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ARTICLE INFO ABSTRACT

Purpose: To explore prognostic and predictive values of a novel quantitative feature set describing intra-tumor
heterogeneity in patients with lung cancer treated with concurrent and sequential chemoradiotherapy.
Methods: Longitudinal PET-CT images of 30 patients with non-small cell lung cancer were analysed. To describe
tumor cell heterogeneity, the tumors were partitioned into one to ten concentric regions depending on their
sizes, and, for each region, the change in average intensity between the two scans was calculated for PET and CT
images separately to form the proposed feature set. To validate the prognostic value of the proposed method,
radiomics analysis was performed and a combination of the proposed novel feature set and the classic radiomic
features was evaluated. A feature selection algorithm was utilized to identify the optimal features, and a linear
support vector machine was trained for the task of overall survival prediction in terms of area under the receiver
operating characteristic curve (AUROC).

Results: The proposed novel feature set was found to be prognostic and even outperformed the radiomics ap-
proach with a significant difference (AUROCsar0p = 0.90 vs. AUROC agiomic = 0.71) when feature selection was
not employed, whereas with feature selection, a combination of the novel feature set and radiomics led to the
highest prognostic values.

Conclusion: A novel feature set designed for capturing intra-tumor heterogeneity was introduced. Judging by
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their prognostic power, the proposed features have a promising potential for early survival prediction.

1. Introduction

Lung cancer is one of the most frequently diagnosed cancers. It is a
leading cause of cancer death with a global number of deaths of 1.69
million in 2015 [1,2]. The most frequent type of lung cancer (85% of all
lung cancers) is Non-Small Cell Lung Cancer (NSCLC), which is often
diagnosed in stage III and thus not suitable for surgical resection and,
instead, specific chemoradiation therapy is prescribed [3,4].

Tumor response to treatment is traditionally assessed by using size-
based criteria such as World Health Organizations (WHO) criteria or
Response Evaluation Criteria in Solid Tumors (RECIST) [5]. In this type
of analysis, measuring anatomical changes of the tumor size after
completion of the whole cycle of therapy, tumor response is categorized
in four main groups designated as complete response, partial response,
stable and progression. Nevertheless, there exist cases in which the
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tumors may not shrink significantly despite effective treatment such as
lymphoma, sarcoma, hepatomas, mesothelioma, and gastrointestinal
stromal tumor [6,7]. In addition, some chemotherapy methods may
yield tumor haemorrhage, necrosis, or cavitation which is not ne-
cessarily relevant to the tumor shrinkage. Accordingly, the changes in
morphology, function or metabolic activity of a tumor after therapy
cannot be presented accurately by using only size-based measurements
[8]. Considering the limitations of anatomical response metrics, PET
Response Criteria in Solid Tumors (PERCIST) have been proposed to
allow quantitative assessments [9]. As a multimodal imaging, 18F-
Fludeoxyglucose-PET-CT (FDG-PET-CT) is capable of quantitatively
detecting tumor glucose metabolic change and hence, is used for
treatment response assessment as early as the second week of che-
moradiotherapy cycle. To do so, PET-CT images are being utilized for
early assessment response by visual evaluations or measuring the
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changes in Standard Uptake Value (SUV) [9,10]. However, parameters
such as SUVy,,x, commonly used in this type of assessments, measure
the maximum activity within an image voxel and do not take into ac-
count the variations in the distribution of FDG uptake within the whole
tumor volume and, moreover, they are quite sensitive to image re-
solution and the level of noise [6].

Recently, numerous studies have focused on developing more ad-
vanced quantitative measurements of physiological features within the
images to capture cancer imaging phenotypes which can reflect in-
formation related to the patho-physiological properties of the tumor
[11-15]. By converting medical images into high-dimensional mineable
data and by extracting a large number of quantitative features auto-
matically/semi-automatically, radiomics offer new opportunities in
decision support, personalized and precision medicine in the field of
oncology [16-18]. However, it has been found that radiomic features
are quite sensitive to factors such as scanner settings, organ motion,
segmentation method and model overfitting [19,20]. In order to iden-
tify the radiomic features which are reproducible under the same ac-
quisition parameters, dimensionality reduction after analysis of tes-
t-retest data sets has been investigated [4,5,11,19,21].

For NSCLC, radiomics have been employed for the tasks of early
treatment assessment and overall survival as well as distant metastasis
prediction [3,8,22]. Although using only CT-based features led to re-
sults lower than 0.84 in terms of area under the receiver operating
characteristic curve (AUROC) and lower than 0.7 in terms of Con-
cordance Index (CI) [3,22-24], it has been found that adding PET
features may improve the prognostic results [6,25]. Recent studies have
postulated and, to some extent, demonstrated, that partial tumor re-
sponse to the therapy can be explained by the existence of sub-regions
within the tumor volume with different sensitivities to treatment,
giving rise to intra-tumor heterogeneity with respect to chemor-
adiosensitivity [8,26-28]. To address the challenge of quantifying the
intra-tumor heterogeneity, a longitudinal feature set, Longitudinal
Pattern (LoP), was recently proposed [29]. In that study it was hy-
pothesized that the tumor physiology and microenvironment leading to
the formation of sub-volumes with different vasculature and interstitial
fluid pressure conditions can be characterised by dividing the tumor
volume into a given number of separate zones based on the distance
from the tumor boundaries. A major limitation of such a feature set is its
arbitrary choice of the same number of zones regardless of the tumor
size which would result in thin zones that hardly differ from each other
in small tumors and thus are less well suited to represent differences
within the tumor mass. Inspired by [29] we have, in this study, taken
into account the fact that the tumor volume is different for the patients
included in the analysed cohort and generally in a clinical cohort, un-
less intentionally selected based on the tumor volume. Thus, we in-
troduced an extended version of LoP, Size-Aware Longitudinal Pattern
(SALoP), and tested it as an imaging biomarker for survival prediction
in NSCLC from PET-CT images after validation on a test-retest data set.
Fig. 1 shows a graphical illustration of the overall study design.

2. Material and methods
2.1. Patient data

The data set includes 30 patients with 31 tumors, all diagnosed with
NSCLC in stage III except three cases who were in stages I, I and IV.
This parameter was then considered as a covariate as described in
discussion section. The 15 patients in the sequential group underwent 3
cycles of cisplatin-gemcitabine before the beginning of Radiation
Therapy (RT), whereas the other 15 patients, belonging to the con-
current group, received one cycle of cisplatin-vinorelbine before RT and
2 cycles during RT. The patients in the sequential group were irradiated
with 2 fractions of 1.8 Gy per day, reaching either the tolerated normal
tissue toxicity limit or the prescribed maximum dose of 79.2 Gy. On the
other hand, a dose escalation protocol was chosen as a treatment plan
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for the patients in the concurrent group which included delivering of 30
fractions of 1.5 Gy twice per day as the first step and then 2 Gy fractions
once per day until reaching either the limit of the normal tissue toxicity
or the maximum prescribed dose of 69 Gy. A 3D conformal treatment
plan was calculated based on the International Commission on
Radiation Units and Measurements guidelines [30] and
homogeneities were corrected by employing a fast Fourier transform
convolution algorithm. Patients were irradiated with a linear accel-
erator (Elekta SL 15, Elekta Oncology Systems, United Kingdom or
Siemens Oncor, Siemens Medical Solutions, CA). Treatment verification
was performed using electronic portal imaging device measurements
[31]. Patients were imaged with a Biograph 40 PET scanner (Siemens
Medical Solution) to acquire one FDG-PET-CT scan before the begin-
ning of radiation therapy and another one with the same scanner set-
tings during the second week of radiotherapy. While planning was done
using a 4D respiration-correlated CT, a primary 3D CT was used for this
study. PET images were corrected for scatter and decay, rebinned and
reconstructed using a 2D ordered-subset expectation maximization al-
gorithm with 4 iterations and 8 subsets. Acquisition parameters were
homogeneous across patients and the injected FDG activity was calcu-
lated as 4 times the body weight in Kg plus an additional of 20 MBq
[32]. The most important clinical details of the patients can be found in
Table 1 in Supplementary Material.

in-

2.2. Image pre-processing

Prior to feature extraction, all images were pre-processed in two
steps. First, intensity normalization was performed to bring the in-
tensity levels to the same scale between the patients. PET intensities
were converted into SUV units, whereas CT intensities were converted
to Hounsfield units and then normalized by a linear transformation.
Rescale slope and intercept parameters of the linear equation were
calculated through averaging the voxel intensities inside two regions of
interest of lung air and cardiac pool. In the second step, images were
resampled to 0.98 X 0.98 X 0.98mm using a bi-cubic interpolation
function.

2.3. Tumor segmentation

The reproducibility of most of the extracted features depends to a
great extent on the segmented regions. Although most radiomics studies
have manually segmented the tumors, it has been shown that the results
have high inter-observer variability [33]. Therefore, a fast and robust
3D level set segmentation method was utilized to semi-automatically
delineate the gross tumor volume (GTV) [34,35]. An intensity-
threshold-based energy functional, along with reinitialization-free co-
herent propagation, drive the initial contour toward the target bound-
aries. The availability of blocking tools in the software helped to pre-
vent the evolving contour from leaking into nearby structures. The
accuracy of the segmentation results has been investigated by an expert
radiologist and manually refined. The segmentation process was per-
formed on CT and PET images separately and also performed on the
pre-treatment and second scans independently.

2.4. Image registration

Intra-subject image registration was performed in two steps by
aligning the CT images from the second scans to the pre-treatment
scans. First, manual CT image registration was applied on the whole
lung region by visually defining the corresponding anatomical land-
marks [36]. In the second step, automatic registration was restricted
only to the region surrounding the tumor mask to force a more precise
alignment in the tumor region [37]. Finally, PET-PET image registra-
tion was executed by applying the same transformations obtained from
corresponding CT images to the PET images. It should be noted that the
PET and CT images for each patient were intrinsically registered
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Fig. 1. Schematic illustration of the study pipeline. a) GTV was segmented in PET-CT images with a semi-automatic algorithm and 3D visualization of the tumor
volume. b) Tumor volume was divided into different regions for extracting SALoP features. ¢) Radiomic features were extracted from the tumor volume. d) Features

were analyzed to assess their prognostic values.

together during the acquisition with a hybrid PET-CT machine.

2.5. Size-Aware Longitudinal Pattern

Inspired by the feature set proposed in [29], we introduced a new
feature set, Size-Aware Longitudinal Pattern (SALoP), which aims at
quantifying the spatial and temporal variations in the structure and
function of the tumor. In this study, the volume of pre-treatment GTVs
varied from 3.21 to 236.11 cm®. To capture the heterogeneity within the
tumor, we hypothesized that the sensitivity of tumor cells to treatment
varies as a function of the distance from the tumor borders, therefore by
differentiating the tumor volume into separate regions, metabolic ac-
tivity and characteristics of tumor cells may be identified from more
homogeneous regions. Therefore, we partitioned the GTV into different
sub-regions based on their distance to the tumor borders. To compute
the SALoP, the Euclidean distance of each voxel inside the GTV from
tumor borders was calculated and then divided by the maximum dis-
tance for normalization. These distances were then divided linearly into
1-10 groups, representing the partitioned regions.

The division process was done in such a way that for every 0.5 cm of
distance from the tumor borders, one region was added. Hence, the
smallest tumor, with a radius of 0.5 cm, was considered as only one
region and the biggest tumor, with a 5 cm radius, was divided into ten
regions counting outwards, so that the tumor core was set as the first
partition and the regions adjacent to the tumor borders were assigned
as the tenth partition, as illustrated in Fig. 2. Then, by calculating the
average voxel intensity inside each sub-region, GTVs were converted
into 1-10 quantitative features. To make all the feature vectors equal in
size, a padding technique was employed, i.e., by repeating the average
intensity inside the last partitioned region (for the cases with less than
10 sub-regions), every CT and PET image for each patient was trans-
formed into a feature vector with a length of 10. The underlying hy-
pothesis behind the padding technique is the fact that the normal tissue
outside the tumor volume is homogeneous with respect to
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Fig. 2. 3D surface plot of a mid-size tumor (a) and the largest tumor in the data
set (b). The lower row depicts two cross sectional iso-surfaces of the tumor
masses that were partitioned into 5 and 10 separate sub-regions based on the
distance of the sub-regions from tumor boundaries where each sub-region is
represented by a different color. Cores of the tumors were considered as the first

region and the outermost layer as the last region. Images were magnified and
are not in real scale.

chemoradiosensitivity. Finally, the feature set for each patient was
designed by subtracting the average intensity within one partition zone
of the second scan from the corresponding one in the first scan (delta
SALoP), for PET and CT images separately. Thus, each patient was
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Prognostic values of SALoP feature set, radiomics and their combination without forward feature selection. For each case, the highest value is marked in bold. AUROC

values significantly different from 0.50 (randomness) are indicated with *.

Modality Therapy AUROC
10-Fold Leave One Out
SALoP Radiomics SALoP + SALoP Radiomics SALoP +
Radiomics Radiomics
CT Sequential 0.80" 0.73 0.90 0.87" 0.80 0.92"
Concurrent 0.66 0.51 0.51 0.70 0.49 0.50
All 0.64 0.58 0.66 0.66 0.56 0.69
PET Sequential 0.86" 0.68 0.71 0.85 0.73 0.73
Concurrent 0.80 0.61 0.63 0.80" 0.63 0.65
All 0.87" 0.62 0.63 0.86" 0.61 0.63
PET-CT Sequential 0.92" 0.68 0.69 0.94" 0.78 0.76
Concurrent 0.84" 0.63 0.65 0.83" 0.65 0.69
All 0.90" 0.63 0.69 0.90" 0.71 0.66

represented by a feature vector with a length of 20. It should be noted
that all the above-mentioned calculations were performed over the
union masks which means that separate masks from the pre-treatment
and second scans were merged together for each modality per patients,
and the SALoP was extracted from the merged union mask.

Since the longitudinal data set used in this study were acquired from
the same machine under similar acquisition parameters and radio-
therapy position, the robustness of the proposed novel feature set with
respect to the factors such as segmentation and processing method, as
well as anatomical changes was investigated. Therefore, SALoP features
were also extracted from RIDER test-retest data set [38-40] and their
reproducibility was examined.

2.6. Radiomic features

To validate the performance of the SALoP feature set, a radiomic
analysis was performed by extracting a total number of 451 3D de-
scriptors from PET-CT images. Radiomic features were extracted by
following the standard procedures recommended by the Image
Biomarker Standardization Initiative (IBSI) [41]. In specific, second
order statistics features were extracted after applying a Lloyd quanti-
zation method with a fixed number of 128 and 32 bins for PET and CT
images, respectively. All the analyses were performed on PET and CT
images with isotropic scales of 5 and 3 mm. PET images were prepared
with a square root histogram transformation as suggested in [42]. Then,
from each of PET and CT images 13 first-order statistics, 53 second-
order statistics, 18 geometric and 130 multi-scale textural features were
extracted separately by following the exact parameters and formulas as
defined in [22] which agrees with [41]. Moreover, 3 SUVs
(SUVmax,mean,peak) from PET images and 20 radio-sensitivity features as
defined in [43] were added to the feature pools. More details over the
mentioned features was presented in Table 2 in the Supplementary
Material. A union mask was generated by merging the segmentation
masks of the single-timepoint scans. The radiomic features, except for
the geometric ones, were extracted from the union mask while geo-
metric radiomics were calculated from the single-timepoint masks.
Here, we applied the Concordance Correlation Coefficient (CCC) [44]
on the RIDER test-retest data set to identify reproducible CT features. A
CCC value of 0.80 was used as a threshold for reproducibility, i.e., CT
radiomics with CCC > 0.80 were considered as stable features. Then,
two sets of features were built by extracting the radiomic features from
pre-treatment scans (F,,.) and the second scans (F.). The final radiomic
features were designed by computing the differences between the two
sets, i.e. delta features, (AF = F,. — F,.). In addition to perform the
analysis over the delta features, radiomic features from the pre-treat-
ment and second scans were analyzed separately and compared against
the SALoP features from single-timepoint scans.
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2.7. Feature selection and prediction model

Feature selection is a means to reduce the dimensionality of a large
set of features and to remove irrelevant features with respect to target
labels. In this study, feature selection was performed by using Forward
Feature Selection (FFS) [45] as a wrapper algorithm. A Linear Support
Vector Machine (LSVM) was employed as a classifier and prediction
performance was assessed with AUROC [46,47]. The process of the FFS
starts by feeding the features one by one to the LSVM and the feature
with the highest prediction performance was kept. Then, the rest of the
features were combined one after another to the retained feature and
the same procedure continued until no improvement in prediction
performance was observed. Because of the small size of input data, and
to minimize the risk of overfitting, the classification process was eval-
uated through 10-fold and Leave-One-Out (LOO) cross-validations.
Confidence intervals at the 95% level were employed to statistically test
significant differences between the computed AUROC and random
performance (AUROC = 0.50) [49]. FFS was performed 30 times for
each feature set, and the most frequently repeated features with the
highest prediction power resulted from the test data and false discovery
rate [5,48] corrected p-values below 0.05 were retained as the most
informative features. Finally, by feeding them to an LSVM, the prog-
nostic power of the proposed feature set, radiomics and their combi-
nations were examined (Tables 1 and 2). All implementations were
made on a desktop computer in MATLAB 9.2 software (©Mathworks,
Natick, MA) with an in-house developed toolbox and an open access
radiomics toolbox [42,50]. To test the statistical significance in pair-
wise comparison of SALoP and radiomics ROC curves, the method
proposed by Delong was utilized [51].

2.8. Clinical endpoints

All the patients were followed up for 2 years after the last session of
RT. The endpoint for training the machine learning model was defined
as the binary overall survival status after 2years. Specifically, the
outcome was set as positive if the patients were alive 2 years after the
therapy and negative if the patients were deceased at that time-point.
Length of the follow-up for each patient is presented in Table 1 in
Supplementary Material.

2.9. Survival analysis

Features with AUC values above 0.6 in the FFS were included in a
survival analysis, based on individual follow-up times, using Cox
Proportional Hazard Regression. For each feature significantly con-
tributing to the prediction, Kaplan-Meier curves were drawn, and a
Log-rank test performed, for the subpopulations defined by a median
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Prognostic values of SALoP feature set, radiomics and their combination with forward feature selection. For each case, the highest value is marked in bold. AUROC

values significantly different from 0.50 (randomness) are indicated with *.

Modality Therapy AUROC
10-Fold Leave One Out
SALoP Radiomics SALoP + SALoP Radiomics SALoP +
Radiomics Radiomics
CT Sequential 0.93" 0.91 0.93" 0.92" 0.76 0.95"
Concurrent 0.48 0.50 0.53 0.53 0.50 0.70
All 0.68" 0.85" 0.86" 0.71" 0.87" 0.89"
PET Sequential 0.91" 0.95 0.98 0.91" 0.97 0.99
Concurrent 0.87" 1 1 0.90" 1" 1"
All 0.88" 0.89" 0.95" 0.89" 0.87" 0.96"
PET-CT Sequential 0.92" 0.95 0.98 0.95" 0.96" 0.98
Concurrent 0.93" 1 1 0.91 1 1"
All 0.94" 0.90" 0.94" 0.95" 0.86" 0.95"

threshold [17].
3. Results
3.1. Reproducibility of Size-aware longitudinal pattern and CT radiomics

First of all, the reproducibility of the proposed feature set was
substantiated by achieving a high agreement (CCC> 0.92) when the
SALoP feature set was applied to the RIDER test-retest data set. In ad-
dition, by applying the test-retest analysis on radiomics, 47 percent of
all CT radiomic features was identified as stable and reproducible fea-
tures, and the remaining 53 percent was removed from the feature
pools. The results are presented in Table 2 in Supplementary Material.

3.2. Size-aware longitudinal pattern and longitudinal pattern

Partitioning the tumor into separate sub-regions based on the tumor
size contributed to a remarkable improvement in prognostic values in
most of the experiments. In fact, without applying FFS, the overall
survival prediction power in all the PET-CT images was improved from
AUROC;,p = 0.85 to AUROCsa10p = 0.90. This improvement was also
observed with the FFS method, where the survival prediction for all the
PET-CT images was enhanced from AUROC;,p =0.92 to
AUROCsa10p = 0.95. Moreover, with FFS, prognostic values of SALoP
outperformed LoP in concurrent therapy for PET and PET-CT images,
and in sequential therapy for CT images. These improvements were
observed with both the 10-fold and LOO cross-validation methods. On
the other hand, the LoP method with FFS resulted in higher prediction
values in sequential therapy for PET and PET-CT images and in con-
current therapy for CT images.

3.3. Size-aware longitudinal pattern, radiomics and their combination

Comparing the results between SALoP feature set and radiomics,
one can observe that the novel proposed feature set outperformed the
radiomics significantly when prediction was done without feature se-
lection (Table 1). Dimensionality reduction with FFS in delta radiomics
resulted in 12 features from PET, 15 features from CT, and 11 features
from PET-CT images; however, only 2 features from PET, 3 from CT and
3 from PET-CT delta SALoP feature sets were selected. More details over
the prognostic radiomics and the selected features for all the experi-
ments can be found in Table 3 at Supplementary Material. Feeding the
prediction model with selected features, radiomics performed slightly
better than SALoP in most of the cases, whereas the combination of
SALoP and radiomics rendered the highest values of prediction power
(Table 2). The statistical significance in pairwise comparison of SALoP
and radiomics ROC curves is given in Table 4 (Supplementary Material)
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in terms of p-values.
3.4. Size-aware longitudinal pattern and imaging modality

Comparing the PET images with CT images in terms of SALoP pre-
diction values, it can be noted that PET-based features have higher
prognostic values than CT-based features, both with and without FFS,
except for the case of sequential therapy where prediction scores of CT
features were slightly higher than PET features. In addition, the highest
prediction scores of SALoP set were obtained by combining PET and CT
features together. The same trend can be observed for the radiomic
approach without FFS and with 10-fold cross validation FFS; however,
no clear pattern was found in FFS along with the LOO algorithm.
Surprisingly, the combined PET features of SALoP and radiomic, with
FFS, not only outperformed combined CT features of SALoP and
radiomic, but also resulted in a slightly higher prediction power than
the corresponding PET-CT features.

3.5. Single-timepoint analysis

Tables 5 and 6 in Supplementary Material show the average AUROC
values, along with their standard deviations, resulting from performing
the whole experiments for the single-timepoint scans, i.e. SALoP and
radiomic features from the pretreatment and second scans were ana-
lyzed separately. It should be noted that the performance of the model
with the LOO method, when feature selection is not applied will result
in exactly similar values, so that no variation can be observed
(Supplementary Material, Table 5 LOO column). It can be seen that for
all the SALoP, radiomics and their combinations, features extracted
from the separate scans resulted in lower prediction values than the
delta features, except the case of CT radiomics without FFS, where the
pretreatment features outperformed the delta features.

In addition, compared to the radiobiological descriptors which were
performed on 29 out of the 31 datasets (because of unavailability of all
dose maps) [43], PET-CT SALoP features performed better, improving
the prognostic values of sequential therapy from 0.81 to 0.95, whereas
for the concurrent therapy radiobiological features resulted in higher
prediction values 0.96 vs. 0.91.

3.6. Size-aware longitudinal pattern, radiomics and survival analysis

The overall parameters and coefficients of the fitted Cox regression
model are presented in Tables 7 and 8 (Supplementary Material). The
results indicated that the selected delta and pre-treatment features for
both of the SALoP and radiomics were significantly related to survival
time. While two delta SALoP features contributed significantly to the
model prediction, only one feature was identified for single-timepoint
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SALoP sets. Kaplan-Meier curves of the median-thresholded features
(Figs. 1-3 Supplementary Material) show significant differences in
survival for seven of the delta and single-timepoint features, both in the
SALoP and the radiomics set.

4. Discussion

The main objective of this study has been to develop a new phy-
siologically meaningful feature set that is capable of capturing intra-
tumor heterogeneity based on the properties of CT and PET images. To
this end, we partitioned each tumor into separate sub-regions and from
each zone, mean intensity changes for PET and CT images respectively
was utilized as a quantitative feature to describe physiological traits of
distinct parts of the tumors, such as variations in metabolic activity and
oxygenation, as well as tissue inflammation. Since remarkable intensity
variation inside each of the sub-regions was not observed, we could
infer that tumor properties were homologous in partitioned regions. In
contrast, the LoP method [29] divided every tumor into 10 zones re-
gardless of the tumor size; thus for tumors with small sizes, several
separate regions would be produced with the same physiological
properties that does not properly reflect distinct characteristics and
therefore would not be able to accurately discriminate between het-
erogeneous regions.

Performing FFS on delta SALoP features, inner layers were identi-
fied as prognostic features in PET images while for CT images features
combining inner and outer layers represented more prognostic values.
Although this behavior was not exactly the same in single-timepoint
scans, the combination of PET-CT SALoP resulted in a similar trend for
all the delta and single-timepoint features, i.e., the second inner layer of
CT, the third inner layer of PET as well as either the first or the second
inner layers of PET images were selected as the most informative fea-
tures. On the other hand, in delta LoP feature set, the most informative
CT features were the first, third, and tenth layers, while only the third
layer was identified for PET images. Therefore, although the selected
features in SALoP and LoP were not exactly similar, they indicated the
same behavior. In other words, in PET images the sub-regions closer to
the tumor core and in CT images the combination of subregions closer
to the core and tumor boundaries were most prognostic.

A contrary behaviour distinguished between SALoP and LoP
methods on sequential and concurrent therapies with FFS. In fact, PET
and PET-CT SALoP features from concurrent therapy outperformed the
same ones from LoP, as the selected SALoP features from the concurrent
therapy had the highest similarity with those observed for the combi-
nation of sequential and concurrent therapies. On the other hand, the
selected PET and PET-CT LoP features from concurrent therapy were
slightly inconsistent with the selected ones resulting from the combi-
nation of the two therapies. The same trend was also detected for se-
lected CT features in sequential therapy. Accordingly, whenever the
selected features from separate therapies complied with the ones from
the combination of the two therapies, SALoP method outperformed LoP
and vice versa.

Another advantage of the proposed method is the limited number of
extracted features, i.e. each tumor volume was translated into 20 fea-
tures or only about 4% of the size of radiomic features. Despite the
small size of the SALoP feature set, prognostic values outperformed the
radiomics results in all the cases when FFS was not applied. It can be
seen that without FFS, the prediction power (AUROC) of radiomic
features was in the range between 0.63 and 0.71 for all the PET-CT
images, while the same values for the SALoP method lay around 0.90,
i.e. a substantial improvement. This implies that each partition of the
tumor has its own specific properties that are captured well by the
proposed method and the combination of different partitions together
represents the diversity inside the tumors effectively. Besides, by using
FFS, the prediction results of SALoP features were still close to those of
radiomics. Applying FFS resulted in an improvement of almost 27
percent (0.63-0.90) in prognostic power of radiomic features and 5
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percent (0.90-0.95) for the proposed method (for PET-CT images with
LOO cross validation). This means that large numbers of radiomic
features were either redundant or lacking informative value, whereas
the SALoP features hold a similar informative content. Accordingly, it
can be inferred that partitioning a tumor volume into sub-regions based
on the similarity of the distances to the tumor borders has a potential to
reflect the tumor phenotypes regardless of whether feature selection
was applied or not. Besides that, the improved prediction power re-
sulting from the combination of SALoP and radiomics suggests that
these features might be complementary. In fact, SALoP features reflect,
to some extent, both geometric properties and first order statistics,
which are two major radiomic feature families. Furthermore, adding
PET features to the CT features may help to better capture early therapy
response when the detectable anatomical changes in CT images are not
evident, so that analyzing the metabolic changes in tumor region
measured from PET images would be beneficial. This was observed in
the SALoP feature set when the delta PET features combined with delta
CTs in FFS yielded an improvement in prediction power. This result is
also in agreement with other studies [6,52].

Analyzing the pre-treatment and second scans separately reveals the
fact that for the SALoP features, either with or without FFS, the pre-
diction power of the PET and PET-CT images was decreased in the
second scan; however, CT-based features of the second scan were more
prognostic. It can also be seen that pre-treatment scans have more
prognostic values than the second scans in the combined SALoP and
radiomic feature set. Compared to a recently proposed intra-tumor
partitioning method [28], the prediction power of the pretreatment
PET-CT SALoP outperformed a more complicated partitioning method
(0.80 = 0.15vs. 0.75). Moreover, compared to delta features, it can be
understood that investigating the single timepoint features yielded
lower values of prediction scores with SALoP, radiomics and their
combinations except the case of CT radiomics without FFS. This could
be related to the LSVM model struggling in solving the problem with so
many features that again highlights the importance of dimensionality
reduction.

Applying the FFS along with cross-validation on radiomics and the
combination of SALoP and radiomic features minimized the risk of
overfitting problem. The selected radiomic features were consistent
with the prognostic radiomics which were reported in other studies on
NSCLC. In specific, 9 of the selected CT radiomics and 5 of the selected
PET radiomics were reported by other authors as prognostic radiomic
features [3,17,53-57]. In addition, almost half of the selected features
were belong to textural radiomics which agreed with the findings by
other studies that texture features hold high prognostic values for
predicting tumor response to the therapy [53,58-61]. Although tumor
volume was not selected as a prognostic feature from geometric
radiomics neither for PET nor for CT images, it should be noted that
SALoP feature set was designed based on the tumor volume as the
number of the tumor sub-regions directly depends on the tumor size.
Therefore, it cannot be excluded that tumor volume could still play an
important role in the evaluation of tumor response to therapy. Fur-
thermore, removing the unstable features that were identified from the
test-retest analysis led to a remarkable improvement in the prediction
values comparing to the result of the recent study on the same data set
where stability test was not performed [29]; in fact, the AUROC values
on PET-CT images increased from 0.60 (concurrent therapy) and 0.88
(sequential therapy) to 1 and 0.96 respectively. It also worth men-
tioning that extracting a large number of features from a relatively
small data set without feature selection increases the risk of over-
training. However, removing almost 53 percent of non-reproducible CT
radiomics from the feature pools, and performing the analyses with
LOO and 10-fold cross validations after precisely investigating the
training and validation losses, assured us that the reported results were
not overfitted.

The high reproducibility suggests that the SALoP feature set has the
potential to distinguish slight differences between different tumor
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phenotypes so that the SALoP feature set may yield non-redundant and
stable results. Moreover, the reproducible radiomic features identified
in this study agreed with the results from other studies on the same test-
retest dataset [5,11,19]. Thus, the utilized pre-processing steps as well
as segmentation method seem to be reliable for imaging biomarker
analysis purposes. It should also be noted that tumor stages were also
added to the feature pools as an additional feature; however, it did not
change the results neither with FFS nor without it. Finally, the overall
prediction power achieved by the proposed feature set in this study is
comparable to other studies [17,46,62], though they utilized different
data sets.

It is noticeable that although the training of the machine learning
model (LSVM) was based on survival at one single-timepoint (after two
years), some of the selected features from LSVM, were then able to
predict individual survival times. In fact, a SALoP signature with 2
features and radiomics signature with 4 features resulted in significant
Cox Proportional Hazard Regression models. Although we used a re-
latively low threshold value (AUROC> 0.6) for features to be included
in the Cox model, the identified significant features were among the
prognostic features resulted from LSVM. In specific, in the SALOP set,
the layers closer to the tumor core, the second and third layers of PET
and CT images, were significantly contributed to the model prediction.
For delta SALoP, the features with the values lower than the median
threshold and for the pre-treatment and second scan SALoP, features
with values above the median resulted in higher survival rates.
Moreover, the non-significant split of Kaplan-Meier curves over half of
the identified significant features, could be related to the small size of
the data set.

Although the achieved results of this study are encouraging, there
still exist certain limitations. First, the proposed partitioning method is
based only on tumor geometry, i.e., distance from the tumor border,
and does not contain other tumor characteristics. Future work should
therefore tackle this shortcoming by partitioning the tumor into sub-
regions based on more sophisticated criteria such as advanced clus-
tering or SUV variations and extracting the radiomic features from sub-
regions instead of the whole tumor mass. Second, generalization of the
proposed method would further strengthen if more longitudinal PET-CT
NSCLC data were available. Third, the stability of the features was
examined on an external CT test-retest data set. Although two PET scans
from patients within a short time interval are not commonly available,
it is necessary to investigate the PET features reproducibility on such
data set. Finally, the size of the patient material is admittedly rather
small. Therefore, the capability of the proposed SALoP feature set for
describing the intra-tumor heterogeneity should be investigated in fu-
ture studies, including larger numbers of patients as well as other types
of cancers.

5. Conclusions

This study investigated the early survival prediction of NSCLC in
repeated PET-CT images by further developing a novel, easily inter-
pretable, quantitative feature set which was capable of describing intra-
tumor heterogeneity. Stability of the proposed feature set was validated
on an external test-retest data set. Comparing the prognostic results of
the proposed features with the radiomic approach, the prediction power
of proposed feature set makes it promising as an imaging biomarker.
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