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ABSTRACT

BACKGROUND

Pulmonary nodules are a frequent incidental finding on thoracic CT scans,
observed in approximately 30-50% of adult scans and 0.2% of chest radiographs.
While most pulmonary nodules stem from previous infections or benign causes, their
clinical significance varies based on size, growth rate, and malignancy potential.
Small nodules typically follow a benign course and require no intervention, whereas
larger or suspicious nodules necessitate histopathological evaluation to exclude
malignancy (Swensen et al., 2000).

The diagnostic challenge posed by pulmonary nodules is significant due to
overlapping imaging features between benign and malignant lesions, variations in
nodule characteristics over time, and limitations of imaging modalities in detecting
small or subtle lesions. Conventional imaging relies on visual interpretation of
descriptive parameters such as size, shape, and borders, but these subjective
assessments are prone to inter- and intra-observer variability, leading to potential
misdiagnosis (McWilliams et al., 2013).

Radiomics, an emerging field, offers a promising solution by extracting a
plethora of quantitative features from medical images. This data-driven approach aims
to enhance diagnostic accuracy, prognosis, and therapy response predictions.
Radiomics transforms standard medical images into high-dimensional data, capturing
details about pixel intensity distributions, texture patterns, and spatial relationships
within the imaged tissue that are not discernible by visual inspection alone (Aerts et

al., 2014).
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In the context of pulmonary nodules, several studies have demonstrated the
potential of radiomics in pulmonary nodule evaluation. For instance, Hawkins et al.
(2016) showed that machine learning models incorporating radiomic features
achieved sensitivities of up to 90% and specificities of 85% in distinguishing
malignant from benign nodules. Additionally, McWilliams et al. (2013) developed a
risk prediction model based on nodule characteristics, patient demographics, and
smoking history, providing valuable insights into the likelihood of malignancy in
early-stage nodules.

Radiomics represents a paradigm shift in medical imaging, transforming
conventional images into high-dimensional data that reveal detailed tissue
characteristics. The extraction and analysis of quantitative imaging features allow for
a comprehensive evaluation of pulmonary nodules beyond what is discernible through
traditional visual inspection.

By examining features related to texture, shape, and intensity, radiomics
provides an in-depth understanding of the nodule's biological behavior. This research
aims to harness the full potential of radiomics, emphasizing its role in differentiating
between benign and malignant nodules with greater precision.

The objective of this study is to use IBEX, a radiomics based open-source
software for the evaluation and qualitative assessment of pulmonary nodules on high
resolution chest tomography over a period of one year
OBJECTIVES

The primary objective of this research is to explore and validate the use of
radiomics in the evaluation and qualitative assessment of pulmonary nodules through
the utilization of the Imaging Biomarker Explorer (IBEX), an open-source radiomics

software.
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This study is based on IBEX, a robust and versatile platform for radiomic
analysis. IBEX facilitates the extraction, quantification, and visualization of complex
imaging data, making it an ideal tool for this research. The objective is to leverage
IBEX to analyze various radiomic features of pulmonary nodules, providing a
detailed and objective assessment.

This study aims to discuss the principles of radiomics, methodologies for
feature extraction and analysis, current advancements, and emerging trends, as well as
future directions and challenges in the field.

In summary, this study seeks to advance the field of radiomics in the
evaluation of pulmonary nodules, leveraging the capabilities of IBEX to enhance
diagnostic and prognostic accuracy, streamline clinical workflows, and contribute to
precision medicine.

MATERIALS & METHODS:

The study will employ a 128-slice Computed Tomography Revolution EVO
Wipro (GE Healthcare USA) machine. All patients referred to the radiology
department will undergo a standard high-resolution computed tomography scan of the
thorax. The scans will be thoroughly evaluated for pulmonary nodules, and all
findings will be systematically recorded and analyzed. Informed consent will be
obtained from all participants before their inclusion in the study.

Radiomic analysis will be performed using IBEX. DICOM files will be
imported into IBEX, radiomic features extracted and visualized through histograms
and scatter plots. Subsequently, statistical analysis will be conducted to identify
features correlated with nodule malignancy. The analysis results will be exported and

compiled into a detailed report in Excel or CSV format.



EXAMPLE WORKFLOW

Import DICOM Files: Navigate to the import or load section in IBEX and load
DICOM files of lung CT scans into IBEX.

Perform segmentation to outline lung nodules i.e. establishing region of interest
Select radiomic features like texture and shape for extraction.

Extract features and visualize the data using histograms and scatter plots.

Export the analysis results as an excel/ csv file.

Validate the findings through cross-validation

RESULTS:

The study focuses on the application of radiomics to the evaluation of
pulmonary nodules using the Imaging Biomarker Explorer (IBEX) to derive
comprehensive radiomic features extracted from computed tomography (CT) scans,
offering insights into the quantitative characterization of pulmonary nodules. This
section presents the findings and statistical outcomes derived from the data.

The observed bimodal and multimodal patterns in Surface Area, Volume, and
Kurtosis suggest distinct subpopulations within the dataset, likely due to varied data
collection methods or inherent attribute variability. The left-skewed distributions for
F4-IntensityDirect and F5-IntensityDirect indicate a predominance of lower intensity
values, reflecting specific sample traits that warrant further investigation for deeper
insights.

Correlation heatmaps show moderate relationships among certain intensity
measures, implying potential interactions, but the generally weak correlations suggest
overall independence among these measures due to diverse influencing factors or

measurement conditions. Box plots and density plots reveal significant variability in



Global Entropy, Kurtosis, and Skewness, indicating a diverse dataset with a wide
range of characteristics. Analysis of energy and correlation measures across various
angles highlights unique directional properties, suggesting further investigation into
these specific patterns. To better understand the underlying patterns and relationships,
cluster analysis techniques could identify distinct subgroups within the data, revealing
latent structures.

DISCUSSION

Radiomics extracts numerous quantitative features from medical images,
offering detailed tissue characterization not visible through traditional methods. In
pulmonary nodules, these features act as biomarkers for predicting malignancy,
assessing treatment response, and forecasting outcomes. This method identifies subtle
patterns and heterogeneities crucial for distinguishing between benign and malignant
nodules.

Traditional imaging focuses on size, shape, and border characteristics, which
are subjective and often fail to capture tumor heterogeneity. Radiomics addresses this
by providing a comprehensive, objective assessment through quantitative analysis.

Clinically, radiomics enhances the management of pulmonary nodules by
facilitating early and accurate diagnosis, timely intervention, and personalized
treatment planning, thus improving patient outcomes and reducing unnecessary
procedures.

Radiomics is transformative in pulmonary nodule evaluation, utilizing
platforms like IBEX to enable detailed data analysis, fostering innovation, and
improving precision medicine. It integrates clinical and molecular data to advance

patient care.
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In conclusion, radiomics through IBEX enhances diagnostic accuracy and
personalized treatment. Continued research and collaboration are crucial to fully

realize its potential in clinical practice.
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INTRODUCTION

Pulmonary nodules are a common incidental findingz@ scans of the thorax,
in approximately 30-50% of adult CT scans and 0dt%hest radiographs. (1)

The majority of pulmonary nodules are the resulbldf infections, scar tissue,
or secondary to other asymptomatic causes, whitbwfoa benign course. The
clinical implications depend on size, rate of grovand probability of malignant
transformation. Small nodules are usually benigd sequire no intervention, larger
nodules or those with concerning features warratbpathological diagnosis to rule
out malignancy. (2)

In their study Swensen et al., 2000 (3) developedl walidated a predictive
model to estimate the probability of malignancysaiitary pulmonary nodules based
on clinical and radiographic features. Another gtbg McWilliams, A., et al. (2013)
(3) assessed the likelihood of malignancy in pulawgmodules detected during initial
screening CT scans based on nodule characterigismsent demographics, and
smoking history, providing insights into probalyilibf malignancy in early-stage
nodules, particularly among high-risk individuals

The diagnosis of pulmonary nodules can be challengiue to overlapping
imaging features between benign and malignantriesi@mporal variability in nodule
and the poor performance of conventional imaginglatitbes to detect small or subtle
lesions.

Conventional imaging techniques relies on visutérpretation of descriptive
parameters (quantitative parameters) such as simme, nature of extent, borders,

positional relationship to surrounding tissue, amethtive vascularity of a lesion.
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However, these subjective assessments can suffer liarge inter & intra-observer
variability.

Conventional imaging technigues based on quanttaparameters have
limited sensitivity and specificity, leading to wuessary interventions or missed
diagnoses. Hence, it is imperative to adopt moreadlve methods for evaluating
pulmonary nodules. This necessity arises from imgtdtions of current subjective
approaches, which can lead to significant varigbihh assessment and diagnosis. By
integrating objective techniques, we can enhaneeatcuracy and consistency of

pulmonary nodule evaluation, ultimately improvirgtipnt outcomes.

Additionally in oncology imaging, the critical imphtions of tumor
heterogeneity are often overlooked, despite itsifcgnt impact for diagnosis and
treatment. Tumor heterogeneity describes the observthat different tumor cells
within the same patient can exhibit distinct morplgecal and phenotypic profiles,
including variations in cellular morphology, genepeession, metabolism, motility,

proliferation, and metastatic potential. (5)

Tumor heterogeneity suggests that different regioitkin a single tumor, as
well as different tumors in the same patient camowslsubstantial differences.
Consequently, random samples of tumor tissues radaihrough invasive biopsy for
molecular characterization may fail to accuratelgresent the full extent of biological
variation within tumors(7) On the other hand, the entire tumor can be sampbed

invasively and repeatedly with medical imaging.
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Additionally, tumor variability can significantlyffect how tumors respond to
treatments and influence patient outcomes. Thendlasion of data on heterogeneity
measures can be used to identify longitudinal seindthe development of disease,
develop novel targeted therapies and predict @lroatcomes.

Furthermore, there is comprehensive literary ewdeindicating that medical
images contain detailed information on phenotypattgyns, which explain the
underlying molecular and genetic biology of tumadrbese qualitative aspects extend
beyond the limited parameters currently used imadil practice(8-10)

Thus, there is an imperative need for a combinegtageh that optimally
utilizes both qualitative and quantitative featumedracted from medical images,
which can be achieved through the application dfiamics. This fusion of
methodologies can lead to a more comprehensiverstateling and management of

tumor heterogeneity.

RADIOMICS

Radiomics enables the characterization of tissopasties that may otherwise
not be discernible by visual inspection alone. Bamcs aims to transform medical
images into mineable data by extraction and amalgbquantitative imaging features
from medical images for the purpose of diseasendisig, prognosis, and treatment
response prediction. These imaging features caphicemation about the spatial
distribution of pixel intensities, texture patterrshape characteristics, and spatial
relationships within the imaged tissue.

Radiomics has been extensively investigated andlated across multiple

domains of medicine. In the field of oncology, @adics has been extensively studied
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in oncology for tumor characterization, predictiaf treatment response, and
prognostication.

(Kumar et al., 201Rhave showed that radiomics can help in monitothmgy
response to therapies such as chemotherapy, radiph and immunotherapy by
analyzing changes in imaging features over time. (B@r example, radiomics features
have been used to predict the aggressiveness @iclumcer and patient survival in the
study by (Hawkins et al., 2016) (5).

In cardiology, (Li et al., 2021) have explored thse of radiomics in the
assessment of myocardial tissue characteristiedigiton of cardiac events, and
evaluation of treatment outcomes in diseases ssi¢teart failure and coronary artery
disease (13).

In neurology, radiomics has been tested for difféation of brain tumor
subtypes, prediction of treatment response in Ggibma, and the assessment of
neurological diseases such as Alzheimer's and pleikiclerosis (14)

The field of radiomics has seen significant advammets due to the
development of specialized software platforms. €hte®ls are designed to facilitate
the analysis and visualize complex imaging datapkmg researchers and clinicians to
identify and quantify patterns that may not be @istble through conventional
methods. Among the numerous radiomics platformsilabla IBEX, 3D Slicer,
PyRadiomics, CaPTk, LIFEx, Radiomics.io, ITK-SNARvR gained considerable
popularity within the medical imaging community.

These platforms are open-source, making them fraetessible for use and
modification. This openness fosters a collaboratemvironment that promotes

innovation and development in radiomics.
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IMAGING BIOMARKER EXPLORER

The Imaging Biomarker Explorer (IBEX) is a spedati tool or platform
designed to facilitate the identification, analysignd exploration of imaging
biomarkers. Imaging biomarkers are quantitativeicatrs derived from medical
images that can be used to assess biological mesepathological changes, or

responses to therapy.

IBEX integrates various types of imaging data (®RIl, PET) and associated
clinical data, providing a comprehensive platforor fbiomarker discovery and
validation. The platform typically includes toolerfextracting quantitative features
from medical images, such as texture, shape, atahsity metrics. It allows for
advanced visualization capabilities, allowing reskars to explore and interpret the
extracted features and their correlations withicihoutcomes. It also includes built-in
statistical and machine learning tools to analyse éxtracted features, helping to
identify significant biomarkers and their assoca$ with disease states or treatment

responses.

IBEX WORKFLOW:

The workflow of radiomics encompasses several keyss each crucial for the
extraction of quantitative data from medical imagesl the subsequent analysis to

derive clinically relevant insights.
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Image Acquisition:

The process begins with the acquisition of medicelging data, such as CT
scans, MRI, PET scans, or others, depending ortlthieal indication and modality

availability.

I mage Preprocessing:

Preprocessing is essential to standardize imagdscarrect for variations
introduced during acquisition, ensuring uniformaiyross datasets.

Common preprocessing steps include noise redudtitensity normalization,
spatial resampling, and image registration to aligages from different time points or

modalities.

Region of Interest (ROIl) Segmentation:

ROI segmentation involves delineating the regiomtdrest within the medical
image that corresponds to the pathology or anatretoucture of interest.
Manual or automated segmentation techniques mayripdoyed, depending on

the complexity of the region and the available ool

Featur e Extraction:

A wide range of imaging features can be extractednfpulmonary nodule
images using radiomics analysis. These featureturgapnformation about nodule
intensity, texture, shape, and spatial relatiorshiphich are potentially relevant for
distinguishing between benign and malignant nodules

Shape features quantify geometric properties ofntb@ule, such as volume,

surface area, sphericity, and irregularity.
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Texture features capture spatial patterns andioakitips between adjacent
pixels, including entropy, energy, contrast, honmaity, and correlation.
Intensity-based features describe the distribubibpixel intensities within the

ROI, such as mean, median, standard deviation,rsk&sy and kurtosis.

Spatial features capture spatial relationshipsiatetactions between different
regions within the nodule, such as distance-basatufes, neighborhood intensity

difference features, and fractal-based features.

The detailed descriptions of the feature sets uséus study are provided below.

GREY LEVEL COOCURRENCE MATRIX
The Gray Level Co-occurrence Matrix (GLCM) is atistacal approach to
analyze texture for pattern recognition for medicahging. The GLCM examines the

spatial relationship between pixels and derivesouartexture features describing the
image's characteristics (4,15). Several fregrewed studies have demonstrated a high

correlation between GLCM (Gray Level Co-occurrerMatrix) analysis based on
computed tomography (CT) and the identificationn@dlignant pulmonary nodules
which highlight the effectiveness of GLCM in digjinshing malignant nodules from
benign ones by analyzing texture features. Theyspudblished by (15) evaluated the
diagnostic value of artificial intelligence (Al) nined with GLCM-based texture
analysis for distinguishing between benign and gmant pulmonary nodules. The
study found that Al models, which included GLCM tig@s, had a sensitivity of
94.69% in detecting pulmonary nodules, outperfogriraditional physician readings

which had a sensitivity of 85.40%.
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The GLCM is a matrix where the number of rows aallimins corresponds to
the number of gray levels (intensities) in the imagach element of the matrix (i,j)(i,
)(,j) indicates the frequency with which two plge separated by a specific spatial
relationship (defined by distance and angle), owedgtlr gray levels iii and jjj.

The steps involved to construct a GLCM include difeing the image to
reduce the number of grey levels, define parameteosit distance and direction (e.g.,
0°, 45°, 90°, 135°) of spatial relationship, folledvby estimating the frequencies for
each pair of pixel values at a given distance arettion.

Few examples of the features extracted from GLCMute — Contrast,

Correlation, Energy.

CONTRAST

Contrast is a measure that computes the localtiargin the GLCM. Contrast
as a feature can extract information at varioustresh levels, namely low contrast
images wherein the differences between gray leassminimal. Medium contrast
images have more noticeable differences in grayelsevn which contrast and
correlation features can be effectively used tatidie patterns and structures and high
contrast images have significant differences betmgray levels wherein features like
contrast and energy become more prominent as tlyhfight sharp variations and
edges (15).

Aerts et al. (2014) demonstrated the utility of ttast features in non-invasive
tumor characterization, highlighting their roledistinguishing malignant from benign
nodules with high accuracy. Their study indicatledt tcontrast features, as part of a
comprehensive radiomic analysis, could significantimprove diagnostic

workflows(4).

Page 8



| ntroduction

It is calculated using the formula
Contrast3i,j(i—))2P(i,j)\text{Contrast} = \sum_{i,j} (i - jy*2 P(i, j),
Contrast=i} (i—))2P(i,))
CORRELATION

Measures the degree to which a pixel is correlaiets neighbor. Lambin et al.
(2015) provided a comprehensive overview of radesnemphasizing the importance
of correlation features in understanding the hegeneity of lung tumors(16).1t is

calculated by:

i Correlation3i,j(i— pi)(j— w)P(i,j)oicj\text{Correlation} = \frac{\sum_{i,j} i
i (i - \mu_i)(j - \mu_j) P(i, )H\sigma_i \sigma_j}@rrelationwicj>i,j(i —ui i

)(—wj)P(i.j)

ENERGY:

Represents the sum of squared elements in the GL&bf known as
uniformity or the angular second moment (4). (Kureiaal. 2015) focused on the role
of energy features in the comprehensive charaet@iz of lung tumors. Their study
underscored the potential of energy features inrawipg the precision of radiomic

analyses and supporting personalized treatmenégies (17). It is calculated by:

ey
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BUSYNESS

Busyness is a texture feature derived from Neighensity Difference (NID)
matrices. It quantifies the rate of change of istgnbetween neighboring pixels and
provides an indication of the local variability loeterogeneity of the image, capturing
the complexity of the texture. Busyness indicates heterogeneity within a tumor,
often linked to its aggressiveness. Higher busywelises suggest greater complexity
and variability within the tissue texture, whichreates with increased risk of
malignancy. It is calculated using the NGTDM, whiobmpares the gray level of a
pixel to the average gray level of its neighbors

To calculate busyness, a neighborhood around eaehip defined, typically
using a fixed-size window (e.g., 3x3 or 5x5) ceatkon each pixel following which
difference between its gray level and the averag®y devel of its surrounding

neighbors is determined using:

d@, j) = 1qi, j) - \bar{I}(i, ) ]

Where I(i,j)I(i, j)I(i,)) is the gray level of theixel at position (i,j)(i, j)(i,}) and

I7(i,p)\bar{1}(, ! ~(i,j) is the average gray level of its neighbors.

Subsequently NGTDM is constructed where elemenessmts the sum of the
absolute differences for a particular gray levéhaRy, busyness of a pixel of interest

can be estimated using the formula

{Busyness} = \frac{\sum_{i=1}{N} \sum_{j=1}{N} |1 (i, j) - \bar{l}(,

DIH\sum_{i=1)G} P(i) \times N} ]

Here, NNN is the total number of pixels, GGG is thember of gray levels, and

P(@)P(i)P(i) is the number of pixels with gray léve
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COARSENESS

Coarseness is a texture feature derived from Neighttensity Difference
(NID) matrices. It quantifies the level of spatiariation in pixel intensity values
within an image i.e. it measures the granularityhef texture, indicating how smooth
or rough an image appears.

Coarseness helps in analyzing the texture of tumefdch often exhibit
different textural properties compared to normasues. By quantifying coarseness,
radiologists can gain insights into the natureheftumor (19).

Malignant tumors may have a more heterogeneous@ade texture compared
to benign tumors or healthy tissue (20). A highrseaess value corresponds to a
smoother texture while a low coarseness value atesc a rougher texture with
frequent intensity changes.

Changes in the coarseness value can indicatetaitesan the tumor's texture,
which linearly correlates with the treatment eftiga(8). Studies have shown that
texture features, including coarseness, are agedcvwith patient outcomes. Tumors
with higher coarseness values might be associatadavibetter prognosis (20).

To estimate coarseness, a 3*3 or 5*5 neighborhsodefined around each
pixel, following which the average intensity of &gl with its neighboring pixels is
estimated. The absolute difference between trengitly of the central pixel and the
average intensity of its neighbors is computed #red absolute differences for all

pixels in the image are summed.

o e e e e e |

Coarseness31i=1GP(i} li-I"\text{Coarseness} = \frac{1}{\sum_{i=1}{G} P(i)i

\cdot |i - \bar{l}|}CoarsenessEi=1GP(i)|i-1711 i
Here, GGG is the number of gray levels, P(i)P())(the number of pixels withi

gray level iii, and \bar{l}| ~ is the average intensity of the neighborhood. i
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COMPLEXITY:

Complexity is a texture feature derived from Neighihood Intensity
Difference (NID) matrices which measures the lavestructural variation within an
image. Essentially, complexity captures the lo@alations in pixel intensity and their
spatial arrangement, providing insight into theehegeneity of the tissue.

Complexity is typically calculated using the Neighibhood Gray-Tone
Difference Matrix (NGTDM). The steps involved intiesating complexity include
defining a neighbourhood, calculating the averagenisity of a pixel relative to its
neighbourhood, computing the absolute differencevéen all the pixel intensities
based on which a NGTDM is built where each elensamtesponds to the sum of
absolute differences for a particular gray levehn@lexity is calculated using the

formula;

Complexity=i=1GP(i) Y j=1Gli—j|-P()-(li—-1"[+]j-1"12)\text{Complexity}=\su
m_{i=1}G} P(i) \cdot \sum_{j=1}{G} |i - j| \cdot P(j) \cdot \left(\frac{]i -
\bar{l}| + |j - \bar{l}|}{2}\right)Complexity=i=1Y GP(i}j=1>G

li=j[-PQ)-(2li—=171+1j—=17T1)

Here, GGG is the number of gray levels, P()P()Rid P(j)P()P(j) are the
probabilities of gray levels iii and jjj respectlye and Nbar{l}| - is the average

intensity of the neighborhood.

Complexity has been clinical in analysis of CT scdéor purposes of tumor
characterization, differentiating tumor types, ntoring treatment response and

prognosis (12).
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CONTRAST

In radiomics, contrast is a texture feature deriiedm Neighbourhood
Intensity Difference (NID) matrices. It measures thcal variations in pixel intensity
within an image essentially quantifying the intéygiifference between neighboring
pixels and reflecting how much intensity values rge over a small area. High
contrast indicates significant intensity differeacesuggesting a heterogeneous or
complex texture, while low contrast indicates srheot more homogeneous textures.
Contrast in radiomics has found application in tumocharacterization and

distinguishing tumor types (20), monitoring respo(&1) and prognosis (19).

The steps for calculation of contrast as same@setfor complexity, (except in
constructing a NGTDM, each element correspondsito af absolute differences for a

particular gray level) the formula for calculatiohcontrast is:

Contrast3i=1GP(i} (X j=1G(i-))2-P(j))\text{Contrast} = \sum_{i=1}G} P(i)
\cdot \left( \sum_{j=1}G} (i - })*2 \cdot P(j) \rght)Contrast=i=} GP(i)-(j=1Y.G

L (-)2P()
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GLOBAL ENTROPY IN NEIGHBOURHOOD INTENSITY DIFFERENCE

Global entropy is a texture feature derived frora Neighbourhood Intensity
Difference (NID) matrices that measures the randesanor complexity of pixel
intensity distributions within an image.

It quantifies the amount of disorder or unpredidigbin the texture of the
image. High entropy values indicate a highly commad varied texture, while low
entropy values suggest a more uniform texture. sk@ps for calculation of contrast as
same as those for complexity, (except each elermaméesponds to the sum of the

absolute differences for a particular grey levieh formula for calculation of entropy

_______________________________________________________________________________

Entropy=>i=1GP(i)log 2(P(i){text{Entropy} = -\sum {i=1}NG} P()

\log_2(P(i))Entropy=—i=XGP(i)log2(P(i))

Here, GGG is the number of gray levels, and P(ifRiji is the probability of

occurrence of gray level iii.

INTENSITY DIRECT

Intensity direct refers to a set of features thediadibe the direct measurements
of pixel intensity values in an image. These fesgucapture the distribution and
variation of intensity levels, providing insightsta the overall brightness and contrast

of the image.

Intensity direct features help characterize thghiness and contrast of tumors
in CT scans. Malignant tumors often exhibit distiim@ensity patterns compared to

benign ones, aiding in their differentiation.
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Intensity direct features serve as prognostic mdis too. Higher intensity
variations within a tumor might be associated vatmore aggressive behavior and a
poorer prognosis.

Intensity direct features are calculated directhnf the pixel intensity values
within a specified region of interest (ROI). Thep involved in estimating intensity
direct features include: Define and segment the Ri@iin the image on which various
statistical measures are computed (mean, mediamdatd deviation, minimum,
maximum, and percentiles) and a intensity histogiangenerated to analyze the

frequency distribution of pixel intensities.

KURTOSIS
Kurtosis is a statistical measure used to desctitme "tailedness” of the
probability distribution of pixel intensity valu@s an image (4). It quantifies the extent

to which the distribution has heavy tails or ouieompared to a normal distribution.

Malignant tumors often exhibit higher kurtosis dtee their heterogeneous
structure and the presence of extreme intensityegalcompared to benign tumors
which tend to have more uniform textures (22). ¥@on in kurtosis can be monitored
over time to assess the effectiveness of treatrAedécrease in kurtosis might indicate
a reduction in tumor heterogeneity, suggesting sitive response to treatment (22).
High kurtosis in tumors has been associated witir poognosis due to the presence of

extreme intensity variations, indicating aggresswmaor behavior.

Kurtosis is calculated using the pixel intensityues within a specified region

of interest (ROI) in the image.
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The formula for kurtosis is:

Kurtosis=N> i=1N(Xi—p)4 (X i=1N(xi—p)2)2-3\text{Kurtosis}=\frac{N\sum_{i=

1M} (i - \mu)MH(\sum_{i=1}{N} (x_i - \mu)"2) "2} - 3Kurtosis={ i=1N

(xi-1)2)2NYi=1N(xi-p)4-3

NNN is the number of pixels,

Xix_ixi is the intensity of the iii-th pixel,

p\mup is the mean intensity,

The term -3-3-3 adjusts the result so that a nowsfibution has a

kurtosis of zero.

Continuation of |BEX workflow
Featur e Selection:

Feature selection techniques are employed to fgetite most relevant and
informative features that are most discriminatiee the clinical task at hand either
selected based on domain knowledge about the tfpmatignancy or by various
statistical methods, machine learning algorithms.

Machine learning models are commonly used in radgisranalysis to classify
pulmonary nodules as benign or malignant based xtracted imaging features.
Supervised learning algorithms, such as supportovemachines (SVM), random
forests, decision trees, logistic regression, amificgal neural networks (ANN), are
trained on labeled datasets to learn the relatipnbbtween imaging features and
nodule pathology.

Unsupervised learning algorithms, such as clugieafgorithms (k-means

clustering, hierarchical clustering) and dimensliyaeduction techniques (PCA, t-
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SNE), are used for exploratory analysis and patrecognition without labeled

training data.

Model Building and Validation:

The selected features are used to build predictieelels or classifiers that
relate radiomic signatures to clinical outcomesghsias diagnosis, prognosis, or
treatment response. Machine learning algorithmgistic regression, support vector
machines, random forests, or deep learning modets; be employed for model
building.

The performance of the developed models is evaluatgng appropriate
validation techniques, such as cross-validationptsicapping, or independent

validation on external datasets.

RADIOMICSIN PULMONARY NODULE EVALUATION

Radiomics features extracted from pulmonary nodolages can serve as
guantitative imaging biomarkers for predicting nlzdmnalignancy, treatment response,
and patient prognosis. Several studies (23,24) ldmrmonstrated the potential of
radiomics-based biomarkers in differentiating betwéenign and malignant nodules,
assessing tumor heterogeneity, predicting patiantivaal, and guiding personalized
treatment strategies.

Radiomics analysis can be integrated with cliniaad molecular data to
improve the accuracy and robustness of pulmonadylecevaluation. Molecular data
such as genetic mutations, gene expression profded protein biomarkers can
provide insights into tumor biology, treatment m@spe, and patient prognosis.

Integrating radiomics with clinical and moleculata through multi-omics approaches
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enables a more comprehensive and personalizedagealuof pulmonary nodules,

leading to improved diagnostic accuracy, prognasitn, and treatment selection.

COMPARATIVE ANALYSISOF RADIOMICSWITH CONVENTIONAL
METHODS

The significant advantages of radiomics over cotiveal imaging methods in
providing detailed, quantitative analyses that eckadiagnostic accuracy and inform
clinical management.

Yip and Aerts (2016) conducted a review comparamjamics with traditional
imaging approaches in oncology. They concludedremdibmics offers a more detailed
and guantitative assessment of tumor biology, wiih lead to better individualized
treatment plans. They also emphasized the needtémdardized methodologies to
ensure the reproducibility and reliability of radi analyses.

Parmar et al. (2018) evaluated the predictive pogferadiomic features in
comparison to standard clinical parameters in gelatohort study. Their findings
indicated that radiomics provided superior progicostformation, particularly in
stratifying patients based on risk and predictingvisal outcomes. This study

underscored the added value of radiomics in clirdeaision-making (26).
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CLINICAL UTILITY AND IMPACT ON PATIENT MANAGEMENT FOR
RADIOMICSBASED MODELSFOR PULMONARY NODULES

The clinical utility of radiomics-based models fmuimonary nodules has been
a significant area of research, demonstrating tingoact on patient management and
clinical decision-making. Aerts et al. (2014) piensd the use of radiomics for non-
invasive tumor characterization, showing that gaime image features could predict
patient outcomes more accurately than traditiorethwds (4).

Rios Velazquez et al. (2017) explored the integratf radiomic features with
clinical and genomic data to enhance the prediotibiung cancer prognosis. Their
study found that radiomics, when combined with pttiata types, provided a more
comprehensive assessment of patient risk, allowiorg more tailored treatment
strategies. This holistic approach underscoresiri@ortance of radiomics in the

broader context of precision medicine (27).
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AIMS & OBJECTIVES

The primary objective of this dissertation is to leverage IBEX, an open-source
software grounded in radiomics, to qualitatively evaluate pulmonary nodules. This
involves a comprehensive examination of the foundational principles of radiomics,
the methodologies employed for feature extraction and analysis, the latest
advancements and emerging trends, and the prospective directions and challenges
confronting the field.

Additionally, this study seeks to enhance the existing clinical workflow for

evaluating pulmonary nodules, addressing both diagnostic and prognostic aspects.
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REVIEW OF LITERATURE

DIAGNOSTIC CHALLENGES

1. Imaging ambiguity:

Pulmonary nodules are often detected incidentally @ten pose a diagnostic
dilemma due to their nonspecific radiologic appeaea Benign and malignant
nodules can have overlapping imaging charactesistimaking differentiation
challenging (28). The Fleischner Society guidelipesvide criteria for follow-up and
management of nodules based on size and appeayatdbgese criteria still lead to

clinical decisional ambiguity (29).

2. False Positives and Overdiagnosis:

Advances in imaging technology have increased #msigvity for detecting
smaller pulmonary nodules, but consequently alsb tke a higher rate of false
positives and overdiagnosis. A study by (Gould 1€2045) highlighted that many
detected nodules are benign, leading to unnecedsfoyv-ups and interventions
(30). Overdiagnosis can cause psychological stoegzatients and lead to potentially

harmful diagnostic procedures.

3. Stratification Challenges:

Various risk prediction models have been develofedtratify pulmonary
nodules, such as the Mayo Clinic model and the Bkdgiversity model. However,
these models have limitations in accuracy and @dmability across different

populations (3,31).
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The accuracy of these models is often influence@diient demographics and
nodule characteristics, necessitating a more paliged approach to risk assessment.

The integration of biomarkers and genetic testirig risk stratification shows
promise but remains underutilized. Biomarkers sasftirculating tumor DNA and
specific gene mutations could enhance the accuddcgodule classification but

require further validation in clinical practice (32

4. High Risk of Unnecessary Biopsies

Unnecessary biopsies of benign nodules expose npati® the risks of
invasive procedures, including bleeding, infectiang pneumothorax.

A study by Wiener et al. (2012) found that a simgaift proportion of patients
undergoing biopsies for pulmonary nodules had benggults, indicating a high rate
of unnecessary procedures (33).

The morbidity associated with these procedures nsedees the need for
improved diagnostic accuracy to avoid unnecessatgnientions. The financial
burden of unnecessary biopsies and follow-up in@gsnsubstantial. An economic
analysis by Pyenson et al. (2014) estimated thattst of follow-up and diagnostic
procedures for incidentally detected nodules cexicked billions of dollars annually
in the United States alone (34).

The psychological impact on patients diagnosed witimonary nodules,
particularly when follow-up and additional testiage required, is significant. The
uncertainty and prolonged surveillance can leaahtoety and reduced quality of

life (35).
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This highlights the need for more cost-effectivatsgies in the management
of pulmonary nodules. Better communication straggand patient-centered care
approaches are necessary to mitigate these effects.

Adherence to established guidelines for the managenof pulmonary
nodules is variable among clinicians. A study byeWwér et al. (2013) found
discrepancies in guideline adherence, with somectifomers opting for more
aggressive diagnostic approaches (33). Standagdmiactice patterns and ensuring
guideline adherence can improve patient outcomed esduce unnecessary

procedures.

PULMONARY NODULES& RISK OF MALIGNANCY

This review by (Gould, M. K., et al. 2013) providas overview of the current
guidelines and strategies for evaluating pulmomagules, including risk assessment
tools and imaging modalities. It discusses the iMgmze of incorporating clinical
factors, nodule characteristics, and patient @&itdrs in determining the likelihood of
malignancy.

The Fleischner Society guidelines offer evidenceeddarecommendations for
the management of incidental pulmonary nodulesctieeon CT imaging (29)The
guidelines provide risk stratification criteria ledson nodule size, morphology, and
patient characteristics, helping clinicians deteenihe appropriate follow-up and

management strategies.
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This study Devaraj, A., et al. (2018) highlight® thignificance of qualitative
and quantitative analyses of low-dose CT scanssessing indeterminate pulmonary
nodules (37). It discusses the role of radiomid¢uess, such as size, density, texture,
and shape, in predicting the risk of malignancy guiting clinical management
decisions.

The study by (Li, F., et al. 20)1énvestigates the utility of semi-automated
volumetric measurement on chest CT scans for pgredithe malignancy of solitary
pulmonary nodules. It demonstrates that volumetniglysis, combined with radiomic
features and clinical variables, improves the amtyrof malignancy prediction

compared to traditional size-based criteria (38).

LIMITATIONSOF QUALITATIVE ASSESSMENT

1. Subjectivity and Variability:

The studies by Nixon et al., 2013 (39) and Warfetlél., 2004 (403uggested
that qualitative analysis of radiological scans \wdrerently subjective, relying on the
radiologist's experience and interpretative skiésulting in significant inter- and
intra-observer variability, which can lead to insmtent diagnoses and treatment

plans

2. Reproducibility Issues:

A review by (Balassy et al. 2003) (41) concludedttleven experienced
radiologists might arrive at different conclusionken interpreting the same images
at different times, thus undermining the reprodiityb and the reliability of

radiological diagnoses and to track disease pregmesiccurately over time.
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3. Limited Sensitivity and Specificity:

Qualitative methods lack the sensitivity and speityf required for early detection
of subtle abnormalities. Yankelevitz et al. (200@und that quantitative
measurements of lung nodules provided a more gresessment of nodule growth

compared to qualitative evaluations (42).

IMPERATIVE FOR INTEGRATION OF QUANTITATIVE AND
QUALITATIVE EVALUATION OF MEDICAL IMAGES
1. Enhanced Diagnostic Accuracy:

Quantitative measures provide objective data timtaece the accuracy of
radiological diagnoses. Automated volumetric arialyfor example, offers precise
measurements of tumor size and growth rates, whrehcrucial for staging and
treatment planning (43).

Studies such as those by Reeves et al. (2007) daweonstrated that
integrating quantitative metrics like nodule volumed growth rates improves the

detection and characterization of lung cancer (44).

2. Standardization and Reproducibility:
Quantitative methods contribute to reducing vatigbiand improving
reproducibility. Automated image analysis algorithrprovide consistent outputs,

mitigating the subjectivity inherent in qualitatiegaluations (45).
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The use of computer-aided detection (CAD) systemsmammography has
been shown to increase the detection rate of bremster, providing a second,

unbiased opinion that complements the radiologistsessment (46).

3. Quantitative Biomarkersfor Disease M onitoring:

Quantitative imaging biomarkers enables the precisanitoring of disease
progression and response to therapy. Tumor volyadusion rates, and metabolic
activity, quantified through imaging techniqueseliMRI and PET, offered insights
into the biological behavior of diseases (47). Quative imaging biomarkers are
particularly valuable in oncology, in assessing éffecacy of treatments and making

informed decisions about treatment changes acagiyd{46).

PRINCIPLES OF RADIOMICSAND THE STANDARD WORKFLOW
1. Image Acquisition and Reconstruction:
Standardized protocols for image acquisition amdmstruction are crucial to

ensure the quality and reproducibility of radiomiieatures (6).

2. Segmentation:
Accurate and reproducible segmentation of ROIs iscrdical step.
Segmentation can be performed manually, semi-autcatlg, or fully

automatically using advanced algorithms (19).
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3. Feature Extraction:
A variety of algorithms are used to extract hundramlthousands of features
from the segmented ROIs. These features captuereht aspects of the image data

(26).

4. Data Preprocessing and Normalization:
Preprocessing steps such as resampling, intensityaiization, and feature
selection are applied to ensure that the extratdatures are comparable across

different images and patients (50).

5. Model Building and Validation:
Statistical and machine learning methods are enepldy build predictive
models based on radiomics features. These modedshreuigorously validated using

independent datasets to assess their generaligatili robustness (22).

VALIDITY OF RADIOMICS
1. Reproducibility and Repeatability:

Ensuring the reproducibility and repeatability afliomics features is essential for
their clinical application. Studies have highlightine need for standardized imaging

protocols and robust feature extraction methodstoeve reliable results (51).

2. Biological and Clinical Relevance:

Validating the biological and clinical relevancerafliomics features involves
correlating them with underlying genetic, histomdtigical, and clinical data.
This step is crucial to demonstrate that the eidthéeatures are meaningful and can

provide valuable insights into disease processes (4
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RADIOMICS FOR QUANTITATIVE ESTIMATION OF PULMONARY

NODULES
This seminal paper byAgerts et al., 2014demonstrates the potential of

radiomics in decoding tumor phenotype using quatiig imaging features extracted
from CT scans. The study highlights the abilityradiomic features to capture tumor
heterogeneity and predict patient outcomes in laagcer, including pulmonary
nodules (4).

Coroller et al. investigated the predictive val@eaaliomic phenotype features
derived from CT imaging in predicting pathologicakponse in non-small cell lung
cancer (NSCLC). The study demonstrates that radiofeatures can serve as
biomarkers for treatment response assessment aoohee prediction in patients with
pulmonary nodules (52).

The study by (Ganeshan, B., et al. 2013) explotes histopathologic
correlates of texture parameters derived from C&agimg in non-small cell lung
cancer (NSCLC). The findings elucidate the reladfop between radiomic features,
tumor histology, and patient outcomes, providingights into the underlying
biological characteristics of pulmonary nodules)(53

The work by Huang, Y., et al. (2016) focused olotal adenocarcinoma,
this study showcases the development of a CT-baadibmics signature for
discriminating between high-grade and low-grade drem(54). The principles of
radiomics employed in this study can be appliegulmnonary nodules for phenotype

characterization and outcome prediction.
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ROLE OF RADIOMICSIN MEDICAL IMAGING

In the field of Oncology, radiomics has been extarlg studied in oncology
for tumor characterization, prediction of treatmesgponse, and prognostication. For
example, radiomics features have been used toqgbrdth aggressiveness of lung
cancer and patient survival (55).

Radiomics can help in monitoring the response terapies such as
chemotherapy, radiotherapy, and immunotherapy kalyamg changes in imaging
features over time (12).

In cardiology, radiomics is being explored for thesessment of myocardial
tissue characteristics, prediction of cardiac esernd evaluation of treatment
outcomes in diseases such as heart failure andagrartery disease (56).

Radiomics applications in neurology include thdedéntiation of brain tumor
subtypes, prediction of treatment response in tigibma, and the assessment of

neurological diseases such as Alzheimer's and pleikclerosis (57).

Page 29



Materials and Methods

MATERIALS AND METHODS

SOURCE OF DATA:

Participants over 18 years old visiting the Radiology Department at KLE’s Dr.
Prabhakar Kore Hospital for high resolution computed tomography of thorax.
STUDY DESIGN:

Observational study conducted from May 2023 to May 2024.

SAMPLE SIZE:
The formula used for sample size calculation is the minimum sample size

formula based on prevalence rate-

n= (Za)2-P(1-P)/d2

n=estimated sample size
Za=level of significance (for a level of significance at 5%, the Zvalue is1.96)
P= prevalence
d= percentage likely difference in prevalence
Considering an 85% power and a 5% significance level, the sample size was

determined to be 100 subjects.

SAMPLING TECHNIQUE: Convenient sampling.

SAMPLING METHOD:

Each patient will first receive a clinical evaluation, followed by undergoing a
high-resolution computed tomography (HRCT) thorax scan using a 128-slice CT
scanner (Revolution EVO Wipro GE) from GE Healthcare. This sequence ensures

comprehensive assessment and precise imaging for accurate diagnosis.
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INCLUSION CRITERIA:
All incidentally diagnosed or clinically suspected cases for pulmonary

nodules. Individuals aged 18 to 80, regardless of sex in all Clinically suspected cases.

EXCLUSION CRITERIA:
Proven cases of pulmonary nodules.
Cases that have received any type of treatment or procedure for managing a
pulmonary nodule
Unfit patients for examination/ clinically unstable patients.

Patients who refuse to participate.

METHODOLOGY:

The study will be conducted using 128 slice Computed Tomography
Revolution EVO Wipro (GE HEALTHCARE, USA) machine manufactured by GE
Healthcare. Standard scan protocol for high resolution tomography of chest will be
implemented for all patients referred to the department of radiology. Subsequently,
their scans will be meticulously evaluated for the presence of pulmonary nodules. The
findings will be systematically documented and analyzed. Additionally, informed
consent will be obtained from each patient to ensure ethical compliance and

transparency throughout the study.

IBEX WORKFLOW
Visit the IBEX Website: Go to the official IBEX website to download the source

code version (http://bit.ly/IBEXSrc MDAnNderson)) the standalone version

(http://bit.Iy/IBEX MDAnNderson)
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Materials and Methods

1. Install Software:
Follow the installation guide provided on the website. This may include

installing dependencies such as MATLAB Runtime if required by IBEX.

2. Loading DICOM Files
Launch IBEX and import DICOM files:
Open the Application and start IBEX from your applications menu or

command line. Use the file menu or import button to access the import dialog.

Select DICOM files and load images:
Browse and select the DICOM files from your local storage. Click on ‘Load’
to import the selected DICOM files into IBEX. The images will be displayed for

further processing.

3. Preprocessing
Quality Check:

Examine the imported images to ensure they are of good quality and free from
artifacts that could affect analysis. Modify settings like windowing, contrast, and

brightness to enhance image clarity.

Image Segmentation to define ROI:
Use segmentation tools to outline the region of interest (ROI) within the
images. This can be done manually or using automated/semi-automated segmentation

algorithms. Once segmentation is complete, save the ROI for feature extraction.
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4. Feature Extraction
Choose Feature Sets:

IBEX offers a variety of radiomic features. Select those relevant to your study,
such as shape based features (e.g., volume, surface area). which quantify the geometry
of the ROI. Texture within ROI can be analysed using features like GLCM (Gray
Level Co-occurrence Matrix). The intensity distribution/ features can be extracted

using features like mean, standard deviation

Run Extraction
Start the feature extraction process. IBEX will compute and display the

selected features.

5. Data Analysis
Perform Analysis:

Use statistical tools within IBEX/ third party software to analyze the data. This
could involve:

Descriptive Statistics: Summarize basic features of the dataset.

Correlation Analysis: Identify relationships between features.

Regression Analysis: Explore predictive relationships.

Machine Learning: Apply classification or clustering algorithms.

6. Exporting Results

Export Data: Save the extracted features and analysis results in various formats
(CSV, Excel, etc.) for further use.

Generate Reports: Compile a comprehensive report that includes images, feature

tables, statistical findings, and interpretation
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Image 1: Histogram for Surface Area

Surface Area: Surface Area values are depicted on X axis and the count of

occurrences on Y axis which shows a bimodal distribution with peaks at the lower

end (24-26) and mid-range (30-32), with fewer occurrences at higher values (36-38).

Image 2: Density Plot for Surface Area
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The curve (image 2) represents the estimated density of surface area values.
The height of the curve points the relative frequency of surface area values in that
range.

The x-axis represents the range of surface area values which appear cluttered
and y axis depicts density values i.e. how concentrated the data points are around

specific surface area values on y axis dataset.
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Image 3: Histogram and Boxplot for volume

The above histogram depicts volume values on x axis and count of
occurrences on Y axis. The bimodal distribution indicates two main groups of volume

values, with peaks around 200 and 450.

The above boxplot for volume depicts volume values on x axis and volume
values on Y axis. The boxplot shows the central tendency and spread, with some

potential outliers indicating variability in volume values.
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Image 4: Density curve for volume

The above density curve for volume depicts volume values on x axis and

density on Y axis. The density curve supports the histogram findings, with clear peaks

and a gradual decline, indicating the overall distribution pattern.
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Image 5: Histogram for GLCM features (-333 to -1, 0-1, 45-1)
Histogram 1 for -333-1 contrast shows a unimodal distribution with a peak

around the middle value. The distribution is slightly skewed to the right.
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Histogram 2 for 0-1 contrast displays a bimodal distribution with two

prominent peaks, suggesting the presence of two distinct groups within the data.

Histogram 3 for 45-1 contrast displays unimodal distribution that is symmetric

around the central value, indicating a normal distribution.
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Image 6: Histograms for (90 tol, 135-1)

Histogram 4 for 90-1 contrast is slightly skewed to the left, with a single,

broad peak indicating a central tendency towards higher values.

Histogram 5 for 135-1 contrast shows a very skewed distribution with a long

tail to the right, suggesting that most data points are concentrated on the lower end.
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Image 7: Histogram for 0-1 correlation, 45-1 correlation, 90-1 correlation and 135-1
correlation depicts a skewed distribution pattern with some values being more

frequent, indicating specific patterns of relationships.

The histogram for 0-1 correlation with correlation values plotted on x axis and
frequency plotted on y axis shows a right-skewed distribution with most values

between 0.82 and 0.88, indicating high correlation values are common.

The histogram for 45-1 correlation with correlation values plotted on x axis
and frequency plotted on y axis shows a evenly distributed set of values between 0.62

and 0.76, suggesting a moderate spread of correlation values.

The histogram for 90-1 correlation with correlation values plotted on x axis
and frequency plotted on y axis shows a right-skewed distribution with a
concentration of values between 0.55 and 0.75, indicating these correlation values are

frequent

The histogram for 135-1 correlation with correlation values plotted on x axis
and frequency plotted on y axis, shows a strong right-skew with most values around

0.9 to 1.0, indicating very high correlation values are common.
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Image 8: Histogram for -333 to -1 energy, 0-1 energy, 45-1 energy, 90-1 energy

values.

The histogram for -333 to -1 energy, 0-1 energy, 45-1 energy, 90-1 energy
variables shows evenly distributed data points with distinct peaks, suggesting

variability in energy measures.

The histogram for -333-1 energy values with energy values plotted on x axis
and frequency plotted on y axis shows a bimodal distribution of energy values with
peaks around 0.013 and 0.015, suggesting two distinct groups.

The histogram for 45-1 energy values with energy values plotted on x axis and
frequency plotted on y axis shows distribution with a peak around 1.0 with a spread
from 0.4 to 1.2, indicating higher energy values are more frequent.

The histogram for 0-1 energy values with energy values plotted on x axis and
frequency plotted on y axis shows a peak in energy values around 0.018, with a right-

skewed distribution indicating higher frequency at lower values.

The histogram for 90-1 energy values with energy values plotted on x axis and
frequency plotted on y axis shows the bimodal distribution of energy values with

peaks around 0.06 and 0.1, suggesting two distinct groups of energy values.
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The histogram for 135-1 energy values with energy values plotted on x axis
and frequency plotted on y axis shows a right-skewed distribution of 135-1 energy
values with most values between 0.002 and 0.005, indicating low energy values are

more common.
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Image 9: Box Plots for Correlation (0 tol, 45tol1,90to 1, 135to 1)

Box Plot of 0.1 Correlation: The data is tightly clustered around the median,
indicating low variability, median is approximately 0.82 with a slight negative skew,

as indicated by the longer lower whisker.

Box Plot of 45.1 Correlation shows a wider spread compared to the 0.1
correlation, with the median around 0.68, slightly positively skewed

Box Plot of 90.1 Correlation shows the data points being more spread out.
The median is near 0.58.

Box Plot of 135.1 Correlation shows data with a slightly higher central
tendency. Median is around 0.75. with a moderate spread of date, similar to the 45.1

correlation with a slightly negative skew
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Image 10: Box Plots for Energy (-333t01,0to 1,45to 1,90 to 1)

Box Plot of -333.1 Energy, shows very tight clustering of data points. The

median is approximately 0.1315 with a symmetrical distribution.

Box Plot of 0.1 Energy shows the data points being moderately distributed

which appears symmetrical.

Box Plot of 45.1 Energy, shows a distribution pattern similar to the 0.1 energy
but with a slightly lower central tendency with a slight positive skew. The median is

close to 0.09.

Box Plot of 90.1 Energy Distribution shows the data points being tightly

clustered with a symmetrical data distribution. The median is around 0.165.
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B Plot of 135-1Ereryy

L]
0o

Image 11: Box Plots for Energy (135 to 1)

Box Plot of 135.Energy shows very tight clustering similar to -333.1 energy

with symmetrical distribution of data. Median is approximately 0.004.
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Image 12: Density plots for Energy (-333to 1,0to 1, 45to0 1, 90 to 1) and Density
maps for Correlation (0 tol, 45 tol, 90 to 1, 135 to 1).

Density maps for correlation values depicted by values on x axis and
frequency plotted on Y axis. Density maps for Energy values depicted by values on x

axis and frequency plotted on Y axis.

For 0.1 Correlation, the data appears to be narrowly distributed suggesting a

low variability and a slight negative skew, with the “mode” being (peak)
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For 45.1 Correlation, the mode is around 0.68, with a spread wider than the
0.1 correlation, indicating moderate variability and a slightly positive skewed
distribution.

For 90.1 Correlation, the mode is approximately 0.58 with a spread wider than
0.1 correlation with moderate variability

For 135.1 Correlation, the mode is around 0.48, spread similar to 90.1
correlation with a slightly negatively skewed distribution.

For 0.1 Energy, the data is highly concentrated around 0.015 (mode) and the
spread of data appears to be very narrow indicating low variability.

For 45.1 Energy, the peak is around 0.09 (mode) with a narrow spread and a
slightly positively skewed distribution

For 90.1 Energy, the mode is around 0.075 with a narrow spread, indicating
low variability.

For 135.1 Energy, the data shows a sharp peak near 0.005 (mode) with an

extremely narrow indicating very low variability.
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Heatmap of GLCM Features
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Image 13: Heatmap for GLCM (Grey level coocurrence matrix)

The heatmap shows the intensity of the GLCM features across different

within the heatmap contains a numerical value, representing the

samples. Each cell

specific measurement of a GLCM feature for a sample. On the right side of the

heatmap, there is a vertical color scale ranging from 0 to 25.

X- axis plots the different GLCM features being analyzed from 0 to 14 and Y

axis plots the different data points analyzed for those features from 0 to 100. The

indicating the

colors transition from purple (low values) to yellow (high values),

intensity or magnitude of the GLCM features.
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Image 14: Pairplots for all the GLCM (Grey level coocurrence matrix) features

The pairplot provides scatter plots for each pair of features, along with

histograms on the diagonal.
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Box Plots of GLCM Features

Image 15: Box Plots for all the GLCM (Grey level coocurrence matrix) features

The plots (index 0-2) show a wide range of values with a relatively high
median, especially index O which has a median above 15. The spread is large,

indicating high variability in the data. Outliers are present, particularly in index 2.

The plots (index 3-5) show significantly narrow spread, indicating less
variability. The medians are lower compared to indices 0-2. Index 4 shows a very

tight distribution with a small IQR and no outliers, suggesting very consistent data.

These indices (6-14) show extremely low variability with most data points
appearing as a line at the bottom, suggesting that the values for these features are
close to zero. The medians are at or near zero, and there are no outliers, indicating

uniformity and possibly less informative features compared to others.
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Histogram of Busyness

Frequency
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Image 16: Histogram for busyness. The above histogram for busyness depicts

busyness values on x axis and frequency on y axis.

The busyness values range from approximately 3.4x10-53.4\times

107 {5}3.4x10-5 to 4.8x10—54.8 \times 10"{-5}4.8x10-5. There are noticeable peaks

around 3.6x10—53.6 \times 10"{-5}3.6x10-5, 4.0x10—54.0 \times 10"{-5}4.0x10-5,

and 4.4x10—54.4 \times 10"{-5}4.4x10—5. These peaks indicate that these busyness

values occur more frequently in the dataset.

Box Plot of Busyness

34 36 1B iy 4z
BUSYNESS

4.8
le-5

Image 17: Boxplot for busyness
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The above boxplot for busyness shows the median busyness value is

approximately 4.0x10—54.0 \times 10"{-5}4.0x10-5.

The IQR extends from about 3.6x10-53.6 \times 107{-5}3.6x10-5 to
4.4x10-54.4 \times 10"{-5}4.4x10—5. This range captures the middle 50% of the

data, indicating moderate variability.

The whiskers extend to the minimum and maximum values within 1.5 times
the IQR from the quartiles. There are no outliers beyond these whiskers, indicating

that the data is relatively consistent without extreme deviations.

Histogram of Coarseness (Filtered)
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Image 18: Histogram for coarseness

The histogram for coarseness with value for coarseness plotted on x axis and
frequency (the number of occurrences of each coarseness value in the dataset) of the
values plotted on Y axis. The highest bar indicates that the range around 0.2 has the

most frequent occurrences
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Box Plot of Coarseness (Filtered)
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Image 19: Boxplot for coarseness

The boxplot shows median value for Coarseness is around 0.175 and the
interquartile range approximately lies between 0.150 and 0.200. The relatively wide

IQR indicates moderate variability in the Coarseness values
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Image 20 & 21: Histogram and boxplot for F3. Neighborhood intensity Difference.
Complexity
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The histogram (image 20) for complexity shows the complexity values on x-
axis ranging approximately from 580,000 to 700,000 and the y axis shows the
frequency of observations within each bin.

The box and whisker plot (image 21) for complexity shows the distribution of
the complexity values. The box represents the interquartile range (IQR) which
represents the middle fifty percent of the entire data. The IQR stretches approximately
from 620,000 to 680,000, indicating that the middle 50% of the data lies within this
range. The thick line within the center of the box represents the median value (around

650,000)

=N I===

Image 22 & 23: Histogram and boxplot for F3. Neighborhood intensity Difference.

Contrast

The histogram for contrast (image 22) shows values of contrast, ranging
approximately from 0.3 to 0.7 and the y-axis represents the number of observations

within each bin
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The box and whisker plot for contrast (image 23) shows distribution of
contrast (F3-NeighborlIntensityDifference25) appears to be right-skewed, with the
majority of the data concentrated between 0.6 and 0.7. The density curve is overlaid
on the histogram, shows the curve peak around 0.65, indicating the highest

concentration of data points in that range.

Frr
: o

GlobalEntrogy

Image 24: Histogram for GlobalEntropy

Histogram for GlobalEntropy displays the frequency distribution of the
GlobalEntropy values across different bins. The x-axis represents the GlobalEntropy
values, ranging from approximately 7.0 to 10.0, while the y-axis shows the frequency
of these values. There is a smooth density curve overlaid on the histogram, which

helps visualize the distribution shape.

The histogram shows a somewhat bimodal distribution, with peaks around the
values of 7.5 and 9.5. The peaks around 7.5 and 9.5 could represent specific

characteristics or clusters within the dataset.
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Histogram of GlobaiMean
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Image 25: Histogram for GlobalMean

GlobalMean values are plotted on x-axis, ranging from approximately 1020 to
1045, while the y-axis shows the frequency of these values.

The histogram shows a left-skewed distribution, with most of the values
concentrated between 1030 and 1045. The values of GlobalMean are spread out

between 1020 and 1045, with the majority of values above 1030.

Histogram of Globu/Median
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Image 26: The histogram for GlobalMedian

Page 53



Results

GlobalMedian values are plotted on x axis , ranging from approximately 1020
to 1060, while the y-axis shows the frequency of these values. The relatively uniform
distribution suggests that the GlobalMedian values are evenly spread across the range,

with no significant skewness, indicating a balanced dataset.

Histogram of GlobalStd

14

12

Frequency

GlobalStd

Image 27: Histogram for GlobalStd
GlobalStd plotted on x-axis ranging from approximately 30 to 55, while the y-
axis shows the frequency of these values. Bimodal distribution noted with the peaks

around 35-40 and 50-55

Page 54



Results

Mesrogram of GlobaiLirilonmity
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Image 28: The histogram for GlobalUniformity shows values of GlobalUniformity
plotted on x axis , ranging from approximately 0.025 to 0.175, while the y-axis shows
the frequency of these values.

There is a right-skewed distribution, with most of the values concentrated
between 0.075 and 0.175, which displays that the majority of the dataset has higher

uniformity, which could be a characteristic of the sample population.

Hestogmm of Kurtoss
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Image 29: Histogram for Kurtosis shows kurtosis values plotted on x axis , ranging

from approximately 0 to 100, while the y-axis and the frequency of the values on y
axis. There is seen a multimodal distribution, with peaks around 20, 50, and 100
which indicates a wide range (significant vairability) of Kurtosis within the sample.
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Hizzogrant of Range
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Image 30: The histogram of range shows

Values of range are depicted on x axis ranging approximately from 40- 1300

and the y-axis shows the frequency of these values. The relatively uniform

distribution suggests that the Range values are evenly spread across the range, with no

significant skewness.

Histogram of Skewness
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Image 31: Histogram for skewness shows the values for skewness plotted on x axis

and the frequency plotted on y axis
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Correlation Matrix
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Image 32: Correlation matrix shows the pairwise correlation coefficients between
various variables: GlobalEntropy, GlobalMean, GlobalMedian, GlobalStd,
GlobalUniformity, Kurtosis, Range, and Skewness. The correlation coefficients range
from -1 to 1, where 1 indicates a perfect positive correlation, -1 indicates a perfect
negative correlation and O indicates no correlation.

GlobalEntropy is positively correlated with Range (0.21) and shows weak
correlations with other variables.

GlobalMean is positively correlated with GlobalUniformity (0.31) and shows
weak correlations with other variables.

GlobalMedian: is positively correlated with GlobalMean (0.13) and GlobalStd

(0.14), however shows weak correlations with other variables.
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GlobalStd is positively correlated with GlobalMedian (0.14) and shows weak

correlations with other variables.

GlobalUniformity is positively correlated with GlobalMean (0.31) and shows
weak correlations with other variables.

Kurtosiscis positively correlated with Skewness (0.15) and shows weak
correlations with other variables.

Range is positively correlated with GlobalEntropy (0.21) and Kurtosis (0.15)
however it shows weak correlations with other variables.

Skewness shows positive correlation with GlobalMean (0.18), Kurtosis (0.19),

and Range (0.16). It shows weak correlations with other variables.

Histagram of GlobalEntrooy

Globalentropy

Image 33: Histogram for GlobalEntropy
Values for GlobalEntropy are plotted on x axis and frequency plotted on y
axis. The values are spread out between 2.25 to 4.25. The presence of multiple peaks

indicates a high level of variability in the "GlobalEntropy" values
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Histogram of GlobalMean
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Image 34: Histogram for Global Mean

Values of "Global Mean" are plotted on x axis ranging from approximately 2.0
to 5.5. and the frequency plotted on y-axis. The histogram shows a somewhat uniform
distribution with multiple peaks and valleys, indicating variability in the data. The

spread of values between 2.0 and 5.5

Histogram of Globalstd

Image 35: Histogram for Global Std
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Values for Global Std plotted on x axis ranging from 2 to 7and frequency of
each of these values on y axis. The histogram indicates a high level of variability in

the "Global Std" values. The presence of multiple peaks suggests that the data may

not follow a normal distribution

Histogram of GlobalUniformity

Frequen

0.18( 0185 ). 190 0195 D.200 0.205

GlobalUnliformity

Image 36: Histogram for Global Uniformity

Values for Global Uniformity on x axis range from 0.180 to 0.210, and the
frequency plotted on y axis. The histogram indicates a high level of variability in the

"Global Uniformity" values. The presence of multiple peaks suggests that the data

may not follow a normal distribution.
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Image 37: Histogram for Kurtosis
Values for kurtosis are plotted on x axis and frequency on y axis. The
histogram shows a relatively uniform distribution with several peaks and valleys,

indicating variability in the data. he values of "Kurtosis" are spread out between

approximately 0 and 225.

Image 38: Histogram for Skewness. Values for Skewness are plotted on x axis and
frequency on y axis. The presence of multiple peaks suggests that the data may not
follow a normal distribution. The spread of values between 2 and 17 suggests a

moderate to high range of "Skewness" values within the sample.
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Correiation Matrix

GlobalEntrapy

Globa/Mean

08

o0&

Globalunilormity  GlobnlSid

02

Kurtonis

0o

Skowness

GicbalEntropy  GlobaiMean GlobatSid  GlobaiUndormaty Kurtoss Swewness

Image 39: Correlation matrix for all the variables in F5IntensityDifference i.e. Global
Entropy, Global Mean, Global Std, Global Uniformity, Kurtosis, and Skewness. The
color scale on the right side of the matrix helps interpret the correlation values. Red
color indicate positive correlations, with darker shades representing stronger
correlations.

Global Entropy shows a weak positive correlation with GlobalMean (0.04) &
Global Std (0.02). It shows weak negative correlations with Global Uniformity (-0.11)
and Skewness (-0.16).

Global Mean shows weak correlations with most other variables, it is weakly
negative with Global Uniformity (-0.12) and Kurtosis (-0.15), and weakly positive

with Skewness (0.14).
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Global Std shows weak correlations with all other variables, it is weakly
negative with Global Uniformity (-0.09) and very weak correlations with Kurtosis
(0.04) and Skewness (-0.01).

Global Uniformity shows weak or negligible correlations with other variables,
weakly negative with Global Entropy (-0.11), Global Mean (-0.12), and Global Std (-
0.09).

Kurtosis shows negative correlations with Global Mean (-0.15) and very weak
or negligible correlations with other variables

Skewness shows a weak positive correlation with Global Mean (0.14) and
weak negative correlation with Global Entropy (-0.16).

The weak correlations suggest that these variables represent diversity in
feature characteristics and the ability to capture different aspects of the image
characteristics as each feature may provide unique information for predicting

outcomes or diagnosing conditions.
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DISCUSSION

ANALYSISOF DESCRIPTIVE STATISTICSFOR FEATURE SETS

The study's focal point is the extraction and eatdun of various quantitative
features from pulmonary nodule images, includintensity, texture, shape, and
spatial relationships, using advanced radiomicriples.

Thehistogram for surface area (Image 1) reveals a bimodal distribution with
peaks at the lower end (24-26) and mid-range (304B2icating the presence of
distinct groups within the dataset.Tihiensity plot for surface area (Image 2)
supports this finding, showing a concentration afadpoints around specific surface
area values.

The histogram and boxplot for volume (Image 3) depict volume values on
the x-axis and count of occurrences on the y-a&kieying a bimodal distribution with
peaks around 200 and 450. The boxplot highlightscdntral tendency and variability
in volume values, with some potential outliers. Heasity curve for volume (Image
4) illustrates the distribution pattern, with clggeraks and a gradual decline, indicating
the overall spread of volume values within the setta

The histograms for contrast (Images 5-7) display varying distribution
patterns. TheO-1 contrast shows a right-skewed distribution with most values
between 0.82 and 0.88, indicating high correlatatues are common. Th4s-1
contrast shows evenly distributed values between 0.62 an®,Osuggesting a
moderate spread of correlation values. @€ contrast indicates a concentration of
values between 0.55 and 0.75, while 38-1 contrast shows a strong right-skew

with most values around 0.9 to 1.0.
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Thehistogram for 0-1 correlation (Image 8) and the subsequent correlations
(45-1, 90-1, and 135-1) illustrate specific patserof relationships. Thed-1
correlation shows a right-skewed distribution with values kedw 0.82 and 0.88.
The 45-1 correlation displays evenly distributed values between 0.62 @@6. The
90-1 correlation shows a concentration between 0.55 and 0.75, wh#el35-1
correlation indicates very high values between 0.9 and 1.0.

The box plots for correlation (Image 9) andnergy values (Images 10-11)
provide further insights into the distribution amdriability of these features. The
boxplots show clustering around median values widnying degrees of spread,
indicating the central tendency and variabilitytted data.

The density maps for correlation and energy values (Image 12) depict the
concentration and variability of data points acrdgterent correlation and energy
metrics. These maps highlight the relationships disttibution patterns within the
dataset, providing a visual representation of #ita'd complexity.

The histogram for busyness (Image 13) and thdoxplot for busyness
(Image 14) indicate moderate variability in busyneslues, with noticeable peaks
around specific values, suggesting frequent ocoga®in the dataset.

The histogram for coarseness (Image 15) and theoxplot for coarseness
(Image 16) show a wide range of values, indicatingderate variability. The
histogram for complexity (Image 17) and thboxplot for complexity (Image 18)
reveal a central tendency around specific valueticating a higher concentration of
data points in the middle range.

The histogram for contrast (Image 19) and thboxplot for contrast (Image
20) depict the distribution and variability of coedt values, indicating a right-skewed

distribution with a concentration around higherues.
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The histogram for global entropy (Image 21) shows a somewhat bimodal
distribution, indicating variability in entropy uss. Thehistogram for global mean
(Image 22) displays a left-skewed distribution, gegfing higher concentrations of
values between 1030 and 1045.

The histogram for global median (Image 23) indicates an even spread of
values, while thehistogram for global standard deviation (Image 24) shows a
bimodal distribution with peaks around specificued. Thehistogram for global
uniformity (Image 25) indicates a right-skewed distributi@uggesting higher
uniformity values are common.

The correlation matrix (Image 26) illustrates the pairwise correlation
coefficients between various variables, highlightthe relationships and strengths of
correlations within the dataset. This matrix pr@gda comprehensive view of the
interdependencies among different features, whiclriicial for understanding the

underlying patterns and making informed clinicatidens.

INFERENCES FROM DESCRIPTIVE STATISTICSFOR FEATURE SETS

Surface Area and Volume

The analysis of surface area and volume featuresi\damental in radiomics,
as these attributes directly relate to the size extént of pulmonary nodules. The
histograms and density plots for surface area ahadne reveal bimodal distributions,
indicating the presence of distinct subpopulatieitBin the dataset.

This bimodal pattern suggests that the nodulesbeacategorized into two
main groups, likely corresponding to benign andigmant lesions. The presence of

peaks at specific ranges within the histograms rsudees the variability in nodule
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sizes and highlights the need for further invesiigato determine the clinical

significance of these subpopulations.

Texture Features; Contrast and Correation

Texture features, such as contrast and correlapooyide insights into the
spatial relationships and heterogeneity within paiary nodules. The histograms for
contrast and correlation exhibit diverse distribatpatterns, including unimodal and
bimodal shapes.

The histogram for 0-1 contrast displays a bimodstrithution, suggesting the
existence of two distinct groups within the dataisTbimodal nature could reflect
variations in nodule texture, potentially aiding dimstinguishing between different
nodule types.

The correlation histograms, with their skewed dstiions, indicate the
degree of association between pixel intensitieschvis crucial for understanding the

structural complexity of nodules.

Shape Features: Sphericity and Irregularity

Shape features, such as sphericity and irregujargy vital for characterizing
the geometric properties of pulmonary nodules. Biweplot for sphericity indicates a
relatively narrow interquartile range (IQR), sudg&s consistent sphericity values
among the majority of nodules. Conversely, the gmes of outliers highlights the
variability in nodule shapes, emphasizing the ingoore of considering shape

irregularities in the diagnostic process

Page 67



Discussion

Intensity-Based Features. Mean, Median, and Standard Deviation

Intensity-based features quantify the statistiqalpprties of pixel intensities
within pulmonary nodules. The mean intensity hisamg, with its multiple peaks and
valleys, indicates variability in brightness levelshich could be indicative of
different tissue types or pathological conditiofifie median intensity histogram's
uniform distribution suggests a balanced dataskiievthe STD histogram's bimodal
distribution highlights the presence of distinctogps with varying intensity

variability.

Advanced Texture Features: Busyness and Coar seness

Busyness and coarseness are advanced textureetedarived from Neighbor
Intensity Difference (NID) matrices. The histogrdor busyness shows noticeable
peaks, indicating frequent occurrences of spebifisyness values.

This feature captures the local variability or hegeneity of the nodule
texture, with higher busyness values suggestingtgrecomplexity and potentially
higher malignancy risk. Similarly, the histogram émarseness reveals the granularity
of the texture, with higher coarseness values atalig smoother textures and lower
values representing rougher textures. These fesatame crucial for differentiating
between benign and malignant nodules, as malighanbrs often exhibit more

heterogeneous and coarse textures.

Global Features: Entropy and Unifor mity

Global features, such as entropy and uniformity,asnee the overall

complexity and homogeneity of the nodule texture.

Page 68



Discussion

The histogram for global uniformity displays a trigikewed distribution,
suggesting that most nodules have higher uniformétyes. This feature is essential
for assessing the homogeneity of nodules, with fowaiformity potentially

indicating malignant behavior.

Kurtosis and Skewness

Kurtosis and skewness are statistical measuresiéisatibe the tailedness and
asymmetry of the probability distribution of pixeltensity values, respectively. The
histogram for kurtosis exhibits a multimodal distrion, indicating significant
variability in the tailedness of intensity distrtmns across nodules. The skewness
histogram's multiple peaks suggest a diverse rasig@asymmetry in intensity

distributions, providing insights into the stru@blvariations within nodules.
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CONCLUSION

This thesis presents a comprehensive overvieweofahonale, methodology,
and potential impact of a one-year observationalysbn radiomics-based assessment
of pulmonary nodules. The study's focus on leverggidvanced imaging technology
and quantitative analysis through IBEX showcases plotential for significant
advancements in the field of radiological diagnoSise findings of this study are
poised to contribute insights to the ongoing dissewn the optimal utilization of

radiomics in diagnostic radiology settings.

Conventional imaging techniques primarily focus descriptive parameters
such as size, shape, and border characteristiegdefies. While these parameters are
useful, they often fall short of providing a comipeasive evaluation due to their
inherent subjectivity and limited ability to capgutumor heterogeneity. Radiomics
addresses these limitations by extracting a vastyaof quantitative features that
capture the complex spatial relationships and tegtwffering a more detailed and

objective assessment

Radiomics involves the extraction of a large numbiequantitative features
from medical images, providing a detailed charaxation of tissue properties that
may not be discernible through visual inspectiamal In the context of pulmonary
nodules, radiomic features can serve as quangtamaging biomarkers for assessing

treatment response, prognosticating patient outsand predicting malignancy. (58)

This approach enables the identification of subtieaging patterns and
heterogeneities within nodules that are crucialdistinguishing between benign and

malignant lesions.
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The extensive data generated from detailed quéwmétanalysis of nodule
characteristics, radiomics facilitates early anduaate diagnosis, enabling timely
intervention and personalized treatment planninddaylitating the identification of
subtle imaging patterns and heterogeneities (5Bis @pproach not only improves
patient outcomes but also reduces the psychologialfinancial burden associated

with unnecessary follow-ups and invasive procedures

Radiomics represents a transformative approach han évaluation and
management of diverse groups of pathological estitoffering an objective image
analysis that enhances diagnostic accuracy andmaized treatment planning. The
utilization of open-source platforms like IBEX foadiomic analysis provides an
accessible and collaborative environment for intiomsand development in the field
(60). By integrating radiomics with clinical and hacular data, researchers and
clinicians can advance precision medicine and img@routcomes for patients with
pulmonary nodules. Future research and collab@at¥forts are essential to

overcome current challenges

While the study highlights the potential of radiesiiin pulmonary nodule
evaluation, it also emphasizes the need for furteeearch to standardize imaging
protocols and feature extraction methods. Integgatadiomics with other omics data
(e.g., genomics, proteomics) through multi-omicprapches holds great promise for
a comprehensive understanding of disease process#spersonalized treatment

strategies. (61,62)
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In conclusion, this study demonstrates that radismihrough the utilization
of IBEX, provides a detailed and objective analysfsimaging data that could
possibly contribute to augmenting diagnostic accyirand personalized treatment
planning for pulmonary nodules. Future researchalidborative efforts are vital to

overcome current challenges and fully realize theemptial of radiomics in clinical

practice.
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SUMMARY

The clinical significance of pulmonary nodules dage on factors such as
size, growth rate, and the likelihood of malignanSynaller nodules typically do not

require intervention, while larger nodules areisk for malignant transformation.

Traditional imaging relies on visual interpretatioh descriptive parameters
like size, shape, and vascularity, which can begestibe and inconsistent. These
methods also overlook tumor heterogeneity, whidh isnderstanding tumor behavior

and treatment response.

Radiomics offers a more objective approach to puakng nodule evaluation
by transforming medical images into quantifiabld¢adarhis method extracts and
analyzes quantitative imaging features, capturpagial distribution, texture patterns,

shape characteristics, and spatial relationshigsmiissues

Radiomics features extracted from pulmonary nodolages can serve as
biomarkers for predicting nodule malignancy, tresin response, and patient
prognosis. Studies have shown their potential fiedintiating benign from malignant
nodules, assessing tumor heterogeneity, predistingval, and guiding personalized

treatment strategies.

Several studies have compared the diagnostic peafuze of radiomics-based

models with conventional methods and have genesllywn that radiomics-based
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models outperform conventional methods in termseoisitivity, specificity, accuracy,

and area under the receiver operating charactecistve (AUC).

Radiomics is also being explored in other avendesaalicine. In cardiology,
it assesses myocardial tissue characteristics,igsedardiac events, and evaluates
treatment outcomes. In neurology, it helps difféeda brain tumor subtypes, predict
treatment response in glioblastoma, and assessologival diseases such as

Alzheimer's and multiple sclerosis.

Molecular data such as genetic mutations, geneessgmn profiles, and
protein biomarkers can provide insights into turbmlogy, treatment response, and
patient prognosis. Integrating radiomics with aali and molecular data through
multi-omics approaches enables a more compreheasigepersonalized evaluation
of pulmonary nodules, leading to improved diagreaticuracy, prognostication, and

treatment selection.

Deep learning techniques, particularly convolutlomeural networks (CNN),
have shown promising results in automatic featuteaetion and nodule classification
tasks in radiomics analysis. CNNs can learn hibiaat representations of nodule
images directly from raw pixel data without the defr handcrafted feature
extraction, potentially capturing more complex audbtle patterns that may not be

apparent to human observers.
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Radiomics has the potential to facilitate persaealimedicine approaches by
providing non-invasive and quantitative biomarkinsdisease diagnosis, prognosis,

and treatment response prediction.

Ethical and privacy concerns arise in the contéxtidiomics analysis due to
the use of medical imaging data containing seresipatient information. Privacy-
enhancing technologies such as data anonymizaéinoryption, and secure data
sharing platforms can mitigate privacy risks andlitate responsible data sharing for
research purposes.

Collaborative research initiatives, interdisciphyaollaborations, and funding
opportunities from government agencies, industrytneas, and philanthropic
organizations are essential to address researd) fgser innovation, and translate

radiomics research into clinical practice
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LIMITATIONS

While this study aims to leverage the power of sadcs to improve the
evaluation of pulmonary nodules, it is importantéoognize both the established and
possible limitations that could impact its outcomésldressing these limitations
through careful study design, rigorous validatiand continuous technological and
methodological improvements will be crucial for rimaizing the study’s impact and

applicability in clinical practice.

Sample Size and Generalizability:

The study’s sample size of 100 subjects, thougbutatled to be statistically
significant, may not be large enough to capturefatfiespectrum of characteristics of
pulmonary nodules. This limited sample size carridsthe generalizability of the
study’s findings to the broader population. Smaample sizes may also lead to
overfitting in predictive models, making them lesbust when applied to different

patient populations.

Selection Bias:

The sampling method used in the study is converisampling, which leads
to selection bias. It could lead to an overrepregem or underrepresentation of
certain demographics or clinical characteristitsistaffecting the study's outcomes

and their applicability.
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Limitations

Exclusion Criteria:

The study excludes patients with proven pulmonasgutes or those who
have undergone any form of intervention for nodubnagement. While this criterion
helps in focusing on new cases, it might overloglevant data from patients with a
known history of nodules, thereby limiting the uretanding of nodule progression

and management.

Intra- and Inter-observer Variability:

Radiological assessments inherently suffer fromraintand inter-observer
variability, which can lead to inconsistent diage®sand measurements. Although
radiomics aims to mitigate this by using quanwtatifeatures, the initial steps of
image acquisition and ROI (Region of Interest) cda still involve human input,

thus introducing variability.

Other probablelimitations:

The study spans from May 2023 to May 2024, whiclyhhibe a limited
timeframe for observing the long-term progressioh mulmonary nodules.
Longitudinal studies extending over several years aften required to fully
understand the behavior of pulmonary nodules, eésihecdhose that are slow-
growing.

Pulmonary nodules exhibit significant heterogeneityterms of their size,
shape, and biological behavior. The study’s mettaomight not fully capture this
heterogeneity, especially if the feature extract@gorithms are not optimized for
detecting subtle differences. This could lead twimplete or biased representations

of nodule characteristics.
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Limitations

The study relies on data from a single center (KIEs Prabhakar Kore
Hospital), which may not reflect the diversity seen other healthcare settings.
External validation using datasets from differergtitutions and imaging protocols is
essential to confirm the robustness and appliggbilf the study’s findings across
various clinical environments.

With a large number of radiomic features being aoted from a relatively
small sample size, there is a risk of overfittitng tpredictive models. Overfitting
occurs when a model learns the noise in the trgimiata rather than the actual
underlying patterns, leading to poor performanceew, unseen data.

Radiomics focuses on imaging features, but inteaggagenetic and molecular
data could provide a more comprehensive understgnafi pulmonary nodules. The
absence of such data in the study could limit thiétyto correlate imaging features
with underlying molecular characteristics, whick arucial for personalized medicine

approaches.
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Annexures

ANNEXURE — | -CONSENT FORM

TITLE OF THE STUDY: “RADIOMICS BASED ASSESSMENTOOF
PULMONARY NODULES DETECTED (ON IHIGH "RESOLUTION
COMPUTED TOMOGRAPHY (OF ITHECCHEST: A ADONE/ 'YEAR

HOSPITAL BASEDOBSERVATION-STUDY

PRINCIPAL INVESTIGATOR: REGISTRATION NUMBER. BS0121012

INTRODUCTION AND PURPOSE: Pulmonary nodules are a common
incidental finding on CT scans of the thorax. THmical implications
depend on size, rate of growth and probability afigmant transformation.
Small nodules are usually benign and require nerwention, larger
nodules or those with concerning features warraistopathological
diagnosis to rule out malignancy. Thus there idrfee clear distinction to
accurately diagnose malignant or at risk for madigntransformation

nodules.

PROCEDURE: | request you to kindly participate in the studyetl study

“RADIOMICS BASED ASSESSMENTHOFRPULMONARY.NODULES
DETECTED ON 'HIGH '[RESOLUTIONC COMPUTED (TOMOGRAPHY

OF THE CHEST: "AONE/'YEAR HOSPITAL: BASED OBSERVATND
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STUDY” at Dr. Prabhakar Kore Charitable Hospitatldfiedical Research

Centre, Belgaum” is being conducted by Dr. Post Graduate
in Radio-Diagnosis at J. N. Medical College Belga#arnataka, under the

guidance of DR. Professor, Dept.agidrDiagnosis, J. N.

Medical College, Belgaum.

We request you to participate in this study as g eligible to be
included. During the study you will be asked questi regarding your
present and past medical history and you will lmpiired to answer to the
best of your knowledge. You will also be clinicaljxamined as per the
protocol drawn.

Study will be conducted over a period of one y€xrce the patient
signs the informed consent history and examinatidinbe recorded as per
proforma. You will have to undertake an CT scancwhs done in a closed
environment. During the scan, you lie on a tab#t #lides inside a tunnel-
shaped machine. Doing the scan you must stay®tiéd.scan is painless.

If you agree to participate in the study, pleasmifin the details

pertaining to the study.

COMPLICATIONS: No risk to the patient has been documented from HRC
scans conducted earlier.

RISKS: No risks have been documented so far.
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ALTERNATIVES: If patient is not willing to take part in the stydyis / her
treatment or any other further investigations thggmt wants to undergo, in

future, in KLE will not be affected by his / herailgon

VOLUNTARY PARTICIPATION/WITHDRAWAL :Taking part in this study is
voluntary. | may choose not to take part in thigdgt or if | decide to take
part | can later change my mind and withdraw frowve $tudy. My decision
will not change the present or future health caretber services that |
receive. The study doctor or the sponsor may stgparticipation in this

study. | will tell if any important new findings @ may change my
willingness to continue to take part. If | choos# to take part in the study

| will receive the standard treatment for patiemih my condition.

PAYMENT FOR PARTICIPATION : No incentive will be paid to you for

participating in this study

COMPENSATION: In the event that | become injured as a resultaking
part in this study, treatment whatever availabl&laE Charitable Hospital,
Belagavi, will be offered to me. No reimbursemergmpensation or free

medical care is given.
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CONFIDENTIALITY: All information collected about me during the caurs
of the study will be kept confidential to the extpermitted by the law. The
code numbers will identify me in this research rdcénformation from this
study may be published but my identity will be adehtial in any

publication.

QUESTION: If any enquiries in the future or in case of resharelated
injury illness, you may contact following personRDHARSHA HEGDE,
CHAIRPERSON, JNMC, IEC & Scientist D, ICMR, NATIONA
INSTITUTE OF TRADITIONAL MEDICENE, BELAGAVI Ph. No:

948042250
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CONSENT TO PARTICIPATE IN RESEARCH STUDY

1. I understand that | am participating in the gtughich includes getting a
CT scan done in a closed gantry.

2. | confirm that | have read and understood thiermation in the patient
information sheet. Procedure is explained to meddtail along with

information about the advantages and disadvantafyésking part in the
study. | have been given the opportunity to dis@lisaspects of the trial, to

ask questions and hereby consent to participatioing trial outlined above.

3. | understand that the decision to take parthia study is completely
voluntary and | am aware that | can choose to wadfrom the study at

any point of time.

4. | consent to the photographing or recording l# procedure to be
performed including appropriate portions of my bodgr medical,
scientific or educational purposes provided my fiigns not revealed in

the pictures or by the descriptive texts accompanthem.

5. | understand that there is no significant riskolved in the test that

would be done in this study.

6. No guarantee or assurance has been given byamgoto the results that
may be obtained.

7. My signature on this form signifies that | hawdlingly decided to
participate after understanding the above inforomati
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Participant’s Name/ legally authorized

representative

Signature

Name and signature of witness

Name and signature of interviewer

Date:

Place:
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PROFORMA FOR DATA COLLECTION
TEST SUBJECT NO. () -
AGE -
SEX -
OP/IP NO -
CT NUMBER -
ADDRESS -
CHIEF COMPLAINTS -
PAST HISTORY -
FAMILY HISTORY -
CT FINDINGS -
Presence of pulmonary nodule:
Descriptive parameters of nodule:

Associated Parenchymal abnormalities
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Master Chart
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Subject no F1 Shape b F1 Shape b F2-GraylLev F2-GrayLev F2-GrayLev F2-GrayLev F2-GrayLev F2-GrayLev
1 SurfaceAre Volume

23.45779
38.02554

25.7567

36.3611
36.04385
24.26049
26.15342
29.72087
33.40911
25.21324
25.79954
31.90048
31.73235
28.67721
24.86269
33.16914
35.60407
30.07464
27.20171
32.44127
34.12205
32.73899

37.4852
27.20178
25.77553
31.04707
28.77869
23.75601
31.94121
32.76257
33.12986
34.06647
35.84851
27.02249
31.84341

32.3122

26.7192
32.23384

33.8938
26.19534
30.42948
30.54125
32.66087
29.22423
30.75973

392.6678
95.58907
243.9553
241.6291
143.2646
183.2999
333.8306
440.4366
425.1638
422.4355
263.6777
114.5285
181.635
350.8521
225.3559
137.9549
423.5171
82.26863
422.3116
271.1515
239.3143
323.09
299.7329
90.20937
331.1658
147.5004
272.1164
473.0677
333.6741
416.3891
290.6841
421.2118
178.1075
156.0365
334.8998
270.2503
345.4506
249.4659
231.3618
149.1562
196.5306
178.6411
439.0876
207.9691
90.67527

11.06984
6.376308
6.43996
7.502668
4.517959
24.57631
6.1261
7.441011
23.1027
5.640738
5.008791
17.18059
6.24301
15.55398
19.9506
14.7564
25.50724
6.369574
18.64262
21.3359
20.50257
5.381682
14.49718
17.7274
26.25647
27.12491
15.24792
9.624639
11.2874
15.43121
8.453586
15.35388
20.94915
25.05132
29.34078
19.08865
16.29138
7.446971
29.63512
15.6467
5.059524
16.57667
28.94698
8.537441
11.24783

7.585109
4.988805
5.929087
5.057073
10.01286
7.125849
5.090554
9.991145
9.442825
5.084691
6.559273
7.194089
8.636041
7.481177
6.031055
7.057347
5.541158
7.57
7.312437
4.490646
8.156455
8.42185
8.226349
6.908934
7.717535
9.507362
9.486315
4.098191
6.074507
7.291221
9.179313
8.563333
4.675922
6.57303
7.457395
8.10538
8.702674
8.931487
7.428319
6.210215
6.334644
9.953758
9.13758
7.027733
9.362315

11.14711
6.360031
5.026661
9.6654
5.368882
5.23834
2.639965
8.808528
7.324956
5.717877
3.986449
11.75142
2.38022
5.480255
10.32713
2.708107
2.834401
4.372536
11.52599
2.926654
6.474187
5.38605
3.638442
11.85016
8.212969
8.960283
5.34918
6.297203
10.86745
3.368785
10.03591
8.828661
6.060423
8.94151
10.53982
9.162433
4.004956
10.34644
3.097433
4.37915
12.95477
5.400302
10.63128
8.461181
5.431269

10.88196
5.574712
10.73358
10.29628
10.06757
10.49393
10.59117
9.992194
10.72948
11.08522
11.04637
10.38874
10.89437
10.44965

10.9075
10.55324
11.00083
9.898916
11.32568
9.934301
10.07262
10.83262

11.0244
10.68484
10.83211
11.30713
10.80645
9.699564
9.894107
10.36146
10.67107
10.94969
10.05428
10.31684
11.07186
10.29014
10.76829
10.34854
11.14317

10.7541
9.773262

11.2357
10.17351
10.74754
10.47928

14.70792
8.592495
22.83842
23.78668
7.261694
17.84275
17.98732
6.039343
6.859584
14.17068
21.31838
21.61816
19.98526
7.491127
23.12929
18.53846
23.94491
24.13139
26.56289
22.25447
14.85269
10.58902
15.40031
7.842099

22.7556
24.20106
11.65187
14.90774
9.824279
9.081868
8.163332

6.46593
8.864519
15.78257
8.931455
15.06047
7.676595
11.36488
7.434075
7.577946
16.67067
23.46867
9.963017
6.373836
18.74811

-333-1Cont 0-1Contras 45-1Contra 90-1Contra 135-1Contr-333-1Corr

0.619999
0.769558
0.544118
0.297426
1.032062
0.704001
0.280841
0.999933
0.719919
0.611221
0.199545
0.754515
0.297835
0.675069
0.347088
0.607517
0.311653
0.558077
0.233228
0.254224
0.424314
1.002663
0.464641
0.342546
0.749463
0.237213
0.638451
1.031048
0.922627
0.799791
1.027929
0.196014
1.013255
0.492421
0.946434
0.287893
0.940801
0.493115
0.759558
0.688925
0.206164
0.263909
0.390335
0.993342
0.917549



47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93

36.32069
29.15473
23.79429
31.47018
34.2805
24.184
36.72949
28.19233
24.13659
36.27715
31.28755
25.91763
25.42328
24.20714
25.43752
32.57785
24.55332
35.41889
25.66831
26.22657
24.44649
34.81711
29.77115
34.12351
24.45024
24.53971
35.96666
30.48048
24.36397
34.18994
32.307
30.18704
31.26486
34.63568
25.23033
36.45105
28.72379
34.09009
26.81677
25.88883
26.96555
23.49895
35.06926
32.61541
27.20904
32.0724
33.62682

296.0759
185.3365
395.1944
410.9787
174.4798
91.35129
167.4657
365.9445

412.403
113.3735
327.4128
136.2412
117.7907
210.2067
308.3247
451.2869
139.8838
466.1463
292.5563
311.1065
471.1753

460.919
352.9287
140.2787
427.7357
201.4861
210.2393
82.87861
209.7322
359.2618
183.1864
308.9868
390.7508
157.5378
260.6647
81.43953
345.4463
178.9202
117.3781
273.2546

462.855
449.3187
316.4008
88.11428
129.2526
258.7357
187.8289

23.051
23.63709
11.19305
15.84554
11.02495
9.127999
5.154655
19.10559

4.64508

5.49192
23.24608
27.42292
5.651765
12.71877

27.9572
23.91464
26.49185
10.87289
6.600316
4.343068

12.8173
28.07527
26.79531
18.33593
28.09909
11.39095
23.71713
15.32027
25.13237

4.0285
5.566778
17.57051
19.70585
27.81524
6.681938

20.7632
7.514667

18.147
19.82187
29.29697
10.46924
14.84924
2491738
28.98675
28.72701
16.69493
15.71635

8.434308
5.810833
4.283243

10.0558
8.473258
5.210904
7.890828
7.900802

4.65733
7.909498
5.758573
8.353721
6.049807
10.24793
10.47231
8.878779
9.303489
4.067295
5.625726
4.505584
8.411308
5.290559
10.30086
4.292389
8.058267
5.363826
7.940109
9.411436
10.35735
5.798306
9.413988
4.668977
8.702622
7.926638
5.442734
6.219381
9.734158
9.996826
4.513918
10.15458
4.268952
7.010031

8.28441
5.723341
5.572546
5.090191
9.247351

10.8526
9.197818
2.374766
5.705852
8.496431
8.836855
10.19184

12.9492
9.025021
2.469592

12.941
12.98497
11.15698
2.436379
13.05898
12.48893
11.21034
13.21945

3.18987
5.953776
10.63653
7.608872
3.621545
6.773629
12.58933
9.850502
2.781868
6.232937

2.42578
11.82743
7.934892
9.753326
12.78265
2.500089
9.925899

12.4873
7.256855
5.285716
3.276267
10.37017
8.647725
10.86166
2.375076
13.45276
12.39631
6.459299
2.767879

9.918546
11.04902
10.76293
11.46386
11.01031
10.18931
11.4664
10.14479
9.755328
11.31507
10.29427
10.32039
10.19316
11.21957
11.2364
11.40281
11.46079
9.927534
11.47113
10.91141
10.91685
10.31022
11.389
11.44458
11.42017
10.97848
11.28361
10.26541
11.36568
11.40774
11.24851
9.762503
11.16734
10.08573
10.46847
10.7242
10.90721
10.88898
11.07841
11.21157
11.15135
10.25826
9.708291
10.83609
9.773955
9.692706
11.21999

24.95061
25.39342
16.57793
23.72658

14.3346
13.23873
23.53246
13.81514
25.55944
25.83932
12.11002
23.29181

10.1751
26.33936
5.563114
25.96547
12.49569
25.61872
12.29705
22.70077
6.164415
19.89835
24.96805
7.580365
26.06621
26.52742
7.888158

5.47378
18.38671
14.29799
5.914241
18.66669
23.74366

18.1052
10.43694
12.13005
5.617982
9.817365
12.71908
12.64868

14.8487
6.784636
11.65094
10.06098
6.993995
7.712276
5.832585

0.548745
0.243232
0.786998
0.708354
0.737069
0.349522
0.666382
0.366902

0.22326

0.32229
1.025677
0.258564
0.880289
0.435193
0.659635

0.76091
0.247721
0.762611
0.634172
0.961483
0.573125
0.233476
0.977173
0.863234
0.370541
0.775373
0.289626
0.586569
0.684239
0.762109
0.236106
0.199321
0.349533
1.030198
0.846967
0.324661
0.468419
0.676787
0.732943
0.868002
0.849129
0.431221
0.901699
0.428084
0.332376
0.724125
0.910487



94
95
96
97
98
99
100

26.77541
34.46751
36.15536
25.30644

29.2663
24.96668
36.41123

474.2112

95.5417
105.9646
204.6341
215.7764
96.76147

340.835

5.734019
8.306746
24.76926
28.27653
8.628485
18.31428
11.31705

4.827017
9.239329
9.928586
9.989059
7.829777
9.653022
4.874953

8.264285
3.835091
3.356868
13.12518
9.425838
8.321593
11.19895

11.44017
10.65803
9.820216
11.43743
9.734024

11.1673
10.64697

24.26298
23.41236
6.143155

16.9651
16.46186
5.123963
15.55972

0.341802
0.570096

0.41985
0.755086

0.54274
0.528954
0.935853



F2-GrayLev F2-GraylLev F2-GraylLev F2-GraylLev F2-GrayLev F2-GrayLev F2-GrayLev F2-GrayLev F2-GrayLev
0-1Correlal 45-1Correli 90-1Correli 135-1Corre -333-1Ener 0-1Energy 45-1Energy 90-1Energy 135-1Energ

0.744626
0.820683
0.854346
0.888883
0.859127
0.849602
0.822472
0.850392
0.850611
0.823268
0.886768
0.855441
0.878399
0.832525
0.825059
0.826538
0.846953

0.85734
0.853837
0.872307
0.830239
0.834858
0.837847
0.891077

0.89475
0.861474
0.890428
0.891037
0.869843
0.844371
0.824965
0.852831

0.87366
0.839894
0.854347
0.871666
0.832892
0.891226
0.866187
0.871982
0.823377
0.853601
0.872412
0.868158
0.872028

0.624907
0.768502
0.658723
0.724223
0.730747
0.626504
0.743581
0.625882
0.686499
0.649549
0.743937
0.650885
0.719177

0.65621
0.667673
0.686744
0.736788
0.746718
0.694856
0.698464

0.63726
0.622351
0.730118
0.703107

0.64267
0.630503
0.709511
0.710591
0.753745
0.639395
0.733897

0.75761
0.636208
0.698418
0.677451
0.678248
0.714894
0.727742
0.632019
0.698782
0.681974
0.768356
0.757007
0.655158
0.663951

0.635902
0.799938
0.462775

0.59566
0.627436
0.628306
0.644208
0.536947
0.475242
0.596188
0.495068
0.581486
0.635068
0.568517
0.642068
0.657878
0.541603

0.51519
0.553238
0.511771
0.494239
0.636654
0.622813
0.494378
0.537653
0.538304
0.644864
0.645369
0.631961
0.506541
0.645789
0.618356
0.542185
0.632635

0.58151
0.551327
0.477851
0.634677
0.577959
0.626719
0.546346
0.608736
0.493422
0.574626
0.650691

0.473724
0.688251

0.98323
0.913952
0.940016
0.778597

1.00883
0.826326
1.006485
0.973038

0.97725
0.788436
0.939885
0.918755
0.813561
0.789799
0.773007
1.048433
0.972553
1.040061
0.929932

0.81172
0.792275
0.968334
0.802362
0.901718
0.986038
1.011179
0.871561
0.905683
0.944278
0.849568
1.003918
1.049347
1.001648
0.968489
0.810917
0.848991
0.999643
0.772245
0.925986
0.867137
0.887838
0.862612
1.028451

0.015326
0.013352
0.014188
0.013788
0.014141
0.014115
0.014618
0.013366
0.013473
0.013709
0.013736
0.012738
0.014509
0.012583
0.012604
0.013988
0.013281
0.014155
0.013037
0.013292
0.012713
0.012763
0.014298
0.014441

0.01342
0.013727
0.012811
0.012656
0.013907
0.014098
0.014273
0.014315
0.013454
0.014549
0.013027
0.014529
0.013399
0.014431

0.01414
0.012612
0.013769

0.01403

0.01286
0.013788
0.012826

0.017685

0.01436
0.018364
0.018451
0.019045
0.018134
0.018366
0.017714
0.018732
0.018542
0.018764
0.018849
0.018683
0.019083
0.017728
0.019059
0.018261

0.01884
0.018334
0.018195
0.018957
0.017838
0.018042

0.01859

0.01883
0.018755
0.019271
0.018337
0.018335
0.018512
0.018929
0.018782
0.018518
0.018437

0.01782
0.017829
0.017882
0.018577
0.018542
0.018598
0.017772
0.018531
0.018226
0.019146
0.018453

0.014791
0.013167
0.864118
0.760056
1.007852
0.859812
1.027129
0.763176
1.123115
1.156861
0.961091
0.692598
0.835728
0.690602
0.684432
1.009813
1.025422
0.772815
1.034452
0.934777
0.6379
0.45689
0.840842
1.07559
1.110009
0.435054
0.824701
0.646138
0.548648
0.824404
0.662461
0.439834
0.672054
0.963691
0.533627
0.445754
0.705947
1.097267
1.078347
1.020884
0.858048
0.929644
0.595425
0.827144
0.458833

0.014919
0.013734
0.119676
0.049231
0.113414
0.062786
0.051559
0.017164
0.047914

0.06999

0.12028

0.10516
0.107874

0.09703
0.077994
0.092369
0.042543
0.109702
0.026443
0.055863
0.048312

0.05438
0.049116
0.085907
0.117219

0.08913
0.100167
0.083025
0.068749
0.121213
0.099873
0.091397
0.082853
0.109106

0.08933
0.115992
0.087904
0.079946
0.021063

0.06218
0.039608
0.104457
0.053526

0.05005
0.114664

0.014632
0.012444
0.003401
0.003241
0.002828
0.003187

0.00183
0.002098
0.003176

0.00284
0.003399
0.002928
0.002781
0.001811
0.002784
0.002474
0.003316
0.003515
0.002697
0.001967

0.00282
0.003465
0.003227
0.003418
0.001905
0.002057
0.002373
0.001752
0.002887
0.003292
0.002274
0.002976
0.003078
0.002445
0.001653
0.002545
0.002918
0.001794
0.002181
0.003447
0.001862
0.002411
0.003108
0.001886

0.00164



0.851104
0.891928
0.828091
0.850948
0.892048
0.86722
0.8744
0.830871
0.82704
0.869252
0.894014
0.85514
0.849495
0.870776
0.852611
0.879183
0.830887
0.823384
0.857603
0.840538
0.860829
0.823294
0.870066
0.82302
0.868463
0.830794
0.872525
0.846614
0.845886
0.889486
0.851638
0.891989
0.885089
0.881375
0.850478
0.841962
0.833747
0.873029
0.874527
0.875585
0.871569
0.876626
0.859809
0.860202
0.838136
0.872869
0.891544

0.728584
0.745937

0.67948
0.762127
0.653777
0.767762
0.740947
0.662764

0.66238
0.623197
0.767639
0.639523
0.702655

0.69567

0.66034
0.650707
0.723743
0.616517
0.637149
0.749484
0.649809
0.731241
0.702343
0.688964
0.645723
0.660469
0.657839
0.673339
0.756225
0.725982
0.697637
0.637502
0.634789
0.716965
0.627547
0.676059
0.687153
0.721565
0.763234
0.627924
0.621227
0.750083
0.685693
0.762425
0.684589
0.663689
0.754813

0.551307
0.526152
0.602279
0.612179
0.518981
0.626949
0.466596
0.559249
0.601425
0.536324
0.601958
0.56237
0.607467
0.579441
0.556462
0.54352
0.542592
0.555935
0.520351
0.450052
0.549983
0.65955
0.611519
0.651355
0.509914
0.539436
0.504796
0.611226
0.542505
0.48092
0.605801
0.542135
0.606345
0.587344
0.621385
0.622492
0.565387
0.653034
0.659389
0.643575
0.615044
0.5025
0.640678
0.658289
0.503703
0.450442
0.609476

0.797627
0.911002
0.99908
0.867818
0.8787
0.798931
0.854651
0.85324
0.94007
0.938593
0.996367
0.892681
0.847973
0.918508
0.92683
0.911128
0.877408
0.996495
0.90577
0.787156
0.929273
1.018234
0.878941
0.997943
0.823102
0.950456
1.032561
0.865052
0.894536
0.831852
0.840883
0.943023
0.877811
0.959542
0.954373
0.856065
0.864015
0.792094
1.044686
1.015628
1.013944
1.012064
0.951147
0.786075
0.902596
0.935791
0.968251

0.013964
0.013048
0.013098

0.01277
0.013065
0.013845
0.012956
0.014287

0.01352
0.013433
0.014368
0.013402

0.01375
0.012962
0.014619
0.014054
0.013203
0.012716
0.012713
0.014409
0.012842
0.013419
0.013927
0.013273
0.014092
0.013377
0.014382
0.014551
0.013284

0.01314
0.012655
0.014442
0.014311
0.013116
0.013368
0.012556

0.01253
0.013203
0.013027
0.012734
0.014007
0.014107
0.013575
0.013976
0.014631
0.014223
0.013223

0.018079
0.017777
0.018422
0.018633
0.019099
0.019262
0.018044
0.018889
0.017888
0.018665
0.018208

0.01926
0.019298

0.01893

0.01928
0.019241
0.018005
0.018721

0.01927
0.018393
0.018178
0.018644
0.017972
0.018811
0.017893
0.017981
0.018642
0.019109

0.01921
0.018205
0.018078
0.018016
0.018548

0.01893
0.018197
0.017895
0.017737
0.018632
0.019068
0.018455
0.018988
0.018758
0.018348
0.019167
0.019106
0.017768
0.017903

0.902241
0.546873
0.882995
0.683053
0.748013
0.625155
1.028195
0.572032
1.092286
0.528576
0.782143
0.937042
0.643278
1.067486
0.458545
0.544621
0.987711
0.531455
0.965779
0.495357
0.574341
1.074626
0.591704
0.740191
0.674396
1.021723
0.827358
0.503706
0.804918
0.888893
0.976969
0.858614
0.451023
0.662721
0.916111
0.612649
1.059445
0.440815
0.964119
0.809149
1.127432

0.86087
0.838864
1.009916
1.104222
1.133093
0.717265

0.050831
0.096
0.117389
0.016953
0.02885
0.111584
0.058736
0.025868
0.024707
0.070594
0.049101
0.052004
0.113435
0.059724
0.09722
0.096068
0.061628
0.115268
0.113764
0.104787
0.086824
0.053757
0.09927
0.056468
0.120594
0.054564
0.070895
0.08316
0.102953
0.023068
0.072657
0.014842
0.05079
0.022098
0.07758
0.109222
0.016218
0.104193
0.026789
0.114703
0.084052
0.069371
0.033653
0.066571
0.104262
0.077449
0.047036

0.002597

0.00156
0.002588
0.002696

0.00346
0.001907
0.002488
0.002265

0.00252
0.002605
0.001716
0.002544
0.002231

0.00339
0.003324
0.002476
0.003077
0.001783
0.002323

0.00293
0.001476
0.003347

0.00251
0.001557
0.002662
0.001891
0.003381
0.002488
0.002211
0.003532
0.002527
0.003335

0.00259
0.001827
0.001792

0.00275
0.001479

0.00263
0.002993
0.001914
0.002817

0.00261
0.001503
0.002655
0.001937
0.003642
0.001823



0.870344
0.880963
0.890049
0.875855
0.852267
0.822522
0.845547

0.741756
0.670343
0.683575
0.621733
0.688356
0.686685
0.734555

0.658956
0.609437
0.464472
0.594694
0.572395
0.543176
0.587553

0.925872
0.825957
0.776317
0.813875
0.793009
1.005902
0.783016

0.013501
0.013016
0.012808
0.013573
0.013911
0.012782
0.012979

0.018442
0.018668
0.018348
0.018873
0.017983

0.01787
0.017927

1.061208
0.754343
0.973223
1.091358
1.114893
1.020068
1.058117

0.103978
0.038563
0.045519

0.02593
0.088726
0.064784
0.023481

0.002117
0.002998
0.001903
0.001832
0.001526
0.003636
0.002861



F3-Neighbc F3-Neighbc F3-Neighbc F3-Neighbc F4-Intensit F4-Intensit' F4-Intensit' F4-Intensit' F4-Intensit
GlobalEntr(GlobalMea GlobalMed GlobalStd GlobalUnif

Busyness
3.59E-05
3.28E-05
4.76E-05
4.23E-05
4.26E-05
4.58E-05
3.62E-05
4.51E-05
4.21E-05
3.88E-05
3.91E-05
3.67E-05
3.64E-05
3.93E-05
4.02E-05
4.54E-05
3.90E-05
3.95E-05
3.76E-05
4.32E-05
4.51E-05
4.03E-05
4.72E-05
4.09E-05
4.64E-05
3.62E-05
3.62E-05
3.67E-05
3.92E-05
4.45E-05
4.26E-05
3.93E-05
4.51E-05
3.67E-05
4.40E-05
3.83E-05
4.50E-05
3.76E-05
4.74E-05
3.92E-05
3.92E-05
3.60E-05
3.62E-05
4.72E-05
4.01E-05

Coarseness Complexity Contrast

0.064626
0.071192
2.12E+10
0.142058
0.121246

0.20686
0.183682
0.132007
0.087524
0.232983
0.226481
0.228912
0.215198
0.140021
0.158784
0.142969
0.158533
0.173923
0.237816
0.241618
0.239113
0.093006
0.161183
0.147752
0.096487
0.210624

0.19943
0.115904
0.235597
0.196546
0.192709
0.204024
0.209498
0.117437
0.159921
0.210538
0.210525

0.21015
0.187244
0.135044
0.248023
0.188785
0.104239
0.176389
0.200874

646558.1
708412.1
619122.6
709486.4
602704.2
630612.3
699112.7
680206.1
667216.7
649363.7
683815.7

683325
597670.4
712039.3
684335.4
656661.6
584414.6
596506.7
639824.9
671978.8

621329
696917.4
672949.8
589148.4
592960.9
607485.2

697354
670696.4
671924.4
660093.6
686237.9
635573.3
659430.8
603740.8
646984.8
685493.3
682991.7
683871.2
592370.1
661736.6
617702.9
591417.5
658550.5
664851.1
702893.7

0.234211
0.364118
0.684718
0.711822
0.695756
0.682539
0.685577
0.716904
0.666849
0.700768
0.743327
0.677475
0.679242
0.71961
0.736327
0.70018
0.740013
0.687106
0.688952
0.68748
0.707386
0.709873
0.671078
0.691034
0.679274
0.682104
0.719532
0.70621
0.724148
0.6699
0.687095
0.737811
0.701219
0.708872
0.694996
0.735871
0.666338
0.730624
0.667812
0.733079
0.670434
0.684835
0.716437
0.715424
0.719482

6.945094
7.099631
9.393233
8.988847
7.993463
10.25212
8.939546
7.387166
9.720544
7.646247
9.899301

9.44311
7.797218

9.39466
7.260466
7.424146
8.299834
8.552912
9.527933
9.776898
7.879511
8.369036
8.916064
7.951775
8.695375
9.815628
7.632364
10.26158
7.106319
9.428344
9.390466
7.140861
7.965303
8.209767
8.476293
10.11064
7.038554
7.471963
7.895633
9.490619
7.653747
8.725007
7.931782
7.157431
7.013406

1025.086
1020.299
1041.977
1040.066
1036.293
1039.509
1046.094

1039.72
1044.886
1044.604

1046.46
1045.856
1039.986
1039.813
1029.328
1045.009
1046.011
1045.963
1037.392
1035.895
1043.163

1041.89
1032.989
1029.341
1037.487
1044.841
1040.224
1031.223
1041.795
1040.922
1034.437
1042.624
1037.144
1031.152

1034.67

1034.83
1035.494
1034.839
1042.449
1040.315
1042.133
1045.039
1039.594
1035.833
1041.885

1030
1028
1065
1022
1045
1042
1020
1037
1049
1049
1041
1056
1034
1061
1056
1036
1019
1036
1019
1022
1028
1054
1045
1021
1036
1042
1058
1064
1030
1025
1035
1042
1048
1063
1045
1058
1044
1063
1053
1032
1049
1056
1066
1020
1059

42.81566
38.25965
31.39281
36.22893
52.15117
56.43963
32.28969
36.12225
43.98341
49.95758
37.17305
47.11592
38.41736
57.73067
37.41334
35.66008
36.49581
43.21967
50.68125
39.01904

34.5032
47.54314

38.9062
38.22109
38.42776
46.50594
45.83133
44.06063
50.51562

51.8103
50.51712

44.7705
31.90348
34.22106
48.21201
46.62006
55.42975

41.7792
46.16175
46.02877
44.25185

47.7095
47.98888
49.22118
48.79776

0.010871
0.009287
0.094463
0.180214
0.136868
0.162613
0.098929
0.139754
0.170341
0.177191
0.186524
0.107462
0.119845
0.109549
0.179078
0.128665
0.152038
0.174447
0.114522
0.170136
0.109764
0.117462
0.091715
0.094547
0.124269
0.092809
0.093395
0.116213
0.146791
0.133587
0.102841
0.121864
0.114791
0.123433
0.125013
0.105194
0.112378
0.154688
0.146502
0.127423
0.133426
0.144546

0.14672
0.140172
0.150672



3.83E-05
4.48E-05
3.91E-05
4.08E-05
4.77E-05
4.76E-05
3.96E-05
4.54E-05
4.10E-05
4.18E-05
4.26E-05
4.72E-05
3.66E-05
4.44E-05
4.77E-05
4.01E-05
4.47E-05
3.71E-05
3.77E-05
4.41E-05
4.54E-05
3.76E-05
4.04E-05
3.64E-05
3.75E-05
3.99E-05
4.74E-05
4.03E-05
4.40E-05
3.66E-05
4.17E-05
4.49E-05
4.10E-05
4.25E-05
4.19E-05
4.27E-05
3.86E-05
4.13E-05
3.64E-05
4.20E-05
4.50E-05
4.55E-05
4.63E-05
3.77E-05
4.34E-05
3.83E-05
4.55E-05

0.231522
0.180033
0.131597
0.1462
0.137909
0.203795
0.173927
0.137274
0.10036
0.10369
0.204867
0.159847
0.241719
0.23958
0.174254
0.204831
0.210108
0.085092
0.208819
0.148351
0.088183
0.088943
0.137635
0.217767
0.15525
0.221784
0.138984
0.131403
0.229964
0.189123
0.111868
0.199578
0.092313
0.23609
0.114271
0.22491
0.126458
0.131967
0.169447
0.247573
0.105019
0.095332
0.140916
0.098851
0.250237
0.185138
0.188408

683815.7
695766.7
614233.6
675756.5
694546.8
661267.4
608575.6
703140.4
640291.4
602148.2
594257.2
683051.5
630315.6
686038.7
645508.7
695076.6
642122.6
679955.1
645951.3
671205.9
610147.3
673141.8
687563.5
663267.3
679095.5
685568.2
594490.9
613743.6

704321
603925.3
625589.3
648409.4
622538.4
660724.5
613524.3
679661.9
654673.8
691674.3
642705.6
600723.3
693454.1
630964.3
608421.5
587632.9
652778.6
619326.4

689855

0.719261
0.708693
0.719228
0.691786
0.697547
0.730572
0.723281
0.700571
0.714437
0.712791
0.672586
0.708035
0.738899

0.73743
0.710021

0.67061
0.726549
0.706938

0.69325
0.684657
0.678763
0.691202
0.715567
0.713549
0.685626
0.717891
0.704909
0.672899
0.688916
0.714987
0.733955
0.735472
0.666223

0.73779
0.713432
0.699737
0.717489
0.702171
0.706908
0.667517

0.71931

0.67417
0.696543
0.742938
0.725661
0.675295
0.709411

9.695958
7.174458
7.781434
8.092526
9.553367
7.608697
8.851503
7.550431
8.482726
9.688439
10.02965
9.805916
8.482224
7.119022
8.459183
9.805044
9.871513
7.311719
10.03601
7.561154
8.420371
9.552369
8.243404
9.686208
9.243134
8.202977

7.37001

7.37427
9.015734
7.041572

8.61645
7.975014

9.59214
9.687888
9.764147
7.558848
9.393059
7.669743
7.556891
9.452725
7.458686
6.988433
8.866208
8.195218
9.741061
9.294543
6.969937

1034.084
1041.769
1037.039
1046.806
1044.395
1032.419
1043.38
1038.09
1036.812
1031.189
1045.481
1035.786
1030.354
1045.868
1038.188
1036.236
1031.416
1033.977
1031.52
1046.026
1033.763
1032.222
1038.644
1032.668
1038.609
1032.635
1035.113
1037.285
1042.547
1034.129
1039.339
1041.016
1035.257
1045.168
1040.542
1031.025
1031.491
1035.807
1038.956
1033.894
1030.825
1046.079
1042.679
1041.452
1032.561
1040.6
1039.005

1033
1046
1028
1031
1063
1018
1055
1057
1036
1056
1054
1059
1030
1050
1036
1022
1049
1045
1023
1034
1051
1024
1041
1028
1047
1051
1019
1038
1049
1028
1045
1064
1043
1057
1025
1043
1034
1065
1049
1057
1036
1027
1029
1055
1031
1063
1041

31.75105
56.53988
38.62685
52.62805
48.98421
32.20415
43.54117
44.86646

44.5357
44.52033
49.85439
35.34898
45.36281
46.01718
55.25603
55.49736
56.10092
33.51252
42.31939

52.7386
51.03755
38.33476
41.25637
58.15738
44.34903
44.10864
52.44551

54.1216
32.15213
32.61835
36.77602

57.6863
34.79558

43.9606
33.90995
38.84926
36.39025
55.29199
56.50185

55.2236
54.74609
36.30447
57.81225

45.8495
57.98443
48.34348
53.22491

0.097298
0.138218
0.088798
0.092551
0.163388
0.162722
0.151023
0.104787
0.131989
0.147952
0.102873
0.146067
0.107845
0.111492
0.158371

0.13795
0.136049
0.095879
0.094592
0.173032

0.09175
0.163835
0.170422
0.189443
0.133976
0.120342
0.118477
0.179502
0.173837
0.169115
0.136076
0.143669
0.100598
0.163349
0.128666
0.172258

0.14561

0.10768
0.177515
0.111728
0.130539
0.161427
0.169957
0.182084
0.179369
0.090953
0.166793



4.22E-05
3.62E-05
3.68E-05
3.71E-05
4.65E-05
3.72E-05
4.61E-05

0.198372
0.088415

0.15502
0.235502
0.207023
0.222069
0.171802

690679.2
656279.2
635192.6
607456.1
652749.2
585067.8
641550.2

0.699257
0.717576
0.742355
0.741153
0.714287
0.730726
0.680979

8.30352
8.233527
8.244196
9.361846
8.870571
7.531969
10.28141

1045.172
1039.578
1030.173
1043.127
1035.416
1035.432
1040.438

1051
1055
1057
1047
1039
1027
1038

40.5506

44.8671
36.67048
33.01236
41.55028
36.48213
40.29385

0.17076
0.146802
0.134449
0.179823
0.181718
0.170594

0.09822



F4-Intensit F4-Intensit F4-Intensit' F5-Intensit' F5-Intensit' F5-Intensit' F5-Intensit' F5-Intensit' F5-Intensity

Kurtosis  Range Skewness GlobalEntrcGlobalMea GlobalStd GlobalUnif(Kurtosis  Skewness
88.90288 1150 4.0251 2.751945 3.049038 2.130714 0.181607 16.08519 2.035714
7.240097 603 -0.59753 2.715981 3.042872 3.199063 0.194972 112.483 8.08827
79.31847 1047 2.719657 2.862951 5.071693 3.422642 0.207813 132.2156 12.90664
96.39532 1256 5.494351 3.605871 5.077962 4.293304 0.181565 40.2948 12.0456
85.77603 764 4.368299 3.413977 3.736534 3.759567 0.188842 56.27957 7.620369
48.51196 1238 1.579813 3.917677 3.406056 4.424447 0.189485 143.8133 11.02406
51.95597 1177 4.957667 3.219681 4.71293 6.902028 0.201094 79.94511 15.29041
98.77871 633 4.674394 2.977036 5.062577 5.614352 0.182528 110.8609 14.00825
23.64827 847 -0.00583 2.919099 3.994198 3.516109 0.209891 102.6549 16.24721

74.8736 571 6.769735 3.376579 3.548813 6.319715 0.209652 195.9525 10.25082
16.94251 1072 4.592133 3.059997 3.720941 4.639048 0.200703 31.22101 8.864411
56.48876 1158 5.983162 2.126041 4.397774 2.462454 0.210884 47.92656 16.66893
33.84745 1198 5.815519 2.881348 5.122036 4.147941 0.197532 114.1965 5.622638
15.02231 515 0.334712 3.575842 5.134755 2.468365 0.188903 197.0119 15.11296

47.9215 548 2.925698 2.346933 3.544663 6.291439 0.191674 64.13559 13.41484
98.62871 1150 0.513187 2.568884 4.46307 5.957011 0.204525 61.83874 2.004016
26.66644 593 0.851485 3.881653 2.832233 3.770128 0.210107 40.47692 13.9166
61.39052 703 5.51147 2.513153 3.000831 3.627379 0.206203 151.8817 13.57656
58.44486 899 1.740509 3.530851 4.358974 4.673565 0.181704 108.2012 13.72976
48.60121 901 1.703575 2.203982 3.647704 2.378206 0.21105 63.04111 7.923114
71.85739 1136 2.419616 3.99301 4.051809 3.094374 0.189829 36.14669 13.94549
23.60737 658 5.71128 3.451854 2.443796 2.468588 0.192647 200.8823 1.968064

34.7359 688 2.028432 2.180777 5.018196 2.91753 0.18731 76.76079 14.1118
21.32256 749 0.772787 3.103705 2.814428 2.201059 0.203062 53.97167 7.878553
90.07169 1226 1.773051 3.120521 5.003324 5.219686 0.194593 113.2488 5.087453
16.41759 1241 6.422304 2.597604 4.452556 2.618696 0.207982 105.6631 4.648345
64.77975 610 4.240496 3.565383 4.444398 3.391498 0.211817 73.95259 3.922356
81.78216 1023 2.372911 3.329008 3.485885 4.998466 0.212057 187.3006 12.33467
40.99889 509 1.270026 4.080789 5.023547 3.664791 0.197585 145.8051 8.278929
86.66067 1291 3.893029 3.474248 4.060671 2.751576 0.196624 114.7427 1.917255
82.59791 929 -0.16911 3.636416 3.686598 6.173736 0.182989 53.73508 2.041032
16.64207 1155 0.980886 3.780719 4.203027 5.733213 0.191512 52.38861 14.48609
33.35058 960 4.257458 3.213483 2.954654 4.313837 0.199817 130.8004 4.714663
56.66863 518 6.545739 2.137477 3.062365 6.770613 0.189491 190.4335 10.23253
7.139128 956 0.56497 3.453929 2.265699 3.799292 0.181573 84.25854 3.95607
12.52361 1256 4.23536  2.85387 3.559916 4.688338 0.195504 194.5783 2.557827
95.71188 588 0.383993 3.202495 2.566372 3.820401 0.206322 196.5941 1.234611
90.81987 958 4.505359 3.85838 3.444174 4.557093 0.191146 43.08732 12.4588
64.69953 465 6.031483 2.678271 2.554095 5.259213 0.21165 38.64212 15.63552
14.95758 1095 1.698624 4.115064 3.775793 4.857774 0.186296 96.053 6.072983
58.78787 909 2.118528 2.302135 2.966435 5.611716 0.185324 78.01223 15.56449
16.80607 728 6.282371 3.113896 2.962791 4.901143 0.198062 49.56767 16.03443
69.26745 856 0.0326  2.60142 3.058779 5.387258 0.20587 135.1867 1.893191
54.53254 508 0.050885 2.78019 2.248372 2.555873 0.193532 146.7878 14.84424

56.76557 594 1.692994 3.117949 4.675534 4.096112 0.207118 66.14 7.868194



14.27219
43.71818
35.31199
92.31191
13.38993
11.74064
88.79792
25.03341
87.81402
54.62524

90.2534
88.08889
83.53483

7.60385
29.05757
63.43444
26.58698
50.20385
76.65186
84.55157

67.1802
53.89726
38.09796
75.64195
42.08143
98.59779
84.21191
19.50522
17.23983
62.37033
33.08866
41.31268
99.96341
12.14202
61.46695
84.57476
89.46865
52.70163

25.2812
52.71759
55.94273
86.14762
99.86716
15.59766
69.80585
95.13009
66.12361

608
1264
1263
1054
1156

802

950

502

961
1216

716

871
1008

669

823

803

950

610

781

993
1025

831
1181
1167

837
1034

586
1261

814

943

963
1252
1153

535

977

827

805
1189

766

720

811
1018
1010

571
1096
1087

584

-0.32706
6.233151
5.462638
5.818268
5.860308
2.921738
6.454253
7.188776
6.780082
4.485902

2.8674
5.373539
0.548191

1.600466

-0.02105
6.522197
4.772573
3.569422

-0.09354
4.989084

4.17874
6.95123
1.92319
5.311768
3.368609
1.7252
6.992271

2.889141
1.606037
4.635731
4.979373
5.752168
6.361102
2.720556
4.334398
5.890771
0.828615
7.173981
3.434747
4.406693
0.083956
0.788904
5.321986
1.343687
1.316696
1.854569
2.938964

3.764238
2.780517
3.226348

4.11305
3.699342

2.11958

2.79952

3.42929
3.505323
2.779128
2.139659
2.989515
3.225771
2.392645
2.148825
3.542235
3.277923
3.963295

3.84634
3.569456
2.508346
3.467961
4.146958
3.229316

3.20608
2.935949
3.322165
2.414207
2.306221
4.072977
3.945174
2.713092
3.297756
2.819902
2.463814
3.739662
3.051833
2.661844
2.360267
3.125827
3.668851
3.686798

2.32316
4.001437
2.334135
3.527352
2.265651

5.134074
2.204021
4.206357
4.249283
3.392464
4.413588
4.478223
2.3972
2.91366
4.761131
3.752676
5.054242
4.681941
3.136169
4.428218
3.771112
3.672466
3.025764
3.418862
4.416372
3.527418
4.49956
2.181014
4.832061
2.888988
2.382447
2.700549
2.221166
2.375481
4.118093
3.202006
2.952398
3.351471
3.178805
2.354202
2.662929
3.907445
2.344563
3.671202
4.786413
4.288113
3.617282
5.184604
3.102128
2.289868
4.605962
2.61338

4.107531
2.858224
6.216812
4.131106
4.910406
4.234721
5.840579
6.030604
5.526028
5.121813
2.921265
2.713536
6.386853
6.414307
3.591217
3.599432

3.55845
6.587973
5.565014
3.085068
3.934952
4.606188
2.524171
4.218889
2.225626
2.876768
6.458246
6.284263
5.173055
5.668937
4.684366
4.063902
2.817627
6.467994
6.836698
5.517108
6.303145
4.025641
5.749266
4.006108
5.998882
2.380114
3.866187
3.265481
2.409488
5.773216
6.242747

0.193839
0.203467
0.199867
0.188973
0.189228
0.189106
0.188147
0.200978
0.185382
0.19215
0.183905
0.198775
0.185688
0.191226
0.189371
0.181169
0.184297
0.196903
0.195755
0.194816
0.194975
0.190815
0.183911
0.181334
0.193466
0.204894
0.20821
0.190963
0.20115
0.182112
0.193511
0.205347
0.190933
0.189673
0.19676
0.208581
0.20418
0.190287
0.186662
0.20226
0.182267
0.209245
0.19766
0.204919
0.202
0.195059
0.204573

11.4061
132.0191
160.009
123.2154
29.87031
166.5966
150.1861
165.2274
177.5916
99.09276
47.2987
70.16961
208.7161
205.9091
139.2051
163.1859
138.7941
68.01577
156.2628
107.9237
100.8943
151.7233
195.7473
53.04824
80.69137
125.3574
134.179
77.09512
100.5538
31.71453
171.2342
162.9881
161.3379
50.63814
109.3384
24.859
118.6594
131.1085
183.9969
88.64405
190.5699
141.2816
65.84468
210.526
132.6953
42.56629
79.82805

8.727606
15.42921
16.26306
7.029862
2.585335
15.68283
16.68045
8.885457
15.24968
9.460116
13.41541
16.31104
3.277799
12.92076
13.59589
10.63653
1.765055
9.909979
7.549397
1.666932
8.755981
5.077758

2.31435
9.244764
14.55868
7.204307
6.473681

2.32544
5.692321
12.73982
15.32394
4.892434
12.51511
5.457295
5.409362
11.06412
10.28537
17.03166
8.697844
7.023187
15.69241
12.81611

9.79602
3.948374

7.70399
9.105879
9.124649



59.59277
74.55934
26.66861
26.82468
28.55254
93.69793
25.06012

1095
1061
1216
1100
1095
1194

485

3.157464
3.771644
-0.35783
3.865475
0.819526
6.727788
2.734583

4.067085
2.934725
2.602357
2.259436

3.95483
2.587101
3.897041

5.053062
4.373115
4.012677
4.874233
2.679573
3.900347
2.198538

6.029405
4.336347
4.871213
4.273796
4.709954
5.231592
6.053814

0.207079
0.196396
0.202489
0.184799
0.189902

0.18434
0.192601

102.6269
152.2146
126.8328
128.4024
86.28694
75.65868
152.9712

1.795917

8.22806
13.37031
13.76363
3.028584
1.302512
6.099776
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