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ABSTRACT

Objective: The use of a neoadjuvant chemoradiation followed by surgery in patients with stage IIIA NSCLC is
controversial and the benefit of surgery is limited. There are currently no clinically validated biomarkers to
select patients for such an approach. In this study we evaluate computed tomography (CT) derived intratumoral
and peritumoral texture and nodule shape features in their ability to predict major pathological response (MPR).
MPR being defined as <10% of residual viable tumor, assessed at the time of surgery.

Material and methods: Ninety patients with stage III NSCLC treated with chemoradiation prior to surgical re-
section were selected. The patients were divided randomly into two equal sets, one for training and one for
independent testing. The radiomic texture and shape features were extracted from within the nodule (intra) and
from the parenchymal regions immediately surrounding the nodule (peritumoral). A univariate regression
analysis was performed on the image and clinicopathologic variables and then included into a multivariable
logistic regression (MLR) for binary outcome prediction of MPR. The radiomic signature risk-score was gener-
ated by using a multivariate Cox regression model and association of the signature with OS and DFS was also
evaluated.

Results: Thirteen stable and predictive intratumoral and peritumoral radiomic texture features were found to be
predictive of MPR. The MLR classifier yielded an AUC of 0.90 * 0.025 within the training set and a corre-
sponding AUC = 0.86 in prediction of MPR within the test set. The radiomic signature was also significantly
associated with OS (HR = 11.18, 95% CI = 3.17, 44.1; p-value = 0.008) and DFS (HR = 2.78, 95% CI = 1.11,
4.12; p-value = 0.0042) in the testing set.

Conclusion: Texture features extracted within and around the lung tumor on CT images appears to be associated
with the likelihood of MPR, OS and DFS to chemoradiation.

1. Introduction

patients might benefit from a trimodality treatment [1,2]. Neoadjuvant
chemotherapy administered prior to surgery can reduce tumor extent

The treatment of stage III NSCLC involves a multi-disciplinary ap- and metastases, thereby improving resectability. The role of surgery in
proach and careful patient selection to determine which resectable stage IIIA patients still remains controversial. Survival benefit of
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surgery in this setting has long been debated and has proven difficult to
demonstrate in multi-institute trials compared to definitive chemor-
adiation [1,3]. Yet, ad hoc subgroup analyses have provided data to
suggest that resection (lobectomy) confers a clear survival benefit in
this setting [1]. In current clinical practice the selection of patients for
trimodality therapy is largely based on relatively limited lymph node
burden, single lobe involvement, and patient fitness for this aggressive
approach with little attention paid to specific markers of response.

Several studies have shown that pathologic response to chemor-
adiation is highly predictive of disease free survival and overall survival
[4-6]. The degree of down staging seems to correlate with survival with
the greatest benefit associated with <10% residual tumor noted on
resected specimens (defined as major pathologic response (MPR)) [5].
Unfortunately, there are no extant clinically validated and approved
biomarkers to predict MPR to chemoradiation.

Use of radiomics, or computerized feature analysis of radiographic
scans, to capture quantitative phenotypic attributes of the tumor has
emerged as an important prospect for survival prediction [7-19]. These
approaches have been used to capture and associate quantitative
measurements of intratumoral heterogeneity and tumor shape from CT
scans to predict response to first line chemotherapy and neoadjuvant
chemoradiation in patients with NSCLC [7,20,21]. However, apart from
radiomic assessment of intratumoral heterogeneity patterns, there is
increasing evidence that heterogeneity patterns associated with the
peritumoral region—the area immediately surrounding the tumor
mass—might harbor valuable disease specific prognostic cues. For in-
stance, signatures of immune response such as presence of peritumoral
lymphocytes have been shown to be associated with disease specific
survival [22]. Also, vascular invasion and neovascularization within the
peritumoral region have been shown to be associated with an increased
likelihood of tumor recurrence as well as reduced overall survival [23].

In this work we sought to explore whether textural patterns of the
peritumoral space coupled with measurements of lesion shape and in-
tratumoral texture patterns might identify which stage IIIA NSCLC
patients are likely to have MPR after chemoradiation. The association of
these radiomic features with overall survival and disease free survival
was also evaluated. The intra- and peritumoral texture features were
extracted from baseline CT images and only a limited number of fea-
tures that found to be strongly associated with response were validated
in the testing set. Additionally, the prognostic ability of the radiomic
features against tumor shape and clinicopathologic variables was also
evaluated.

2. Materials and methods
2.1. Study population

In this single-institution study we retrospectively evaluated the
pretreatment CT scans of patients with locally advanced stage IIIA
NSCLC who were treated with neoadjuvant chemoradiation followed by
surgical resection. The treatment regimen included Carboplatin +
Paclitaxel, Carboplatin + Docetaxel, Cisplatin + Etoposide and
Carboplatin + Pemetrexed. This study was approved by the institu-
tional review board at the Cleveland Clinic. One hundred twenty-three
patients with stage III NSCLC treated with neoadjuvant chemoradiation
prior to surgical resection who had baseline CT between 2006 and 2015
were retrospectively included in this study. Among these, 33 patients
with incidental findings suspicious of distant metastatic disease or with
unavailable pre-chemoradiation CT were excluded. Of the remaining 90
patients (36 responders and 54 non-responders) all of whom underwent
surgery, half of the responders and non-responders were randomly se-
lected for the training and testing sets. The training set comprised of 45
patients (18 responders and 27 non-responders), and remaining 45
cases not used in the training set were employed for testing. The overall
experimental design and patient selection is depicted in Figure S.1 of
the Supplemental Data II document.
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2.2. Clinical endpoints

The primary endpoint of our study was major pathological response,
defined as =10% of residual viable tumor, assessed at the time of
surgery. Patients who had majority pathological response were classi-
fied as ‘responders’ and the remaining as non-responders. The sec-
ondary endpoints were overall survival (OS) and disease-free survival
(DFS). OS was measured from the date of surgery to the date of death
and censored at the date of last follow-up for survivors. DFS was
measured from the date of surgery to the date of recurrence or the date
of death, whichever occurred earlier, and censored at the date of last
follow-up for those alive without disease recurrence.

2.3. Clinical variables

The clinical prognostic factors used in this study included Eastern
Cooperative Oncology Group (ECOG) performance status and TNM
stage per the American Joint Committee on Cancer (AJCC) staging
system. Clinical staging (e.g., overall stage IIIA vs. IIIB), tumor histology
(adenocarcinoma or squamous cell carcinoma), procedure type (lo-
bectomy or pneumonectomy), median radiation dose and nodal disease
(NO, N1, N2) were performed.

2.4. CT scan acquisition parameters

The CT scan images were acquired from either Siemens, GE Medical
Systems, Philips or Toshiba CT scanners. The information pertaining to
the CT acquisition parameters is provided in the Supplementary Data I
in Table S.1.

2.5. Image segmentation

Lung tumors were contoured on 3D-Slicer’ software where a free
hand tool was used to manually segment the lesion by two expert
readers. The readers were blinded to the true histopathologic diagnosis
of all cases and were asked to delineate the pulmonary nodules. The
readers excluded from consideration individuals with diffuse or mul-
tiple nodules. The peritumoral region around the nodule was defined by
the use of basic mathematical morphologic operations (dilation) as a
region expanding radially from the nodule boundary of 15 mm. The
choice of the size of the peritumoral region was determined by the
findings in [24], where increasing the surgical margin of nodule re-
section for NSCLC beyond 15 mm did not appear to decrease the like-
lihood of risk of recurrence. Our in-house software program was able to
eliminate the effect of skin, air or lipids when the mask was extended.
During the peritumoral texture analysis of the lung parenchyma, care
was taken to threshold the Hounsfield units (HU) of the CT scan, to
remove air (< —900 HU) and mediastinal muscle pixels (> —100 HU)
in peripheral tumor. To avoid any edge artifacts that might arise during
feature extraction, the thresholded ‘dead’ pixels of the CT scan were
substituted by using an averaging filter (9 x 9). Fig. S.2 in the Sup-
plementary Data II shows delineation of the intra-tumoral and peritu-
moral compartments of the nodule.

2.6. Radiomic feature extraction

To capture the tumor phenotype, radiomic features were extracted
from within and around the tumor. The feature extraction was per-
formed in MATLAB 2018b (Mathworks, Natick, MA, USA) using an in-
house software program. The radiomic feature set is described in detail
in Supplementary Data III. 1542 radiomic features from the intra- and
peritumoral compartments were extracted from baseline CT scans. We
extracted 13 Haralick, 10 local binary pattern (LBP) and 20 histogram
of oriented gradient (HOG) set of features. These features capture tex-
tural pattern and were predictive of variation in tumor micro-
architecture, heterogeneity and local appearance of nodules [25]. 13
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Co-occurrence of local anisotropy gradients (CoLIAGe) features, that
capture textural entropy structural disorder by applying gray-level co-
occurrence matrix (GLCM) metrics of disorder to local dominant in-
tensity gradients, were extracted. In addition, we extracted 25 Law and
48 Gabor features from intra- and peri-tumoral regions. Law is a filter-
based descriptor that can capture textural patterns while Gabor cap-
tures different spatial frequencies within the image at directional or-
ientations [26]. Furthermore, 24 computerized quantitative shape fea-
tures were extracted, and evaluated in combination with texture
features [27]. The shape features were calculated in 3D space while the
remaining radiomic texture features were computed in 2D on a slice-by-
slice basis. The First-order statistics (mean, median, SD, skewness, and
kurtosis) of each feature was computed across all the pixels and over all
slices containing the tumor. All feature values were then normalized
(mean of 0 and a standard deviation of 1).

2.7. Radiomic feature discovery

Feature selection was employed to rank and choose the most stable
and predictive features. Highly stable (reproducible) features were se-
lected based off evaluation on the test-retest RIDER lung CT dataset
(baseline and follow-up) [28] while lung tumors were annotated by an
expert reader. This publicly dataset has been previously used in the
context of a number of studies [29-31]. The intra-class correlation
coefficient (ICC) was calculated to quantify the consistency of the
radiomic measurements between two scans performed on each patient.
Features with a high ICC suggest that the radiomic features should be
resilient to variations in CT scan time, repeated experiments and ac-
quisition parameters. In this study features with an ICC = 0.85 were
considered as highly stable and reproducible. The minimum re-
dundancy maximum relevance (mnRMR) feature selection algorithm, an
entropy-based feature selection method, was subsequently employed to
identify the most discriminating features from amongst those with an
ICC > 0.85. mRMR is used to select those features with a high corre-
lation with respect to the target class, while also attempting to mitigate
the relative correlation between features.

2.8. Statistical data analysis

Logistic regression along with the receiver operating characteristic
(ROCQ) analysis was used to identify the radiomic features that were
determined to be predictive of MPR. The area (AUC) under the receiver
operating characteristic curve was calculated for response rate to in-
duction chemoradiotherapy. Exact binomial 95% confidential intervals
(CIs) and odds ratio were calculated by using glm function in R, version
3.1.3. A univariate analysis of radiomic features and clinicopathologic
variables was initially performed. The variables with p-value < 0.05
were introduced into a multivariable logistic regression model. The
regression classifier was then iteratively trained with those variables
and evaluated across 100 iterations of three-fold cross-validation. The
selected model was then validated to predict response to therapy on the
test set.

The Kaplan-Meier survival analysis and log-rank statistical tests
were performed to assess the univariate discriminative ability of the
features. The following baseline patient characteristics were tested to
explain variability in OS: sex, histology (adenocarcinomas vs. squa-
mous), vascular invasion, lymphatic invasion, chemotherapy agent
(carboplatin vs. cisplatin) and surgery type (lobectomy vs. pneumo-
nectomy).

To build the multivariate radiomic signature for Time-to-event data
(OS, DFS), Cox regression models were trained on the training set for
selected prognostic radiomic variables and the predictions by these
models were evaluated on the testing set. Backward elimination feature
selection method was performed on selected prognostic features in
multivariate analysis. Intermediate models were tested by repeated
random sub-sampling based cross validation with 100 iterations on the
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training set. The point at which the mean CI of the shrinking model
drops, the corresponding feature set is selected and used to construct a
radiomic risk score for predicting OS and DFS. The risk score was cal-
culated using a linear combination of those features with corresponding
coefficients calculated by a multivariate Cox model. Patients were
stratified based on the median risk-score and were divided into high
and low risk categories. A multivariate Cox proportional hazards model
was employed to evaluate the ability of the risk-score in predicting OS
and DFS (by using survfit and coxph functions, respectively, in R, ver-
sion 3.1.3). In addition, 95% CIs and relative hazard ratio (HR) were
calculated using the Wald test and the G-rho rank test, respectively.
Additionally, decision curve analysis was used to compare the radio-
mics signature and clinicopathological measurements for prediction of
high risk patients to receive treatment at different threshold prob-
abilities [32].

Differences between clinical categories were assessed using the
Fisher's exact test or a two-sided Wilcoxon-test for categorical or con-
tinuous variables, respectively.

Finally, the Dice index statistic and surface distance were calculated
to evaluate the nodule contour segmentation agreement between the
two radiologists while all agreement values were computed from those
slices identified as containing a lesion by both readers.

3. Results
3.1. Statistical analysis

Ninety patients with NSCLC were included for analysis with a
median age of 64 years (range 38 — 88 years), and majority of men
(54.4%). Tumor histology was predominantly adenocarcinoma (71.1%)
vs. 22.2% squamous cell carcinoma while the histology for 6.7% was
unknown, stage IIIA (94.4%), with positive N2 nodes (91.1%). The
median follow-up and survival time was 34.57 months (range:
0.13-114 months). The median time to recurrence or distant metastasis
(DM) was 17.95 months (range: 0.2-70 months). Following chemor-
adiation, 77.8% (70) patients underwent lobectomy and 22.2% (20)
underwent pneumonectomy. Overall, pathological response was
achieved in 40% (36) patients; labeled responders (major pathological
response, MPR), while 60% (54) patients were non-responders (non-
MPR). Among the responders, 66.7% (24) patients underwent lo-
bectomy while 33.3% (12) underwent pneumonectomy. (see Tables S.2
and S.3 in Supplemental Data I for additional information regarding
patient characteristics, clinical outcomes and treatment information).

3.2. Radiomic feature discovery

Among all 1542 extracted features, a total of 1039 (67%) were
identified as being highly stable, based off the intra-class correlation
coefficient, ICC > 0.85 threshold. From amongst these 1039 features, a
further 13 features were selected using the mRMR feature selection
method as being predictive of MPR. The average and variance ICC for
these 13 selected features was 0.93 + 0.026 (95% CI = 0.90, 0.98),
suggesting a high degree of reproducibility for the same day test-retest
cases within the RIDER dataset. These features and their corresponding
p-values obtained in discriminating responders vs non-responders are
summarized in Table 1.

3.3. Machine based clustering and classification of top ranked features

Unsupervised clustering was done to identify differences between
MPR and non-MPR without any knowledge about output (rather than
prediction). The heat map shown in Fig. 1.A illustrates an unsupervised
hierarchal clustering feature expression heat map and dendrogram of
the most discriminating features for responders and non-responders in
training set. Consensus clustering approach was also employed to
evaluate the discriminative ability of the combination of intratumoral
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Table 1

The most discriminative texture features selected by the feature selection method.
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MRMR feature selection method

Feature Family Descriptor Statistic Location p-value (training) Reader 1 p-value (training) Reader 2
1 Law _laplacian S5 X R5 Skewness Peritumoral 0.0289 0.0481
2 Law W5 x S5 Kurtosis Peritumoral 0.0475 0.0337
3 Law ES5 X W5 Kurtosis Intratumoral 0.0313 0.0293
4 Gabor f=8,0=0 SD Intratumoral 0.0304 0.0446
5 Tumor Shape Area Mean Peritumoral 0.0291 0.0238
6 Law_Laplacian W5 X S5 Var Peritumoral 0.0209 0.0199
7 Gabor f=8,0=0 Median Intratumoral 0.05 0.056
8 Law_Laplacian E5 X W5 Kurtosis Intratumoral 0.0403 0.0289
9 Haralick Inertia SD Intratumoral 0.0755 0.1803
10 Law_Laplacian E5 x W5 Skewness Intratumoral 0.05 0.0423
11 Law_Laplacian W5 X E5 Var Intratumoral 0.0430 0.0477
12 Gabor f=16,6=0 SD Intratumoral 0.0384 0.0455
13 Gabor f=8,0=0 Skewness Intratumoral 0.0831 0.0779

and peritumoral features in the training set. Fig. 1.B shows distinct
response associated clusters obtained via a combination of intratumoral
and peritumoral features. The two clusters respectively had a pre-
ponderance of non-responders (56%) and responders (89%)

respectively. Clustering performed using only intratumoral features was
less accurate compared to the corresponding clustering obtained via a
combination of peritumoral and intratumoral clustering (52% non-re-
sponders and 78% responders in the two dominant clusters) and had
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Fig. 1. (A) Unsupervised hierarchal clustering feature expression heat map of the most discriminating features for responders and non-responders in the training set.
The number on X-axis corresponds to each feature in Table 1. (B) Consensus clustering using combined intratumoral and peritumoral texture features. (C) in-

tratumoral texture features alone.
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Table 2

Univariate regression analysis in predicting MPR for combination of radiomic and clinicopathologic features in the training set.
Covariate (Feature) 0Odds Ratio (OR) 95% CI p-value
Law_laplacian (per heterogeneity increase) 0.631 0.331.1 0.126
Law (per heterogeneity increase) 2.498 1.24 6.01 0.0207 **
Law (per heterogeneity increase) 0.589 0.28 0.07 0.112
Gabor (per density of lesion increase) 2.017 1.08 4.38 0.0483 **
Tumor area (per area of lesion increase) 3.861 1.66 12.74 0.0089 **
Law_Laplacian (per heterogeneity increase) 1.833 1.01 3.8 0.0489 **
Gabor (per density of lesion microenvironment increase) 1.817 1.00 3.66 0.0645
Law_Laplacian (per heterogeneity increase) 0.684 0.331.21 0.237
Haralick (per entropy increase) 1.537 0.85 3.02 0.170
Law_Laplacian (per heterogeneity increase) 0.593 0.28 1.08 0.117
Law_Laplacian (per heterogeneity increase) 1.694 0.97 3.5 0.0956
Gabor (per tumor micro environment increase) 2.539 1.08 8.26 0.0818
Gabor (per tumor micro environment increase) 1.973 1.08 4.16 0.045 **
Histology (adeno vs. SCC) 1.312 0.27 6.34 0.728
Vascular Invasion (invasive vs. non-invasive 0.166 0.011.1 0.112
Lymphatic Invasion (invasive vs. non-invasive) 0.052 0.007 0.23 0.0006 **
Tumor volume (per tumor volume increase) 1.54 0.01 1.55 0.25
Age (per year increase) 1.002 0.94 1.06 0.941
Sex (male vs. female) 0.497 0.14 1.63 0.257

noticeably weaker consensus within clusters, as shown in Fig. 1.C.

Table 2 indicates the univariate regression analysis of radiomic
features and clinicopathologic variables in discrimination of responders
and non-responders in the training set. Features with p-value < 0.05
were used to train a logistic regression classifier in training set. This
signature consists of four radiomic features (peritumoral Laws, area of
lesion, peritumoral Law_Laplacian and intratumoral Gabor features)
and one clinicopathologic biomarker (lymphatic invasion). The com-
bined model yielded an AUC of 0.90 = 0.025 on the training set and
corresponding AUC of 0.86 for the test set. With radiomic features
alone, the model achieved an AUC of 0.87 = 0.045 on the training set
and a corresponding AUC of 0.82 for the test set.

The trained regression classifier by volume of tumor from baseline
CT images had a corresponding AUC of 0.68 *+ 0.056 on the training
set and AUC of 0.61 on the test set.

Since the CT scans employed in this study had a range of slice
thicknesses (0.6 mm-5mm), the impact of slice thickness on the per-
formance of the classifier was also evaluated (see Supplemental Data I
and Table S.4). Additionally, differences in peritumoral radiomic pat-
terns between normal and cancerous regions were compared (see
Supplementary Data II Section 3 and Fig. S.3).

The distribution statistics of the Laws and Law-Laplacian features,
as captured by skewness and kurtosis, were found to be different be-
tween lesions that did and did not have response. Fig. 2(A and B)
suggests the presence of a higher textural pattern disorder or hetero-
geneity within and around non-responder lesions compared to re-
sponder lesions on the CT scans.

3.4. Radiomic prediction as a function of human reader segmentation
performance

The classifier performance based off the nodule segmentations by
two radiologist readers was compared. The explicit goal of this ex-
periment was to quantitatively evaluate the effect of contour variability
on the corresponding extracted feature values and the resulting classi-
fier performance. The Dice overlap and average surface distances be-
tween two radiologist readers were found to be 0.80 = 0.045 and
4.47 = 3.03, respectively. The over segmentation error between the
two readers was 0.18 = 0.09 and the corresponding under segmenta-
tion error was 0.14 + 0.12. Furthermore, Figs. S.4A and S.4B in
Supplemental Data II illustrate inter-readers specific Dice values vs.
volume of nodule and surface distances vs. Dice value for all 90 studies.
The discord might arise because for some of the nodules the starting
and ending slice numbers may differ between the readers. The

performance of the logistic regression classifier was also evaluated on
both sets of annotated CTs by two radiologists. The performance of
classifier in training set for both two cohorts was the same
0.89 = 0.075 but for one cohort, the classifier reached AUC of 0.86 in
the testing set while for the other cohort segmented by the second
radiologist, the AUC was 0.85. The average and variance ICC for 13 top
selected features was 0.88 = 0.027, suggesting a high inter-reader
correlation between the top selected features.

3.5. Overall survival analysis

The median follow-up for all 90 patients was 34.57 months
(0.13-114). Kaplan-Meier overall survival curves were not significantly
different for gender (p-value = 0.95), vascular invasion (p-
value = 0.62), tumor histology (adenocarcinoma, squamous cell carci-
noma (SCC), p-value = 0.44), lymphatic invasion (p-value = 0.057),
chemotherapy agent (carboplatin vs. cisplatin, p-value = 0.43) or sur-
gery type (lobectomy vs. pneumonectomy, p-value = 0.098). Specially,
patients with bone or brain metastasis demonstrated poorer survival.
Fig. S.5(A-F) in Section 5 of Supplemental Data II illustrates the Kaplan-
Meier curves for different clinical-pathologic parameters and the results
of survival analysis. Table S.5 in Supplemental Data I shows the results
of univariate Cox regression analysis for OS.

A multivariate Cox regression model to predict OS was developed by
using Cox regression backward elimination. Radiomic features were
iteratively deleted in order of low to high mRMR rank on the training
set while the test set was used for independent validation. The combi-
nation that yielded the maximum CI on the training set was defined as
the optimal radiomic signature (risk-score) for predicting OS. This
signature comprised of radiomic features (peritumoral Laws W5 X S5,
intratumoral low frequency Gabor, tumor area, and intratumoral
Law_Laplacian W5 X E5). This optimal signature yielded CI = 0.84 and
Wald p-value = 0.017 on the training set. The radiomics signature was
associated with OS in the training (HR: 11.7, 95% CI: 2.95-46.5, p-
value = 0.0004) and testing data sets (HR = 11.18, 95% CI = 3.17,
44.1; p-value = 0.008) respectively. Table S.6 in the Supplemental Data
I shows the result of the multivariate Cox regression analysis for fea-
tures that contributed to the radiomic risk-score for predicting OS. A
multivariate Cox regression analysis identified the radiomics signature
as an independent risk factor in OS (radiomics signature risk-score: HR:
12.58, 95% CI: 2.5, 63.5, p-value = 0.0022; histologic grade: HR: 1.06,
95% CI: 0.37, 3.08, p-value = 0.9; Vascular Invasion: HR: 1.36, 95% CI:
0.75, 2.48, p-value = 0.30; and Lymphatic Invasion: HR: 0.98, 95% CI:
0.48, 1.99, p-value = 0.96). The corresponding Kaplan Meier survival
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Fig. 2. Radiomic feature maps showing differences between responders and non-responders lesions on pretreatment CT. There appears to be overexpression of
radiomic features ((A) peritumoral Law-Laplacian and (B) intratumoral laws shown here) in non-responder lesions compared to responder lesions. The distribution of
the features shows significant differences between the two lesion categories; these differences are captured by the skewness and kurtosis statistics of the distribution.

curves in Fig. 3.A showed a significant difference in OS between pa-
tients with low and high risk-scores, determined based off the training
set (testing set: p-value = 0.00048).

3.6. Disease free survival analysis

The recurrence rate after surgery was 42.2% and the mean duration
of recurrence after surgery was 20.28 + 16.43 months and median was
17.95 months. Additional information about the location of loco-re-
gional recurrence or systemic recurrence is available in Supplementary
Data I in Table S.7. Most patients who experienced recurrence had ei-
ther bone or brain metastasis. Mean survival for patients with bone and
brain metastasis was 26.6 months and in patients with local metastasis
was 38.7 months. Table 3 shows the univariate Cox regression analysis
for DFS in the training set. A multivariate Cox regression model to
predict DFS was developed by Cox regression backward elimination
(CI = 0.78, Wald p-value = 0.028). This radiomic signature comprised
seven texture features (peritumoral Law_Laplacian S5 X R5, in-
tratumoral Laws E5 X W5, peritumoral Law_Laplacian W5 X S5, in-
tratumoral Haralick inertia, intratumoral Law_Laplacian E5 x W5, in-
tratumoral Law_Laplacian W5 X E5 and intratumoral median frequency
Gabor). The radiomics signature was associated with DFS in the

training data set (HR: 2.71, 95% CI: 1.65-4.44, p-value = 7.4e-05), and
this finding was confirmed in the testing data set (HR = 2.78, 95%
CI = 1.11, 4.12; p-value = 0.0042). A multivariate Cox regression
analysis identified the radiomics signature and Lymphatic Invasion as
independent risk factors in DFS (radiomics signature risk-score: HR:
2.52, 95% CI: 1.43, 4.43, p-value = 0.0013; Lymphatic Invasion: HR:
1.71, 95% CI: 1.11, 2.97, p-value = 0.048; histologic grade: HR: 0.53,
95% CI: 0.20, 1.48, p-value = 0.2; Vascular Invasion: HR: 1.07, 95% CI:
0.7, 1.62, p-value = 0.75).

Table S.8 in Supplemental Data I shows the result of the multi-
variate Cox regression analysis for features that contributed to the risk-
score for predicting DFS. The corresponding Kaplan Meier curves in
Fig. 3B showed a significant difference in DFS rate between patients
with low and high risk-scores (testing set: p-value = 0.00021).

Additionally, a decision curve analysis showed that using the
radiomics signature to predict disease metastases adds more benefit
compared to the clinical-pathologic factors to make the decision of
whether a patient should undergo aggressive treatment than the treat-
all-patients scheme or the treat-none scheme (Fig. 3C).
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Fig. 3. Kaplan Meier curves according to the
(A) model predicting score to OS in test set. A
significant difference appears between patients
with low risk and high risk based on median
risk-score (testing set: p-value = 0.00048) and
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(B) model predicting score to DFS rate. A sig-
nificant difference appears between patients
with low risk and high risk (testing set: p-
value = 0.00021). (C) Decision curve analysis:
the radiomics model had a higher net benefit in
predicting which metastatic lung cancer pa-
tient should receive aggressive treatment,
compared to a clinicopathologic model and
simple strategies such as follow-up of all pa-
tients or no patients, across a full range of
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Table 3
Hazard ratios (HR) from univariate Cox Proportional Hazard model on DFS for
combination of radiomic and clinicopathologic features.

Covariate (Feature) Hazard 95% CI p-value
Ratio
Law_Laplacian (per heterogeneity increase) 1.96 0.934.17 0.078
Law (per heterogeneity increase) 0.73 0.411.29 0.28
Law (per heterogeneity increase) 1.53 0.97 2.42  0.068
Gabor (per density of lesion increase) 0.73 0.391.36 0.32
Tumor area (per area of lesion increase) 0.86 0.481.52 0.61
Law_Laplacian (per heterogeneity increase) 0.73 0.40 1.34 0.31
Gabor (per density of lesion microenvironment ~ 0.89 0.521.50 0.66
increase)

Law_Laplacian (per heterogeneity increase) 1.66 1.07 2.58 0.023
Haralick (per entropy increase) 0.71 0.411.25 0.24
Law_Laplacian (per heterogeneity increase) 1.52 0.96 2.42  0.073
Law_Laplacian (per heterogeneity increase) 1.00 0.511.96 0.99
Gabor (per tumor micro environment increase)  0.66 0.28 1.54  0.34
Gabor (per tumor micro environment increase) 1.01 0.571.77 0.97
Histology (adeno vs. SCC) 0.36 0.14 091 0.031
Vascular Invasion (invasive vs. non-invasive) 1.63 1.132.35 0.009
Lymphatic Invasion (invasive vs. non-invasive) 2.2 1.37 3.52  0.001
Tumor volume (per tumor volume increase) 0.97 0.621.53 0.92
Age (per year increase) 1.02 0.981.07 0.22
Sex (male vs. female) 1.57 0.60 4.09 0.35

3.7. The effect of image reconstruction convolution filters

The multivariate Cox proportional hazard model in predicting OS
and DFS rates, as a function of different convolution filters (sharp and
standard) on CT image reconstruction was evaluated. Extensive results

1
100:1

A threshold probabilities at which a patient

might be selected to undergo follow-up ima-
ging.

90 120

are available in supplementary Data II in section 6 and Figs. S.6.A and
S.6.B.

4. Discussion

Tumoral heterogeneity is associated with a more aggressive tumor
phenotype and poor clinical outcome [33,34]. Stage IIIA NSCLC is a
highly heterogeneous disease, the role of trimodality approach is
somewhat controversial and outcome of neoadjuvant chemor-
adiotherapy (NAC) followed by surgery is variable. Patients who do not
respond to neoadjuvant chemoradiation often do not benefit from such
aggressive surgical approach due to early recurrence of disease. Thus,
using a biomarker directed approach to identify patients for a more
aggressive trimodality therapy could potentially yield better outcomes.
Currently though there are no such biomarkers available in clinical
practice and patients are selected for trimodality approach based on
anatomic and physiologic parameters for surgical operability.

A plethora of previous studies across different malignancies have
attempted to investigate the role of radiomic features in distinguishing
responders from non-responders for chemotherapy or radiation therapy
on CT scans, with only a few focusing on non-small cell lung cancer
[7,21,27,35,36]. One limitation of these previous studies was the lack
of testing dataset for model validation. In addition, most studies did not
explore the surrounding tumor area that may offer unique radiomic
signatures for discriminating responders and non-responders to treat-
ment modalities.

In this study, we investigated the role of radiomic textural features
extracted from the intratumoral and peritumoral regions of baseline
pretreatment CT scans to predict response to chemoradiation prior to
surgery. One of the objectives of this study was to use radiomic-based
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interrogation of peritumoral patterns on non-contrast enhanced CT
scans for discriminating responders from non-responders to chemor-
adiation.

We identified that the most predictive markers based on stability for
distinguishing responders from non-responders were Law_Laplacian
and Laws features from the intratumoral and peritumoral compart-
ments. These features appear to capture patterns of heterogeneous en-
hancement and disruption of textural patterns within and outside the
nodules. We also extended the analysis of individual imaging texture
features to survival estimation approach. A multi feature-based radio-
mics signature was identified to be an independent factor for recurrence
in patients treated with chemotherapy, radiotherapy and surgery, with
incremental value to the traditional staging system and other clin-
icopathologic risk factors for recurrence estimation after surgery.
Multivariable Cox regression model revealed that a combination of
radiomic texture features (intratumoral and peritumoral Laplacian
Laws features that capture micro-gradients and patterns of hetero-
geneous enhancement) from a baseline non-contrast CT scan and lym-
phovascular invasion (LVI) status were predictive of DFS after trimod-
ality therapy, although in clinical practice LVI status is determined in
pathological specimens after surgery.

The previous study by Huang et al. showed that a combination of
the radiomics signature and other clinicopathologic risk factors per-
formed better than the traditional staging system and clinicopathologic
factors alone, demonstrating the incremental value of the radiomic
signature for recurrence association in early stage NSCLC patients un-
derwent surgical resection [37].

Our study revealed that higher intratumoral Law Laplacian texture
features that capture intratumoral heterogeneity were associated with
non-responders, lower DFS rate and worse OS. While we will need to
explore in future work whether the intratumoral heterogeneity assessed
on imaging was associated with corresponding genomic or molecular
heterogeneity, a few previous studies have suggested that increased
expression of intratumoral heterogeneity could be a reflection of cor-
responding genomic heterogeneity, in turn indicating worse prognosis
[38,39]. Grove et al. showed that tumor shape complexity and in-
tratumoral heterogeneity tended to associate with worse overall sur-
vival in lung adenocarcinoma [40].

Another recent study showed that in tumors with higher texture
heterogeneity on CT scans, time to progression was significantly lower
than those with lower peritumoral heterogeneity, in NSCLC patients
treated with chemotherapy [41].

Our study showed that most predictive radiomic features that could
discriminate responders from non-responders, could also predict overall
survival and time to recurrence in NSCLC patients treated with tri-
modality therapy. To the best of our knowledge, our group is the first to
highlight such an association and these results have not been previously
reported. Although beyond the scope of this study, it would be inter-
esting to probe the morphological and/or molecular basis for the
identified peritumoral radiomic features. One plausible hypothesis
could be that these features are reflective of patterns relating to hypoxic
tumors that are known to be chemoresistant [42]. There is evidence
suggesting that hypoxic tumor environment (suffering from oxygen
deprivation) can cause irregularity in angiogenesis and blood vessels,
which may be detected by texture analysis of nodules extracted from CT
images [43-45]. It is also possible that radiomic features extracted from
peritumoral regions capture microvessel density (MVD) and infiltration
of tumor lymphocytes (TILs), which may predict response to che-
motherapy [37,46-48]. Vascular invasion and neovascularization may
also result in diminished accessibility of the chemotherapeutic drugs to
the tumor site and hence result in poor survival. It may be that the
textural patterns within the peri-nodular regions reflect phenotypic
changes associated with vascular invasion and neovascularization, but
this association will need to be validated in a future study.

Additionally, our experiment showed that a standard convolution
kernel-based radiomics signature had a better prognostic and diagnostic
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performance compared to a sharp convolution kernel-based CT, in the
testing set.

We acknowledge the limitations of our study. Single institution
design of our study raises the question of the generalizability of the
classifier. In addition, relatively small cohort size and retrospective
nature, limits its clinical applicability. Although the size of our cohorts,
both training and testing set are equivalent to other recently published
studies [20,21], external validation in large, multi-site prospective co-
horts is required. Further work is needed to perform an extensive
stratified analyses for molecular and mutational status of the tumors.

Since the study was conducted over a period of 10 years, we realize
that there is heterogeneity in the treatments delivered to the patient
cohort. No association was however found between radiation dose,
cycles of chemotherapy or other treatment characteristics and patho-
logical response. Thus, we believe the data presented here remains
valid despite treatment heterogeneity. Additionally, previous studies
have investigated the influence of convolution kernels, reconstruction
algorithms and slice thickness on radiomic features for characterization
of CT lung nodules [49]. While we tried to study the effect of slice
thickness and reconstruction kernels, we did not explicitly consider the
influence of other parameters on the extracted texture features in the
work presented. A very recent study also showed that deep learning
networks may be used for mortality risk stratification based on stan-
dard-of-care CT images from NSCLC patients [50]. We hope to address
these limitations in future works. Additional multi-site independent
validation of these quantitative image-based biomarkers is warranted
for better selection of patients for a more aggressive trimodality ap-
proach.

5. Conclusion

In conclusion, our study revealed that texture and shape features
extracted from intratumoral and peritumoral region of lung tumors on
CT images can identify patients with pathological response to che-
moradiation. Our results point towards a promising role of radiomics in
complementing existing clinical and radiological information in better
patient selection, hopefully resulting in meaningful clinical benefit from
trimodality approach in locally advanced NSCLC.
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