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Abstract

Rationale and Objectives: The aim of our study was to assess the relationships

between textural features extracted from contrast enhanced (CE) and non-contrast
enhanced (NCE) computed tomography (CT) images of primary colorectal cancer
(CRC), in order to identify radiomics features more likely to provide potential
complementary information regarding outcome.

Materials and methods: Sixty-one patients with primary CRC underwent both CE-
CT and NCE-CT scans within the same acquisition. First-order and textural features
(with three different methods for grey-level discretization) were extracted from the
tumor volume in both modalities and their correlation was assessed with Spearman’s
rank correlation (rs). Significance was assessed at P<0.05 with correction for multiple
comparisons. Kaplan-Meier estimation and log-rank tests were used to identify
features associated with long term patient survival.

Results: moderate positive correlations were observed between CE-CT and NCE-CT
histogram-derived entropy (Entropynist) and area under the curve (CHauc) (rs=0.49,
P<0.001 and rs= 0.45, P<0.001, respectively). Some 2" and 3" order textural
features were found highly correlated between CE-CT and NCE-CT, such as small
zone-size emphasis (SZSE) (rs=0.729, P<0.001) and zone-size percentage (SZP)
(rs=0.770, P<0.001). Grey-levels discretization methods influenced these
correlations. A few of the third order NCE-CT and CE-CT features were significantly
associated with survival.

Conclusion: Some radiomics features with moderate correlations between non

enhanced and enhanced CT images were found to be associated with survival, thus



suggesting that complementary prognostic value may be extracted from both
modalities when available.
Keywords: colorectal cancer; computed tomography; radiomics; tumor

heterogeneity;

Introduction

Colorectal cancer (CRC) is a major public health issue, being the third most
commonly diagnosed cancer and the fourth cause of death by cancer worldwide (}).
Although the diagnosis of CRC is always based on visually guided flexible
colonoscopy, which is the only technique that provides a histopathological diagnosis,
the pretreatment assessment of the disease also involves visual analysis of

computed tomography (CT) images.

Colorectal carcinoma, the most common cancer of the gastrointestinal tract, is
characterized by marked intra-tumor genetic heterogeneity (¥). Tumor heterogeneity
may be (at least partly) quantitatively assessed on routinely acquired CT scans using
radiomics. Radiomics consists in describing a segmented tumor region using a

number of quantitative features derived from image data (**°

). Texture analysis
performed on CT images quantifies the spatial and intensity relationships between
the grey levels of voxels. A number of textural features (TFs) can be calculated that
could provide a measure of tumor heterogeneity at the imaging macroscopic scale
(®). For most of the TFs usually extracted in the radiomics workflow, there are no
clear correlations with underlying intra-tumor genetic or histopathology modifications
yet. However, it has been suggested that radiomics features extracted from

unenhanced CT (NCE-CT) may refer to the variability in tissue densities that could
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result from spatially varying fibrosis, cell density and/or necrosis (>*). Similarly, in
contrast-enhanced CT (CE-CT) images, radiomics features may be associated more
specifically with the spatial variability in microvessels density (°).

Several studies have investigated the potential clinical value of CT radiomics
features in CRC. Higher (respectively lower) values of entropy (respectively
uniformity) derived from intensity histogram calculated in various sub-volumes
obtained by filtering hepatic perfusion CT images may predict poorer survival for
CRC patients (>'?). Other radiomics features, including entropy, standard deviation
and skewness derived from intensity histograms were found to be significantly
associated with tumor grade and KRAS mutation in untreated CRC liver metastases
(*Y). CT images analysis through fractal dimension was found to provide metrics
differentiating benign from malignant metastatic lymph nodes in CRC (*3). A
radiomics signature containing 16 features derived from CT images was also found to
be correlated with the preoperative staging of CRC (*3).

The majority of CRC studies used the portal phase of CT imaging for
radiomics features analysis. In order to identify which radiomics features are likely to
potentially provide complementary information for the characterization of CRC tumors
from CE-CT compared to NCE-CT, the first step is to investigate the changes
induced by contrast administration. This can be performed by determining the levels
of correlation between features extracted from the two images. When both modalities
are available, features with low levels of correlation could be considered as
potentially complementary to quantify different patterns thus providing different
information. The second step is to investigate the usefulness of features for

predicting the outcome of patients.



The aim of our study was thus to assess the correlation relationships between
features extracted from CE-CT and NCE-CT images and their potential
complementary prognostic value. Given the relatively small cohort available, our
primary objective was to investigate the correlation between features extracted from
CE-CT and NCE-CT images and survival, not to train and validate a full multivariate
prognostic model, which will be the focus of future investigations in a larger

prospective cohort currently being recruited.

Materials and Methods

Patients cohort

This retrospective study was approved by our institutional review board and
the informed consent requirement was waived. We retrospectively collected the
clinical, histopathological and imaging data from 61 patients who were pathologically
diagnosed with colorectal cancer at our institution between January 2010 and
December 2016. There were 17 rectal and 44 colon adenocarcinoma. For all patients
localization of the tumor had been performed during colonoscopy and the tumor was
visible on the CT images. The extent (size) of the tumor (T), regional lymph node
involvement (N) and the presence or absence of distant metastases (M) was
assessed by postsurgical histopathology results and the UICC TNM classification of
colorectal tumors was used for staging (**). The survival time in months, from the

time of surgery to death or last visit, was available for all patients.



CT imaging

As part of the routine imaging protocol at our institution, patients underwent
both CE and NCE abdominal CT acquisitions carried out before surgery or previous
systemic treatment (radiotherapy/chemotherapy). The portal venous phase and NCE
CT images were exploited for the present analysis. Both CE-CT and NCE-CT were
acquired covering the same axial extent, during the same acquisition session and in
the same scanner for each patient, using the same reconstruction settings (slice
thickness and matrix size), reducing any potential misregistration issue between the
two datasets. Scans were performed on a Siemens Definition AS64 (Siemens
medical, Erlangen, Germany). Standard acquisition settings were: tube voltage 120
kVp, automatic tube current—exposure time product, 0.5 s rotation time, 1.25 mm
slice thickness, matrix size 512x512 pixels and inspiratory breath hold. Intravenous
contrast (Xenetix 350; Guebert, Roissy, France) was administered at a 3 mL/sec
injection rate with a pump injector (Medrad Stellant ; Bayer, NY). A typical set of CE-
CT and NCE-CT scans for one patient is shown in Fig.1.

Fig 1. (a-c) NCE-CT and (b-d) CE-CT images of a patient with colonic adenocarcinoma

Radiomics analysis

Only primary tumors previously identified were analyzed. The previously
validated approach exploiting the 3D Slicer™ software (*°) was used to semi-
automatically delineate morphological tumor volumes in 3D on the portal phase CT

images by an experienced specialist. Since the acquisition of both NCE and CE-CT



images was carried out during the same examination, no image registration was
necessary, and it allowed to automatically report the segmentation performed by the
expert on CE images on the associated NCE images within 3D slicer. This ensured
avoiding differences between features occurring from different segmentations shape
and volumes.

Radiomics features were extracted in 3D from the segmented volumes and
implemented in-house following the most up-to-date definitions and guidelines from
the Imaging Biomarkers Standardization Initiative (IBSI). Features values were
validated against the digital phantom values provided in the IBSI harmonization study
(*®). The usual radiomics features were considered: first order statistics consist of
measurements from the histogram of voxel intensity values contained within the
volume of interest. As such, they do not take into account spatial relationships
between voxels. Second order features are calculated from grey-level co-occurrence
matrix (GLCM) which provides a representation of relationships between neighboring
voxels, at a local scale of a given voxels and its direct neighbors. Third order features
are more complex as they characterize relationships between voxels at a regional
scale (i.e., groups of voxels of different sizes depending on the considered texture
matrix) (*"). They are calculated from the neighborhood grey-tone difference matrix
(NGTDM), the grey-level run length matrix (GLRLM) and the grey-level size zone
matrix (GLSZM). Mathematical definitions and equations for features assessed in our
study can be found in the Appendix.

Shape descriptors were not included in the analysis because the segmentation
of the tumor volumes was only performed once on the CE-CT and reported to the

NCE-CT, thus volume and shape features are exactly the same in both images. No

filter-based analysis (either textural features on wavelet decompositions (°) or



histogram-analysis in sub-volumes identified by log of Laplacian filters (**)) was
included to limit the number of considered features. The intensities in the native
images were discretized before building second and third order textural matrices. It
has been shown that this step can have a significant impact on the TFs values and
distributions (**). We chose to include the two most often used techniques (i.e. into a
fixed number of bins and into fixed bin width) for discretization, as well as histogram
equalization that was actually suggested in the princeps paper by Haralick (*°), for
completeness. Three different sets of TFs (denoted from here onwards as L, E and
R) were thus generated according to a discretization into a fixed number of bins (64)
using either a uniform distribution (L) of the original Hounsfield units (HU) (equation 1
in the appendix) or a histogram equalization (E) (equation 2 in the appendix), as well
as into a variable number of bins of fixed width (R), for instance 10 HU (equation 3 in

the appendix) (*%).

Statistical analysis

Statistical analyses were performed using IBM SPSS Statistics V 20.0.0
software (IBM Corp. Released 2011. IBM SPSS Statistics for Windows, Version 20.0.
Armonk, NY: IBM Corp.). Correlations between features were quantified using
Spearman’s rank coefficient (rs). Correction for multiple testing with the Bonferroni
method was applied and consequently a p-value<0.000641 (=0.05/78) was
considered significant. The receiver operating characteristics (ROC) curves were
generated and the optimal cutoff threshold values were determined according to
Youden’s index (*°) (supplementary material 2.) Prognostic value of each feature for
the survival was assessed using the Kaplan-Meier method and associated log-rank

test, with cut-off thresholds previously determined .



Results

Patient characteristics

There were 61 patients (40 male, 21 female), mean age 70 years (range 25-
93). According to UICC staging there were 5 stage | tumors, 3 stage Il tumors, 36
stage Il tumors and 17 stage IV tumors. Of these, 17 were in the rectum, 17 in the
left colon, 3 in the transverse colon and 24 in the right colon.
Table 1. ROC analysis and Log-rank test p-values for clinical parameters

Fig.2 Kaplan Meyer survival curve with Log Rank for Stage

Correlation and survival analysis

Clinical parameters

All available clinical and pathological parameters (age, T and M stage, UICC
stage, lymphovascular invasion) but N stage and histological grade, were found

significantly associated with survival (p-value <0.001).

First-order metrics

Table 2. Spearman rank correlation between CE and NCE-CT first order features
[after Bonferonni correction (p-value <0.000641 (=0.05/78)]

The features histogram-derived skeweness, maximum, entropy (Entropynist)
and area under the curve of the cumulative histogram (CHauc) showed moderate

positive correlations between CE-CT and CT (Entropynist rs= 0.49, AUC rs= 0.41,
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P<0.00006) (Fig 2). None of the first order features was significantly associated with
survival.

Fig 3. Entropyuist and CHayc distributions in NCE-CT and CE-CT

Second-order metrics

Table 3. Spearman rank correlation between CE and NCE-CT second order features
[after Holm-Bonferonni correction (p-value <0.000641 (=0.05/78)]

Strong correlations were found for two second order metrics, namely Inverse
difference (IDR) (rs=0.72) and inverse difference moment (IDMg) (rs= 0.74), both with
P<0.00000001. For all other second-order features, only low to moderate levels of
correlations (rs between 0.1 and 0.62) were observed.

It is important to emphasize on the impact of the discretization step for
textural features (Fig 3). For example, Inverse difference (ID), sum of square
variance (SOSV) and sum average (SAVE) exhibited much lower correlations
between CE-CT and NCE-CT when calculated after fixed-width bins discretization
(rs=0.21, 0.1 and 0.19) than after histogram equalization discretization (rs=0.72, 0.54
and 0.54). On the contrary, for entropys.cm, moderate correlations were observed
whatever the discretization method: rs=0.42, rs=0.55 and rs=0.60 for L, E and R
discretization respectively, P<0.00001.

Second order features were not significantly correlated with survival after
Bonferroni correction, despite a trend for sum entropy (SENT,), inverse difference

moment (IDMgy and Inverse difference (IDgy extracted from NCE-CT.

Fig 4. IDM (inverse difference moment) and ID (inverse difference) distribution using
different discretization approaches (L-linear, E-equalization and R-fixed-width bins)
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Third-Order Metrics

Table 3. Spearman rank correlation between CE and NCE-CT third order features
[after Holm-Bonferonni correction (p-value <0.000641 (=0.05/78)]

The features that exhibited the highest correlations between CE and NCE-CT
were Small-zone-size emphasis (SZSER) (rs=0.729), Large-zone-
size emphasis (LZSER) (rs=0.789), Zone-size percentage (ZSPgr) (rs=0.770), Zone-
size nonuniformity (ZSNUER) (rs=0.784; rs=0.709) and Gray-
level nonuniformity (GLNU) (rs=0.789). The other 3" order features exhibited low to
moderate correlations (r between 0.15 and 0.65). Correlative relationships of the
textural features Small-zone-size emphasis (SZSE) and Zone-size percentage (ZSP)
according to the different discretizations schemes (L-linear, E-equalization, R-fixed-
width bins) are illustrated in Fig.5.

Fig 5. lllustrations of correlative relationships of textural feature SZSE and ZSP on
different quantization approaches (L-linear, E-equalization, R-fixed-width bins)

Amongst third order features, several NCE-CT features [(High-gray-level-
zone emphasis
(HGLZEg ), Small-zone/high-gray emphasis (SZHGE,), Zone-size nonuniformity
(ZSNUgR), Gray-level nonuniformity (GLNU_ g)] and CE-CT features [(Small-zone
/low-gray emphasis (SZLGER), Low-gray-level-zone emphasis (LGLZE,), Low

Gray-level Run Emphasis (LGRE,)] were found to be significantly associated with

survival after correction for multiple testing.
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Kaplan-Meier survival analysis

No first or second order radiomics were found to show significantly different
survival distributions. Some CE and NCE-CT third order features were correlated with
survival (see below). Amongst those features associated with survival, two categories
can be distinguished according to their level of correlation between NCE and CE-CT..

One CE-CT feature SZLGER (rs=0.46, P<0.0001) and three NCE-CT features
ZSNUR (rs=0.70, P<0.0001) GLNU_ (rs=0.64, P<0.0001) and GLNUg (rs=0.65,
P<0.0001) correlated on Spearman analysis were found also to be associated with
survival (p<0.006). NCE-CT features HGLZEEg (rs=0.14, P<0.253). SZHGE, (rs=0.33,
P<0.009) and CE-CT features LGLZE, (rs=0.37, P<0.002); LGRE, (rs=0.31, P<0.01)
were not correlated on Spearman analysis but were found to be prognostic of survival
(p<0.006). Two moderately correlated texture features (SZLGEr and ZSNUg)
(rs=0.46, P<0.0001 and rs=0.70, P<0.0001, respectively) had significant association
with survival after Bonferroni correction (p value<0.01) for both NCE and CE-CT
(Fig.6).

Fig.6 Kaplan Meyer survival curves with Log Rank for CE and NCE-CT
features SZLGEg and ZSNUR

Some radiomics features identified as prognostic factors were however also
correlated with clinical factors. T stage was correlated with NCE-CT feature SZLGEgr
(p<0.046), M stage with NCE-CT feature SZLGEgr (p<0.009) and lymphovascular
invasion was correlated with NCE-CT feature HGLZEg (P<0.023). Histological grade,
N stage and UICC stage on the other hand were not found to be correlated to any of

the radiomics features.
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Discussion

Malignant tumors present spatial and temporal heterogeneity in their biological
characteristics and behavior. Several studies have identified radiomics features as
prognostic and predictive factors of disease and associated with treatment outcomes
(321, This study evaluated the potential complementary value of radiomics features

extracted from contrast enhanced and non-contrast enhanced CT images for

predicting the survival outcome of patients with primary colorectal tumors.

Our analysis based on Spearman’s rank correlation identified several
histogram-derived features (skewness, maximum, entropy (Entropyuist), CHauc) to
be moderately correlated between the two image modalities. Miles, et al. showed that
entropynist from CE-CT scans correlated with overall survival of colorectal liver
metastases (*?). Lubner, et al. performed also filter-based histogram analysis of
colorectal hepatic metastatic lesions on pre-treatment CE-CT scans in 77 patients
and identified entropyns: as a prognostic factor (*!). Our study failed to identify
correlations between the first order features and overall survival. This could
potentially be explained by the fact that global features extracted from the intensity
histogram characterize the distribution of the voxel intensities without taking into
consideration spatial relationships between the voxels (*). This is similar to filter-
based histogram analysis, except in the present case it is performed in the entire
tumor-volume instead of various sub-volumes determined by filtering at various

scales that may better highlight parts of the tumor with specific patterns (*%).
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Discretization is an important factor to consider for second- and third-order
texture metrics. For instance, the repeatability of features is also affected by the

discretization choices (*#?°

). In the present study, we showed the observed levels of
correlation could depend on the chosen discretization method, as the correlation
between CE and NCE-CT for several parameters (SZSE, LZSE, LGLZE, SZLGE,
LZLGE, LZHGE and ZSP) was found to be sensitive to the discretization choice.
Some of them (particularly SZSE, LGLZE and SZLGE) were also identified previously

to have poor reproducibility (%3).

In our study second-order (IDM, Inverse difference) and third-order metrics
(SZSE, ZSP), previously identified as very reliable in test-retest CT (*°) were found to
be highly correlated between contrasted and non-contrasted CT scans. This result
might be explained by the fact that texture analysis of both CE-CT and NCE-CT
images probably reflect similar cellular distribution and these correlated features are
reflecting areas of high cell density, necrosis or fibrosis, less influenced by contrast
administration. Ganeshan, et al. found significant correlations for first order histogram
features measured on CT at various scales, as well as CE-CT images, suggested

that the biological correlates for heterogeneity may not be purely vascular in nature
*")

Radiomics’ signature can be utilized as a complementary tool for the
preoperative tumor staging (*®) and has been shown to correlate with lymph nodes

metastasis in colorectal cancer (*).

In our study, Log-rank testing identified two
features (SZLGERg, ZSNUR) to be predictive for survival on both CE and NCE- CT.
Other features had prognostic power only when extracted from CE-CT (SZLGEg,
LGLZE_ LGRE.) or only from NCE-CT (ZSNUg GLNU,, GLNUgr HGLZEg SZHGE)).

Amongst these features, only some derived from NCE-CT (SZLGEgr SZLGEg,
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HGLZEg) were also correlated with usual clinical or pathological confounding
prognostic factors. The others features may therefore provide complementary
information for survival prediction.

Three categories can potentially be identified. First, highly correlated NCE-CT and
CE-CT features probably reveal the same tumor heterogeneity information. Second,
features found to be correlated on Spearman analysis but providing prognostic
information only from either NCE-CT or CE-CT. Third, NCE-CT and CE-CT texture
features that are not correlated on Spearman analysis but provide prognostic
information from both modalities. Features of the two latter categories are influenced
by contrast administration and should be investigated independently for the
construction of predictive models as they could provide complementary prognostic
information. Our results suggest that both CE-CT and NCE-CT radiomics features
might be relevant for outcome prediction and tumor heterogeneity characterization
when NCE-CT is available. In the era of precision medicine, these findings could be
used in conjunction with biological and genomics biomarkers to help identify
subgroups of patients most likely to respond to specific biologically based therapies
(30).

Our study has several limitations. Several textural features have already
shown their repeatability in other cohorts and types of cancers (**,*2,*%). We could not
perform the reproducibility evaluation in our cohort, nor could we compare their
prognostic value with that of other CT imaging modalities, since in the present cohort,
only routine CT acquisitions were available. Second, the segmentation used to define
tumor boundaries was realized by one expert only. This can limit the variability when
considering different segmentation approaches or several observers. The

segmentation tool used (3D Slicer'™) has been widely used in the past to extract
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robust quantitative image features, and has been employed for high throughput data
mining research in clinical oncology imaging (3*). For now, fully automated
segmentation of colorectal pathologies in CT is a challenging task given the tumor
complexity and low contrast with the adjacent structures. In our study, the analysis
was realized on the whole tumor volume. Ng, et al suggested that in some tumors the
largest cross-sectional area values may not be representative of the tumor as a
whole and therefore the assessment of spatial heterogeneity by texture analysis on
the whole tumor may best reflect the whole tumor information and overall patient

survival ().

Patient survival is generally related to a variety of factors, including treatment,
comorbidities, diet, etc. that were not all available for analysis. These factors may
potentially introduce bias into our results. Tumor markers such as CEA, CA 19-9 are
not evaluated systematically in France for pre or postoperative colorectal cancer
follow-up (*°). Features and clinical variables were only assessed for prognostic value
in an univariate analysis. A multivariate analysis for prognosis was out of the scope of
this work, and would require a much larger cohort split into training, validation and
testing. This will be addressed more thoroughly in a future work by using a larger

prospective cohort, which is currently being recruited.

Conclusions

Analysis of 1%-order and textural features derived from primary colorectal
tumor volume showed that most metrics are influenced by contrast administration.

Some non enhanced and contrast-enhanced CT features were found to be
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associated with survival while not being highly correlated between the two modalities,
thus suggesting that they may provide complementary prognostic value when
extracted not only from enhanced CT scans but also from non-enhanced CT scan

when available. These results will be further explored in a larger prospective study.
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Figure 1 Contrast and non contrast enhanced CT images

(a-c) NCE-CT and (b-d) CE-CT images of a patient with colonic adenocarcinoma
Figure 2 Kaplan Meyer survival curves

Kaplan Meyer survival curve with Log Rank for Stage

Figure 3 Entropynistand AUC distribution

Entropynistand AUC distribution on NCE-CT and CE-CT features

Figure 4 IDM and ID distribution

IDM (inverse difference moment) and ID (inverse difference) distribution using

different quantization approaches (L-linear, E-equalization and R-fixed-width bins)

Figure 5 SZSE and ZSP relationships

lllustrations of correlative relationships of textural feature SZSE (small-zone-size
emphasis) and ZSP (zone-size percentage) on different quantization approaches (L-
linear, E-equalization, R-fixed-width bins)

Figure 6 SZLGEg and ZSNUg survival curves

Kaplan Meyer survival curves with Log Rank for CE and NCE-CT features SZLGERgr

(small-zone/low-gray emphasis) and ZSNURg (zone-size nonuniformity)
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Table 1. ROC analysis and Log-rank test p-values for clinical parameters

AUC Log-rank
Area under the ROC curve (AUC) test p-
P value values
Age 0,665 0,0337 0,0016
T 0,724 0,0001 | <0,0001
N 0,576 0,2912 0,3464
M 0,663 0,0072 0,0002
R 0,626 0,0125 | <0,0001
Stage 0,721 0,0006 0,0013
Lymphovascular Invasion 0,67 0,0073 0,0004
Histologic Grade 0,548 0,5006 0,3167

T-tumor,M-metastasis,N-node,R-resection( RO corresponds to resection for cure or complete remission. R1 to microscopic
residual tumor, R2 to macroscopic residual tumor)




Table 2. Spearman rank correlation between CE and NCE CT first order
features [after Holm-Bonferonni correction (p-value <0.000641 (=0.05/78)]

. L. Spearman Spearman Log-rank
Features |Discretization rank. p-value NCE-CT CE-CT
correlation p-value | p-value
15t order metrics
Maximum N/A 0,434 0,00048 ns ns
Median N/A 0,264 0,04005* ns ns
[S)teavri‘gt"’i‘g‘:] N/A 0.367 |0.003653*| o
Skewness N/A 0,511 0,00003 ns ns
Kurtosis N/A 0,318 0,01250* ns ns
Entropymist N/A 0.491 0.0000580 ns ns
AUC N/A 0.413 0.0000580 ns ns

AUC- area under curve; E- equalization ID - inverse difference; L-linear discretization;; R-resampling;
ns- not significant;*-not significant after Bonferroni p-value correction



Table 3. Spearman rank correlation between CE and NCE CT second order features

[after Holm-Bonferonni correction (p-value <0.000641 (=0.05/78)]

. - Spearman Spearman Log-rank
Features Discretization rank p-value NCE-CT | CE-CT
correlation p-value p-value
2" order metrics
L 0,399 0,00145* ns ns
ASM E 0.595 0.0000004 ns ns
R 0,626 0,00000 ns ns
L 0,312 0,01435* ns ns
ContrasteLcewm E 0.555 0.0000035 ns ns
R 0,463 0,00017 ns ns
L 0,477 0,00010 ns ns
Sosv E 0.100 ns ns ns
R 0.535 0.0000089 ns ns
L 0,377 0,00277* ns ns
IDM E 0.610 0.0000002 ns ns
R 0.742 |0.0000000 0,093 ns
L 0,444 0,00034 ns ns
SAVE E 0.187 ns ns ns
R 0.543 0.0000062 ns ns
L 0,244 ns ns ns
SVAR E 0.528 0.0000120 ns ns
R 0.285 0.0260644* ns ns
L 0.434 0.0004700 0,0067 ns
SENT E 0.551 0.0000042 ns ns
R 0.411 0.0009893* ns ns
L 0.426 0.0006126* ns ns
EntropycLewm E 0.550 0.0000045 ns ns
R 0.600 0.0000003 ns ns
L 0,343 0,00680* ns ns
DVAR E 0.503 0.0000366 ns ns
R 0.423 0.0006794* ns ns
L 0.393 0.0017372* ns ns
DENT E 0.580 0.0000009 ns ns
R 0.624 0.0000001 ns ns
L 0,471 0,00013 ns ns
Autocorrelation E 0.462 0.0001797 ns ns
R 0.536 0.0000085 ns ns
o L 0,333 0,00879* ns ns
Dissimilarity
E 0.590 0.0000006 ns ns




R 0.600 0.0000003 ns ns

L 0,271 0,03485* ns ns

Prominence E 0.502 0.0000371 ns ns
R 0.362 0.0041615* ns ns

L 0,374 0,00296* ns ns

ID E 0.214 |ns ns ns

R 0.724 |0.0000000| 00532 ns

E- equalization; ID - inverse difference; L-linear discretization; R-resampling; SAVE - sum average; SENT - sum entropy; SOSV
- sum of square variance; SZSE- Small Zone Size Emphasis, LZSE- Large Zone Size Emphasis, HGLZE-High Grey Level Zone
Emphasis, SZLGE- Small Zone / Low Grey Emphasis, SZHGE- Small Zone / High Grey Emphasis, LZLGE- Large Zone / Low
Grey Emphasis, SZP- Zone Size Percentage;

ns- not significant;*-not significant after Bonferroni p-value correction; Bold values-significant correlations rs>0.7





