costs for
the health systems, by limiting the number of both invasive (e.g. biopsies) or non-invasive
(18F-FDG-PET scans) procedures

47,48.

In this study, we included pulmonary lesions with a

maximum diameter lesser than 30 mm, such as surgically resected primary LC
(adenocarcinoma) and pulmonary metastases (from colon carcinoma, renal cell carcinoma,
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and endometrial carcinoma) as malignant lesions, and surgically resected hamartomas as
benign lesions. To exclude the impact of hamartomas’ calcifications, as the increased HU
values because of calcifications would differentiate their texture also on a visual basis, a
preliminary analysis allowed us to select only non-calcified hamartomas. Our model yielded a
ROC-AUC in the test population of 73%. Previously, Beig et al reported that RFs extracted from
both intranodular and perinodular regions may discriminate NSCLC and benign granulomas
(ROC-AUC of 0.80 by combining RF from the two regions), with higher performance for RF
analysis as compared to human readers 49. Notably, we included in our quantitative analyses
not only primary LC and pathologically proven benign lesions (hamartomas), but also lesions
representing secondary pulmonary involvement (i.e. metastases from renal, endometrial and
colon cancer). We do recognize that clinical suspicion of metastatic disease could be
potentially easy in case of nodules scattered throughout the pulmonary parenchyma of
patients with known extra-thoracic neoplasms; however, our approach was directed toward
the differentiation of pulmonary nodules based on their RFs, and we foster future studies
testing Radiomics as a tool to discriminate between metastases of different neoplasms. Such
approach may be useful to optimize subsequent diagnostic workflow for patients (i.e.
endoscopic evaluation for subjects for whom RFs analysis would suggest that a – potentially
single – pulmonary nodule might represent a metastasis from colon cancer). Because the strict
inclusion criteria selected for this study, the number of eligible subjects was limited, therefore
the number of observations was not enough to discriminate metastases based on their origin.
Nonetheless, our results are in keeping with Kirienko et al., who trained a model (ROC-AUC of
79%) to discriminate primary and secondary lung lesions 50. Yang et al. trained a model (ROCAUC of 77%) differentiating between invasive and non-invasive adenocarcinoma 51. Based on
data from the National Lung Screening Trial, Huang et al realized a matched case-control study
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testing features extracted from intranodular, perinodular and extranodular areas to increase
the positive predictive value of pulmonary nodules detected in a lung cancer screening
scenario 52,53.
Our results showed that among the ten most frequent RFs selected throughout the
2,000 iterations for the histological prediction model, 50% of them was composed by first
order features, both from original and wavelet transformed groups. The latter are based on
histograms describing distribution of voxel intensities

14,54

and include metrics (e.g. mean,

median, standard deviation, kurtosis, skewness, energy, entropy, uniformity, and variance)
that – along with features describing the texture of the contoured lesions - appear to be
reproducible and useful for predictive models 55-58. Furthermore, metrics describing size and
shape of nodules were included among the most frequently selected RFs, thus underscoring
the role of morphological descriptors as predictors for biological behavior, not only from
qualitative (i.e. evaluation performed by radiologists, taking into account size of the nodules)
but also from quantitative (Radiomics-based) approaches

59.

In our study, recall values

(representing the number of positive cases selected from the algorithm out of the overall
positive cases) were above 0.95 for adenocarcinomas in both training and test sets. On the
other hand, precision and recall values were lower for metastases (0.58 and 0.28, respectively)
and hamartomas (0.34 and 0.14, respectively). This might be due the low number of patients
with metastases and hamartomas. Notably, we tested a Radiomics approach evaluating more
than a binary variable (malignant/benign), as we included two different types of malignant
pulmonary lesions (i.e. primary adenocarcinoma and secondary diseases).
Reducing the number of manual inputs might be mandatory for Radiomics to be
implemented in the clinical workflow 60. We performed our analyses with a semi-automated
approach for the delineation of a three-dimensional VOI. As completely manual contouring of
32

lesions can be time consuming, the process should be fast and reproducible for radiomics of
pulmonary nodules to be implemented in daily practice. Pavic et al reported that the
reproducibility of 1,404 RF extracted from patients affected by different tumors (i.e. head and
neck squamocellular carcinoma, NSCLC, and malignant pleural mesothelioma) was influenced
by inter-observer variability 61. A semi-automated segmentation may reduce inter-observer
variability and reproducibility of RF from various categories (shape, histogram-derived, GLCM
and GLRLM) extracted from CT of patients with NSCLC, were more robust and reproducible
when semi-automatically extracted, as compared to manual extraction 62,63. Notably, RFs from
GLCM and GLRML depend on the accuracy of the delineation of boundaries and on tumors’
irregularity, which is better depicted through a semi-automated approach 31,64. Among the RFs
included in our model for histological stratification, three out of the ten most frequent RFs
selected in the 2,000 iterations were from GLCM matrix, and two were extracted from the
same wavelet group (LLL). The GLCM matrix measures heterogeneity, and we postulate that
based on such metric our CT-Radiomics approach stratifies lesions with different biological
behavior, in keeping with previous observation on heterogeneity-descriptors RFs associated
to malignant lesions with aggressive behavior correlating with outcome 65,66.
RFs were traditionally differentiated between agnostic and semantic features; the
latter are derived from the analysis of the reading radiologist (e.g. morphology, metrics for
size), whilst agnostic RFs derives from mathematical analyses

20,67.

Integrating semantic

features into the predictive models may increase their performance, although with such
approach the experience of the readers might affect the classification processes

68,69.

In our

predictive model we included only agnostic RFs derived from one of the most used tools for
Radiomics (based on PyRadiomics, implemented in a user-friendly software for contouring of
lesions). PyRadiomics is recognized as a tool for the extraction of RF that satisfies the criteria
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from the Imaging Biomarker Standardization Initiative (IBSI) 16. Therefore, one of the main aim
of studies based on radiomics is the generalizability of the results and using a software that
has a large distribution is of paramount relevance for reproducing and testing Radiomics
signatures 16. The integration of RFs with metrics assessing smoke-related pulmonary damage
might increase the performance of discrimination of pulmonary lesions with different
biological behavior

41,70.

We foster further studies testing such integrated multi-parametric

approach, albeit it could request large populations to account for overfitting of data and highend computational units to develop such complex models.
Subsequently, we evaluated models predicting survival of patients with
adenocarcinoma: both clinical and radiomics were predictors of OS in two study populations
(patients with all stage disease and patients with stage I disease). However, the best
performance was from the integrated CRPM (0.74 in all stage disease, 0.81 in stage I disease).
Nonetheless, beyond this absolute value lesser iterations with at least one of the s-PCA
components having significant HR were found in stage I patients, because of the lower number
of cases included in this subset. For confirmation of the predictive role of CRPM, large
multicentric studies should be performed to test such integrated approaches for stratification
of prognosis. Xie et al developed a Radiomics signature to categorize risk of disease recurrence
(high-risk and low-risk) for 237 subjects with stage I adenocarcinoma included in their
validation cohort. Notably, patients with stage I adenocarcinoma suffer from a substantial risk
of recurrence, which might develop even after complete resection 71. Incidence of N2 disease
in clinical stage I NSCLC ranges 4.0 to 16.8%, with CT showing very poor sensitivity and
specificity in the detection of mediastinal lymph node involvement

72-74.

Yang et al tested a

CT-based radiomics approach to predict N2 disease in 1.212 individuals with stage I lung
adenocarcinoma, and their radiomics signature (including RFs describing size, density and
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heterogeneity) showed better predictive performance as compared to clinical parameters 75.
The efficacy of adjuvant chemotherapy reducing recurrence rate in stage I disease is being
tested, and a radiomics approach may integrate prognostic prediction, along with prediction
of stage of the disease or progression-free survival 9.
For patients with advanced LC, prognosis is influenced by the presence of molecular
and genetic alterations targeted by specific drugs

76.

Previous studies tested the impact of

integrated clinical and radiological semantic features to discriminate between anaplastic
lymphoma kinase (ALK) rearrangement from epidermal growth factor receptor (EGFR)
mutations in advanced lung adenocarcinoma 77. Indeed, the detection of molecular alterations
gained utmost relevance, and to overcome possible limitations of molecular tests based on
analysis of tumor samples derived from biopsies and/or cytological specimens, non-invasive
evaluation of lesions could be of particular clinical relevance 78. Sun et al tested a Radiomics
signature in correlation with lymphocyte infiltrates in an heterogeneous study population
encompassing different neoplasms treated by immunotherapy, reporting that homogeneous
tumors correlated with increased overall survival

79.

Similarly, Mazzaschi et al explored the

potential role of RFs to non-invasively define the tumor immune microenvironment (TIME):
on a study population composed by 100 surgically resected NSCLC, a Radiomics signature
encompassing different RFs outperformed the prognostic value of the standard pTNM staging
system in NSCLC

68,69.

Ravanelli et al reported that an approach focused on prediction of

survival on patients treated with Nivolumab after failure of platinum-based chemotherapy
based on a low-throughput approach producing a low number of parameters, namely the
filtered-histogram approach, can be used to predict outcome of NSCLC patients 80.
Efforts are being made to define descriptive and unstandardized terms to establish a
uniform lexicon for semantic annotations

81,82.
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To overcome the limitation represented by

variability in detecting and quantifying semantic features, Radiomics - extracting and analyzing
quantitative and reproducible imaging biomarkers - may non-invasively and rapidly predict
tumor phenotypes 83. Nonetheless, a recent systematic review evaluating the role of imagingbased models reported that further validation is required before non-invasive approaches
could replace traditional molecular pathology testing, as studies performed under strict
adherence to quality guidelines are requested 83.
In a study performed on 68 malignant LC, Ferreira Junior et al reported that Radiomics
yielded ROC-AUC of 0.75, 0.71, and 0.81 for detecting lymph nodal metastasis, distant
metastasis, and histopathology pattern recognition

84.

Notably, they reported that the

integration of clinical data with RFs showed high potential on predicting nodal metastasis,
distant metastasis and histopathological recognition. Similarly, Zhang et al developed models
including CT-RFs extracted from brain lesions to discriminate between different histology of
LC: the combination of clinical parameters (such as age and gender) increased the
performance of the radiomics models 85. This is in keeping with our results, as CRPM showed
highest performance in predicting OS in both study populations. Choe et al recently developed
a CT-Radiomics approach for resectable lung adenocarcinoma patients, showing incremental
value over clinical-pathological models in predicting disease free survival, except in prediction
of OS in the validation cohort 86. Parmar et al reported that RFs are cancer-specific and that
they can play a role as prognostic or predicitive imaging biomarkers 87. Furthermore, RFs might
predict pathologic response in patients with LC undergoing chemo-radiation therapy 88.
Notably, the impact of machine learning expands beyond prognostication of
pulmonary nodules; indeed, it may increase detectability of lesions simultaneously allowing
the extraction of metrics that are currently used to guide management of lesions (i.e.
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measurement of volume): a post-processing tool removing vascular, bronchial and fissural
structures can facilitate detection of pulmonary nodules 89.
Any identification of reliable and meaningful quantitative imaging biomarkers for
tumors must be reproducible and efforts should be made to standardize dose administration,
image acquisition, image reconstruction, and value normalization

90,91.

Furthermore, the

methodology used to extract RFs is subject to variability, too 92-94. Because it is essentially highthroughput data mining, Radiomics must incorporate appropriate feature selection strategies
that enhance the performance of its predictive models while minimizing the overfitting of
those models to increase generalizability 95,96. In addition, predictive and prognostic models
with high accuracy, reliability, and efficiency are vital factors driving the success of Radiomics.
In this study, we included analyses of the stability of our models by the random repetition of
training and test splitting and stability metrics were included for the description of the
histology predictive model. Such approach was not possible for the survival analysis because
of the sPCA design. Data must be replicated in other institutions, and biomarkers must be
validated independently to reliably generalized the results 91,97,98.
Limitations
This study suffers from various limitations. As a retrospective study, not all variables
were available for the study population. The number of subjects was limited, particularly for
patients included in the metastases and hamartomas groups. We plan to test our Radiomics
approach in external populations, as well as in more advanced stage disease. Clinical
predictors were included in the CPM when p-values of their HR was below 0.3 in more than
60% of the iterations: such higher-than standard threshold was set to include parameters
selected as potential predictors in more than a single iteration. Indeed, by selecting a lower
threshold for p-values, we could have introduced into the model variables for which the
37

significance could derive from a single iteration, thus reducing robustness of the analysis. We
evaluated all-cause mortality, without limiting the study population to patients with lung
cancer-mortality, as this could result in poorer performance because of the limited number of
events.
In conclusion, we developed a CT-Radiomics approach defining lung cancer risk for
subjects with pulmonary nodules, to differentiate lesions with malignant and benign biological
behavior. Furthermore, stratification of prognosis for patients with adenocarcinoma can be
increased by the combination of clinical and radiomics features.
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