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ABSTRACT 

Medical imaging has become an integral part of clinical diagnostics since the discovery of  

X-rays at the end of the 19th century. Recent advances in computing power have opened up 

the possibility to extract quantitative data from medical images beyond what is visible to the 

human eye, so-called radiomics. Additional information from standard imaging modalities 

such as computed tomography (CT), magnetic resonance imaging (MRI), and positron 

emission tomography scan (PET) can thereby be acquired. 

Texture analysis is one of the most studied methods within the concept of radiomics. The 

textural parameters calculated describe spatial relationships between voxel intensities and 

image heterogeneity. Methods based on gray level co-occurrence matrices (GLCM) are 

among the most common implementations of texture analysis of medical images. Recent 

studies have shown relationships between textural parameters and outcome parameters such 

as overall survival, treatment response and molecular markers in different types of cancers. 

In this thesis, the potential application of textural analysis to be used as a prognostic tool in 

different cancers without requiring major changes to clinical imaging practice was evaluated. 

In study I, a GLCM-based tool supporting analysis of 3D volumes was developed and applied 

for texture analysis of MRI images of low-grade glioma. The mutation status of isocitrate 

dehydrogenase (IDH) in low-grade glioma could be predicted using the GLCM textural 

parameter Homogeneity. 

In study II, the use of semiautomatic segmentation was shown to reduce intra- and  

interobserver variation at CT volumetry of esophageal tumors when compared to manual 

segmentation. The influence of differing skill levels between the observers could also be 

reduced. 

Study III showed that textural analysis could be used to predict ypT-status of  

post-neoadjuvant esophageal adenocarcinoma. Significant differences in textural parameters 

were observed between esophageal adenocarcinoma and squamous cell carcinoma, which 

suggest that the two tumor types should be analyzed separately in future studies involving 

textural analysis of esophageal cancer. The addition of PET image data during CT 

segmentation of esophageal tumors did not improve the correlation between the included 

textural parameters and ypT-status or overall survival. 

Study IV found no additional variation in textural parameters due to use of contrast media for 

normal hepatic tissue or hepatic lesions, implying that reproducible contrast medium timing 

should not be an issue at perfusion CT texture analysis of hepatocellular carcinoma. 

In conclusion, this thesis shows that histopathological differences in tumors can be observed 

using non-invasive diagnostic imaging through textural analysis. The method is applicable to 

both CT and MRI and on different types of tumors. 



SAMMANFATTNING 

Medicinsk bilddiagnostik har sedan upptäckten av röntgenstrålar i slutet av 1800-talet varit 
ett viktigt verktyg för klinisk diagnostik. Utvecklingen av datorberäkningskapacitet har 
möjliggjort tillämpningar av metoder för att beräkna kvantitativ data från medicinska bilder. 
Dessa tillämpningar ingår i samlingsbegreppet ”radiomics”, och har utvecklats som en ny 
källa för att få ut ytterligare information från vanliga bilddiagnostiska metoder som 
datortomografi (DT), magnetresonanstomografi (MRT) och positronsemissonstomografi 
(PET), utöver vad som kan uppfattas visuellt. 

Texturanalys är en av de mest undersökta metoderna inom konceptet ”radiomics”. De 
texturparametrar som beräknas fram beskriver sambandet mellan intensitet mellan olika 
voxlar och kvantifierar visuellt uppfattade ojämnheter i bilder. Metoder baserade på 
beräkningen av matriser som beskriver samförekomst av gråskalor (gray level co-occurence 
matrices, GLCM) är bland de vanligaste tillämpningarna av texturanalys av medicinska 
bilder. Aktuella studier har påvisat samband mellan texturparametrar och utfallsmått som 
exempelvis överlevnad, behandlingsrespons och molekylära markörer för ett flertal 
cancerformer. 

I denna avhandling undersöks om texturanalys, utan behov av förändringar av nuvarande 
rutiner för bilddiagnostik, kan tillämpas som prognostiskt verktyg för ett flertal cancertyper. 

I studie I utvecklades ett GLCM-baserat verktyg för att analysera 3D volymer och användes 
för texturanalys av MRT bilder av låg-gradiga gliom. Genom beräkning av GLCM 
texturparametern Homogenitet kunde mutationsstatus av isocitratdehydrogenas (IDH) i  
låg-gradiga gliom förutsägas. 

I studie II visades att användning av semiautomatisk segmentering, jämfört med manuell 
segmentering, minskade mätvariation inom och mellan observatörer vid DT volymetri av 
esofaguscancertumörer. Mätskillnad på grund av skillnader i erfarenhet mellan 
observatörerna kunde också reduceras. 

Studie III visade att texturanalys kan användas för att förutsäga ypT-status i esofagalt 
adenocarcinom efter neoadjuvant behandling. Signifikanta skillnader i texturparametrar 
observerades mellan esofagalt adenocarcinom och skivepitelcancer, vilket medför att dessa 
tumörformer bör analyseras separat vid framtida studier av texturanalys av esofaguscancer. 
Tillägg av PET bilddata vid segmentering av DT bilder av esofagustumörer förbättrade inte 
korrelationen mellan de inkluderade texturparametrarna och ypT-status eller överlevnad. 

I studie IV sågs ingen ytterligare variation av texturparametrar på grund av användning av 
kontrastmedel i normal levervävnad eller i lever lesioner. Detta tyder på att exakt 
reproducerbar tidpunkt av bildtagning vid användandet av kontrastmedel är av mindre vikt 
vid applikationer av texturanalys av perfusions-DT bilder av levercancer. 

Sammanfattningsvis visar denna avhandling att histopatologiska skillnader i tumörer kan 
observeras med hjälp av icke-invasiv bilddiagnostik genom texturanalys. Metoden kan 
tillämpas på både DT- och MRT-bilder för flera typer av tumörer. 
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1 INTRODUCTION 

1.1 Low-Grade Glioma 

Low-grade glioma (LGG) is a rare primary brain tumor, which predominantly occurs in 

relatively young patients between the late twenties to the mid-forties (1,2). The usual clinical 

manifestation is in the form of generalized tonic-clonic seizures, but a longer period of partial 

seizures for several months has also been observed (1,3). However, focal neurological signs 

are uncommon, as LGGs usually infiltrate brain parenchyma instead of compressing or 

destroying it. The use of diagnostic imaging in the form of magnetic resonance imaging 

(MRI) is an important part of diagnosing LGG but not recommended as the sole method (4). 

Histopathological analysis of surgical biopsy or resection is needed for final diagnosis (4,5). 

The typical clinical course is relatively indolent compared to high-grade gliomas. However, 

there is a high level of clinical heterogeneity within LGGs and a clear connection between the 

molecular status of the tumor and overall prognosis has been identified (1,4). The isocitrate 

dehydrogenase (IDH) status (wild-type or mutated) and 1p-19q codeletion status are 

commonly used to stratify LGG; mutation of IDH and/or presence of 1p-19q codeletion are 

associated with prolonged overall survival (4,5). Although the morphologic appearance of 

IDH wild-type variant (IDHwt) is consistent with LGG from a molecular and clinical point of 

view, there are similarities to glioblastoma (6). However, the exact pathophysiological 

mechanism with which IDH mutations affects LGG prognosis is currently unknown. The 

prognostic significance of molecular status for LGG is reflected in the strong 

recommendation to test for IDH mutation and 1p-19q codeletion in the current 2016 WHO 

glioma classification guidelines (5) and that the molecular status supersedes cell morphology 

for the definition of tumor categorization. As IDH mutations are almost always found among 

tumors with 1p-19q codeletion, LGGs are usually categorized into those with IDH mutation 

and 1p-19q codeletion, those with IDH mutation but no 1p-19q codeletion and those with 

neither (5,6). 

Current treatment strategies include long-term observation, surgery, radiation, and 

chemotherapy. However, the optimal management of LGGs is currently unclear. There are no 

clear indications that early surgery improves outcome in comparison to observation, and later 

intervention when detecting growth of the LGG (7). However, LGGs grow continuously, 

which renders the detection of growth and the need for future surgical intervention inevitable. 

The benefits of radiation and chemotherapy are currently unclear due to the lack of consensus 

regarding the timing and sequence of their usage. Current studies of radiation therapy have 

shown prolonged progression-free survival by 2 years, but no improvement of overall 

survival (8). Use of chemotherapy results in progression-free survival between 3 to 5 years 

(9). Recent findings also suggest that combining radiation with chemotherapy could improve 

survival (10) and a phase III trial, (ECOG-E3F05), comparing radiation therapy to 

chemoradiotherapy for high-risk LGG patients is currently ongoing (11). 
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1.1.1 Current role of diagnostic imaging 

Diagnostic imaging in the form of MRI using a T2-fluid-attenuated inversion recovery 

(FLAIR) sequence is central in both the diagnosis and for assessing treatment response of 

LGGs. The use of MRI is preferred to computed tomography (CT) due to better delineation 

of the tumor and higher sensitivity to enhancement (12). The appearance is typically 

hypointense on T1-weighted sequences and hyperintense on T2-weighted and FLAIR 

sequences (Figure 1). Despite the observed clear margins on T2-FLAIR images, LGGs tend 

to infiltrate into surrounding tissue (13). There is usually little contrast enhancement, 

although up to 60% of LGG tend to have some enhancement of contrast. However, diagnostic 

imaging alone cannot be used for the staging of tumor grade, and histopathological 

examination of suspected tumor is required for the diagnosis and staging of LGG (4,5). MRI 

spectroscopy and positron emission tomography (PET) could potentially improve diagnosis 

but are not in routine clinical use (13–15). 

Another role of diagnostic imaging is for long-term observation of LGG progression and 

assessing treatment response. The currently preferred method is MRI with a T2-FLAIR 

sequence, which offers information about tumor size and presence of peritumoral edema (12). 

As with diagnosis, use of MRI spectroscopy and positron emission tomography (PET) have 

been suggested in order to improve the reliability of the evaluation (16,17). However, the 

additional prognostic value is currently unclear. The Response Assessment in Neuro-

Oncology (RANO) is the current guideline for assessing outcome in studies of LGG (18). 

The definitions of complete response, partial response and minor response to treatment are 

based on tumor size and appearance on T2-FLAIR MRI images, thus highlighting the role of 

diagnostic imaging in response assessment. 

 

Figure 1 Magnetic resonance images of low-grade glioma on T1-weighted (A) and T2-weighted FLAIR (B) images. 
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1.2 Esophageal Cancer 

Esophageal cancer is a common cancer form in the world and the sixth most common cause 

of cancer death. The two major histological types are squamous cell carcinoma (SCC) and 

adenocarcinoma (AC) (19–22). SCC is more common globally, but AC is more common in 

Western populations, which is attributed to obesity and high prevalence of gastroesophageal 

reflux (23,24). Clinical presentation is asymptomatic during the early stages; more advanced 

disease usually presents with progressive dysphagia, with difficulty of swallowing solids 

initially and followed by liquids as the disease progresses. Unintentional weight loss is also 

commonly observed (25). Overall 5-year survival is currently around 25%. The lack of 

symptoms until later advanced stages of the disease results in only 25% being eligible for 

curative therapy due to delay of diagnosis (20–22). Endoscopic examination of the esophagus 

and stomach with biopsy of suspicious lesions is currently the preferred method for initial 

diagnosis. Later staging is a multi-modal process involving endoscopic ultrasound (EUS), CT 

and fluorodeoxyglucose (FDG)-PET in order to asses tumor size (T-stage), evaluate lymph 

node status (N-stage) and screen for metastases (M-stage) (19,20,26).  

Current treatment options depend on the histological type of esophageal cancer. However, 

most patients treated with curative intent undergo neoadjuvant chemotherapy or 

chemoradiotherapy in combination with surgical resection management (27). For SCC, the 

use of only chemoradiotherapy has been shown to be a possible option management (27). The 

difference in prognosis and treatment response between AC and SCC has recently given rise 

to the viewpoint that they are different unique diseases and need different clinical 

management (27). The assessment of treatment response after neoadjuvant treatment is based 

on grading histopathological tumor tissue response as there is no reliable noninvasive method 

or prognostic biomarkers for response assessment (28). The agreement of tumor tissue 

response between endoscopic biopsy and the final resected tumor is not good enough to base 

the treatment strategy on biopsy (29). This is probably due to sampling errors caused by 

uneven distribution of tumor response and ingrowth of fibrotic tissue (28). Furthermore, 

assessment using endoscopy and endoscopic ultrasound is not always possible due to local 

inflammation and strictures following neoadjuvant therapy (30). They are also invasive 

procedures associated with patient discomfort and potential iatrogenic risk. 
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1.2.1 Current role of diagnostic imaging 

The primary use of diagnostic imaging in the management of esophageal cancer is to stage 

newly diagnosed tumors after initial endoscopy through assessment of tumor size, size of 

local lymph nodes and to screen for metastases (19,20,26). The preferred modalities are CT 

for evaluation of locoregional status and FDG-PET to screen for distant metastases. 

Combined FDG-PET/CT is often used when available (19,20,26). Studies assessing 

neoadjuvant treatment response using diagnostic imaging have focused on CT and PET 

images and assessment of tumor volume, or PET-specific parameters such as maximum 

standardized uptake values (SUVmax) (31–33). Measured parameters of both pre- and  

post-neoadjuvant therapy examinations have been analyzed but different conclusions have 

been reached (31–33). The clinical and research value is therefore still controversial. 
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1.3 Hepatocellular Cancer 

Hepatocellular cancer (HCC) is a very common cancer form, causing the second most cancer-

related deaths globally (34). It is also estimated to cause the greatest health-related economic 

cost worldwide (34). Risk factors for HCC include causes of liver cirrhosis, such as hepatitis 

B or C infection, alcohol consumption, nonalcoholic steatohepatitis, biliary cirrhosis, genetic 

factors etc (35). Non-cirrhosis related risk factors are being a carrier of hepatitis B or C virus. 

Clinical presentation is usually asymptomatic until advanced disease, where typical 

symptoms are weight loss and pain in the upper right quadrant (36). Among patients with 

known liver cirrhosis, HCC can manifest as sudden hepatic decompensation (36). Screening 

programs of high-risk populations such as patients with chronic viral hepatitis or cirrhosis 

have been implemented in order to diagnose HCC at an earlier stage in order to enable the use 

of potentially curative treatment options. These screening programs monitor levels of alpha-

fetoprotein and use diagnostic imaging methods such as ultrasound (US), multiphase 

contrast-enhanced CT and contrast-enhanced MRI (37–39).  

Usually, only diagnostic imaging is needed for the diagnosis of typical HCC lesions in 

patients with liver cirrhosis (39,40). Biopsy is only needed when the appearance of the lesion 

is nontypical on CT or MRI or in patients with a non-cirrhotic liver (39,40). Staging of HCC 

in Europe is usually performed according to the Barcelona Clinic Liver Cancer (BCLC) 

staging system, which takes into account the tumor stage, liver function and physical status 

(39,41). Liver function is commonly assessed using either the Child-Pugh classification 

(42,43) or the model for end-stage liver disease (MELD) (44). 

There are currently several options for treatment of HCC, although only surgical resection, 

liver transplantation, and ablation are considered curative treatments, where the choice of 

method depends on the number of lesions and the presence of cirrhosis (45). Surgical 

resection is the preferred method when only a single lesion between 2-5 cm in size is present, 

while liver transplantation is indicated for patients with either a single lesion < 5 cm or up to 

three lesions, each smaller than 3 cm in size (39,40). Ablation using percutaneous ethanol 

injection (PEI) or radiofrequency ablation (RFA) is used when the patient is not eligible for 

surgical treatment (39,40). However, diagnosis of HCC is often made at a late stage where no 

effective treatment is available (46). Treatment options for those cases are transarterial 

chemoembolization (TACE), where the arterial blood supply of the HCC is cut off using 

embolization of supplying arteries, transarterial radioembolization (TARE), where 

radioactive microspheres are directed into the tumor using a catheter and systemic therapy 

using Sorafenib (39,40). 
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1.3.1 Current role of diagnostic imaging 

The role of diagnostic imaging for HCC is extensive, including screening, diagnosis, and 

evaluation of treatment response (39,40,47). Screening of high-risk patients is usually done 

using US at regular intervals, with additional examinations using multiphase contrast-

enhanced CT, perfusion CT (PCT) and contrast-enhanced MRI when needed (37–39). HCC 

lesions have a typical appearance with contrast uptake in the arterial phase followed by 

washout of contrast in the late venous phase (Figure 2) (35,48). Further investigation using 

needle biopsy is usually not required (39,40). Treatment response of HCC is usually 

measured using a modification of the Response Evaluation Criteria In Solid Tumors 

(mRECIST) guidelines (40). 

 

Figure 2 Computed tomography images of a hepatocellular cancer lesion in native (A), arterial (B) and portal-venous (C) 
contrast phase. Typical contrast uptake in the arterial phase followed by contrast washout in the lesion can be observed. 
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1.4 Texture Analysis 

Texture analysis refers to a set of methods for quantitative image processing used to 

characterize spatial relationships between voxel intensities. This enables the calculation of 

quantifiable parameters to describe visually perceived image heterogeneity. Textural analysis 

parameters are also commonly included in the concept of radiomics, often in combination 

with related parameters describing shapes and intensity (49). Although the methods used to 

calculate textural parameters have been known for decades, only recent advances in 

computing power have made them feasible to implement in clinical practice. This has enabled 

several recent studies evaluating the relationship between textural parameters and outcome 

parameters such as overall survival, treatment response and molecular markers in different 

types of cancers (50–53). Earlier studies have often been limited to analysis of a single 2D 

slice (54–57), but more recent studies have also extended the analysis into 3D (58,59). The 

quantified heterogeneity is currently interpreted to be correlated to tumor heterogeneity and 

reflect tumoral microangiogenesis, necrosis, hypoxia, metabolism and other parameters of 

tumor microbiology (60–63). However, no conclusive biological explanation for the image 

heterogeneity of tumors is currently available. 

1.4.1 Segmentation of volumes of interest 

Use of texture analysis requires segmentation of the volumes of interest to be used for 

processing. Earlier studies have applied manual segmentation where the tumor is manually 

delineated on all image slices where it is visible, which is a time-consuming process and 

suffers from high intra- and interobserver variability (64–66). Advances in computing power 

have enabled the development of several methods for automating parts of that procedure. The 

development of semiautomated methods reduced the number of slices in a tumor needing 

human delineation from every slice to only some of the slices by interpolating the 

segmentation of the rest of the slices (67,68). The resulting segmented tumor volume can then 

be corrected by minor manual adjustments. Later, more advanced automated methods that 

only require the tumor to be highlighted where the segmentation of the rest of the volume is 

then automatically completed have been presented (59,69). The most advanced methods 

allow localization and volume segmentation to be done with little or no human input  

(70–72). 

1.4.2 Gray level co-occurrence matrices 

Several methods are available for calculation of textural analysis parameters; some of the 

most commonly used are based on gray level co-occurrence matrices (GLCM) (49,52). These 

are generated through the frequency of adjacent voxel intensities, which are found together at 

a certain offset direction. The matrices are then calculated for each offset and are used for the 

calculation of the textural parameter chosen for use. Some offsets are just mirrored variations 

of other offsets and add no additional information when included in the calculation of the 

textural parameters. For 2D images the resulting matrices for 0 and 180 degrees offset, 45 and 

135 degrees, 90 and 270 degrees and 135 and 315 degrees are identical, thus calculation of 
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only four matrices are required to consider all potential directions of offset in 2D images. For 

3D images, 13 matrices are required (73,74). 

In the paper first describing this method by Haralick there were 28 parameters included (73). 

Further work by Conner et al. reduced the number of parameters of interest to seven, as 

several of the described parameters were considered redundant (75). The remaining 

parameters are Energy, Entropy, Correlation, Inverse difference moment or Homogeneity, 

Inertia or Contrast, Cluster Shade, and Cluster Prominence. In this thesis, the parameters 

Energy, Entropy, Correlation, Homogeneity, and Inertia were selected for further use, as they 

were better studied in literature at the time the included studies were planned. The parameters 

can be divided into those that highlight differences between adjacent voxels  

(Inertia and Homogeneity), those that highlight the regularity of the differences in the image 

(Energy and Entropy) and the one that describes the relationship of the differences in the 

image (Correlation) (74). 

Higher levels of heterogeneity in an image usually result in higher values of Inertia and 

Entropy, and lower values of Homogeneity, Energy, and Correlation. Example images 

resulting in high and low values of textural parameters are shown in Figure 3. 

 

Figure 3 Example images resulting in high and low values of textural parameters calculated from gray level co-
occurrence matrices according to the formula described by Haralick. Image A and B differ in the differences between 
pixel values, thus resulting in low Inertia and high Homogeneity for A and vice versa for B. Image C and D differ in the 
regularity of pixel value changes, which results in high Energy and low Entropy for Image C and vice versa for Image D. 
Image E and F differ in the amount of pixel value change between the white pixels and the colored pixels. This results in 
high Correlation for image E and low for image F. 
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1.4.3 Other methods of texture analysis 

Fractal analysis refers to a set of methods used to calculate the fractal dimension of the 

analyzed image data. The calculated fractal dimension represents information about the shape 

and complexity of the analyzed image and this value is then used as the parameter for 

comparison. Currently, fractal analysis has been used for analysis of brain imaging, 

mammography, and bone imaging. Potential advantages in comparison to GLCM texture 

analysis is lower computation cost, but few studies assessing this set of methods are available 

(49,76,77). 

Filters and transformations are methods to process specific areas of the image. The 

extracted value represents a certain spatial feature depending on the type of filter used, which 

is used for further analysis (78). Filters and transformation can also be used as a pre-

processing step before further analysis using other methods, for example by using a Laplacian 

of Gaussian transformation to extract image features of a certain size before. This technique 

is for instance used by the commercial TexRAD texture analysis software  

(TexRAD, Cambridge Computing Ltd, UK) (51). 

1.4.4 Potential clinical applications of texture analysis 

The proposed correlation of texture analysis and tumor heterogeneity have resulted in several 

studies of the use of texture analysis to predict tumor prognosis, tumor treatment response 

and tumor identification (49,52,54,79,80). The quantifiable nature of the parameters enables 

computer processing of qualitative image features such as the degree of disorder, irregularity 

of shape, spiculation etc, which could potentially enable a higher degree of automation. 

Combining texture parameters with other radiomic features could improve tumor 

characterization and offer currently unavailable prognostic information. 

1.4.4.1 Low-Grade Glioma 

Previous studies have shown promising applications of radiomics combined with machine 

learning in order to provide prognostic information in high-grade glioma patients (81–84). 

The use of radiomics on a combination of metabolic MRI and anatomic MRI has been shown 

to predict the molecular status of high-grade gliomas and thus offer non-invasive prognostic 

information (85). It has also been shown that radiomics of MRI can be used to differentiate 

high-grade glioma from LGG (86) and be used to predict IDH status when combined with 

deep learning (87). This suggests that texture analysis of LGG could have potential 

applications in the prediction of molecular status through analysis of MRI images and offer 

non-invasive prognostic information for LGG patients. 
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1.4.4.2 Esophageal Cancer 

Recent studies of radiomic parameters of CT and PET images of esophageal carcinomas have 

shown to offer prognostic value in predicting survival and neoadjuvant treatment response 

(53). On PET images, the examined radiomic parameters offer additional information on 

treatment response in comparison to conventional PET parameters such as SUVmax and 

metabolic tumor volume (88–90). Higher levels of calculated tumor heterogeneity have been 

shown to have worse prognosis (55–58). The most common significant radiomic feature was 

GLCM Entropy, which highlights the potential prognostic value of texture analysis for 

treatment response assessment. Similar studies of CT images have shown similar results, with 

worse outcome for tumors with higher heterogeneity (53). 

Current radiomic studies of esophageal carcinoma have often analyzed AC and SCC together 

(53). The histological differences between these cancer types and clinical observations 

regarding differences in clinical behavior and treatment response between AC and SCC have 

led to the viewpoint that they are different diseases (27). As textural parameters are assumed 

to reflect tumor microbiology, separate texture analysis of AC and SCC could potentially 

reveal differences in textural parameters between these tumor types, which would have to be 

considered for future applications of radiomics of esophageal carcinoma. 

1.4.4.3 Hepatocellular Cancer 

Radiomic parameters have been shown to correlate with molecular parameters and treatment 

response in HCC (51,91,92). Quantified image heterogeneity in HCC has shown prognostic 

information on the outcome after surgical resection where those with higher heterogeneity at 

CT imaging had worse prognosis than those with lower (91). This highlights a potential use 

of texture analysis for identifying cases where alternative treatments might be tested. In 

addition, they can be used to quantify the degree of liver steatosis, fibrosis, and cirrhosis  

(93–95). 

At US and MRI elastography, the parameter stiffness is used to diagnose and grade liver 

fibrosis (96,97). Texture analysis could potentially offer a principally different method of 

measurement, as it is not believed to measure stiffness (93–95). This would also reduce the 

number of different diagnostic procedures for the patients as they often undergo CT scans for 

other reasons. 

The altered blood supply in HCC compared to that of normal liver parenchyma results in its 

observed typical contrast dynamics during contrast injection with high contrast enhancement 

in the arterial phase and a washout in the late venous phase (35,48). When applying texture 

analysis on HCC the timing of image acquisition can potentially affect the measured textural 

parameters. The variation in textural parameters during contrast medium injection in HCC 

and the importance of precise timing has to our knowledge not been elucidated previously. 
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1.4.5 Challenges regarding implementation of texture analysis 

Current challenges regarding the implementation of texture analysis are associated with the 

sensitivity to minute changes of image data that might be hard to detect using the human eye. 

Use of different scanners and image acquisition settings affects the resulting image and 

analysis (98,99). Contrast enhancement could introduce further variation both in comparison 

to unenhanced images and during the contrast injection. This is explored further in study III 

and IV of this thesis. The process of segmentation is also a source of variation and can also be 

too time-consuming to use in clinical practice. The reproducibility of segmentation is 

examined in study II. The selection of textural parameters can lead to redundancy due to 

positive correlation between the selected parameters. Some parameters also show volume 

dependence, which has to be considered during statistical analysis (49). Radiomic 

applications also tend to lead to a very high number of extracted features, which are then used 

for analysis on small populations, leading to false positive results (49,89). Due to all these 

factors, reproducibility of studies of textural parameters can be challenging as many factors 

need to match to enable comparison between studies. 
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2 AIMS 
The aim of this thesis was to evaluate the potential application of textural analysis to be used 

as a prognostic tool in different cancers without requiring major changes to clinical imaging 

practice. 

Specific objectives of each study were: 

Study I 

To implement a GLCM-based texture analysis tool supporting analysis of volumes of interest 

from MRI and to assess its prognostic value for low-grade glioma. 

Study II 

To evaluate whether the use of semiautomatic segmentation can reduce interobserver 

variation at esophageal cancer segmentation. 

Study III 

To examine the prognostic value of textural analysis for esophageal cancer and to investigate 

the association between textural parameters derived from CT image data and 

histopathological characteristics. 

To study whether the refinement of tumor volume segmentation of esophageal cancer 

through the addition of PET image data can further improve the prognostic value of textural 

parameters. 

Study IV 

To study HCC textural parameters during contrast medium injection in order to quantify and 

compare the variation of textural parameters over time between different HCC lesions and 

normal hepatic parenchyma. To evaluate whether the timing of the image acquisition during 

contrast medium injection is important for obtaining reproducible measurements of textural 

parameters. 
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3 METHODS 

3.1 Study population 

3.1.1 Low-Grade Glioma 

Study I. A total of 25 patients with newly diagnosed diffuse LGG treated at St. Olavs 

hospital (Trondheim, Norway) were recruited during 2008-2016 for this retrospective study. 

Included patients had histopathologically verified supratentorial LGG and preoperative 3T 

digital images from a Siemens Skyra MRI scanner (Siemens, Erlangen, Germany) between 

2008 and 2016. End of follow-up was 2016-01-01. Radiological and clinical data were 

retrieved from medical journals and previous research projects. Further patient details are 

shown in Table 1. 

Status of IDH mutation and 1p-19q codeletion were analyzed according to a previously 

described method (100). 

Table 1 Patient, treatment and tumor characteristics for low-grade glioma patients. 

 n=25 

Age, mean (SD) 44 years (14) 

Gender (M:F) 16 (64%): 9 (36%) 

Seizure 15 (60%) 

Resection 25 (100%) 

Histopathology 

Astrocytoma IDHwt 

Astrocytoma IDHmut 

Oligodendroglioma 

 

5 (20%) 

9 (36%) 

11 (44%) 

Radiotherapy 

After primary surgery 

After redo surgery 

Missing  

 

2 (8%) 

8 (33%) 

1 

Chemotherapy 

Upfront 

At progression/transformation 

Missing  

 

0 

8 (33%) 

1 

Later tumor resection 10 (40%) 

Progression during follow-up 10 (40%) 

Malignant transformation during follow-up 

Significant contrast enhancement 

Verified with histopathology 

8 (32%) 

1 (4%) 

7 (28%) 

Deceased during follow-up 3 (12%) 
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3.1.2 Esophageal Cancer 

The patients included in study II and III were previously included in a multicenter 

randomized clinical trial comparing two neoadjuvant regimens for a study cohort of 181 

esophageal cancer patients, 131 adenocarcinomas and 50 squamous cell carcinomas (101). 

The patients were recruited during 2006–2012 and had histologically confirmed 

adenocarcinoma or squamous cell carcinoma of the esophagus or gastroesophageal junction. 

Clinical tumor stage at inclusion was T1-3, any N except T1N0, and all patients were eligible 

for curative treatment with surgical resection when included. Tumor histology was verified 

through histological typing of the surgically resected tumor or multiple endoscopic biopsies if 

the patient was not applicable for surgical treatment due to disease progression during 

neoadjuvant treatment. Patients were evaluated clinically and radiologically before and after 

three cycles of induction chemotherapy with cisplatin and 5-fluorouracil or three cycles of 

chemotherapy with cisplatin and 5-fluorouracil combined with 40 Gy radiotherapy in 

preparation for curative resections. Patients not eligible for curative treatment, having 

concomitant malignancy, complications of diabetes or uncontrolled cardiac disease were 

excluded from the trial. 
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Study II. Inclusion criteria for this retrospective sub-study were the availability of baseline 

spiral CT for tumor staging from our clinic before the start of neoadjuvant treatment with the 

presence of scans with 0.625mm slices from both arterial and portal-venous phase. Patients 

with metastatic diseases or subject to endoscopic stent placement or other treatment prior to 

the CT scan were excluded. A subset of 23 esophageal cancer patients was included  

(median age 65, range 51-71). Detailed individual patient characteristics are shown in  

Table 2. 

Table 2 Details about patients (n=23) included for the manual segmentation and semiautomatic measurements. AC = 
Adenocarcinoma, SCC Squamous cell carcinoma, SI = Siewert I, SII = Siewert II. 
 

Sex Age BMI Cancer 
Type 

TNM 
Stage 

Tumor 
Location 

Neoadjuvant 
Therapy 

Resected 

1 M 71 22 SCC T2N1M0 Middle Chemoradiotherapy Yes 
2 F 70 25 AC T3N1M0 Cardia, SII Chemoradiotherapy Yes 
3 M 69 25 AC T2N0M0 Distal Chemoradiotherapy No 
4 M 67 24 AC T3N1M0 Cardia, SII Chemotherapy Yes 
5 M 69 24 AC T3N1M0 Cardia, SII Chemotherapy Yes 
6 M 63 22 SCC T3N1M0 Middle Chemotherapy Yes 
7 M 64 22 SCC T3N1M0 Middle Chemotherapy Yes 
8 M 64 30 AC T3N1M0 Distal Chemoradiotherapy Yes 
9 M 67 22 AC T3N0M0 Cardia Chemoradiotherapy No 
10 M 66 27 SCC T3N1M0 Middle Chemoradiotherapy Yes 
11 M 68 24 AC T3N1M0 Distal Chemotherapy Yes 
12 M 65 32 SCC T3N1M0 Distal Chemotherapy Yes 
13 M 63 33 AC T3N1M0 Cardia, SII Chemoradiotherapy Yes 
14 M 62 25 AC T2N0M0 Cardia, SI Chemotherapy Yes 
15 M 63 28 AC T3N1M0 Cardia, SII Chemotherapy Yes 
16 M 60 23 SCC T2N1M0 Middle Chemoradiotherapy Yes 
17 M 61 30 AC T3N0M0 Cardia, SII Chemoradiotherapy Yes 
18 M 58 21 SCC T3N1M0 Distal Chemotherapy No 
19 F 56 22 SCC T3N1MX Distal Chemoradiotherapy Yes 
20 M 56 34 AC T2N0M0 Cardia, SII Chemotherapy Yes 
21 M 57 26 AC T3N0M0 Cardia, SII Chemoradiotherapy Yes 
22 F 52 20 AC T3N1M0 Cardia, SII Chemoradiotherapy Yes 
23 M 51 23 AC T3N0M0 Cardia, SII Chemoradiotherapy Yes 

  



 

18 

Study III. Inclusion criteria for this retrospective sub-study was that spiral CT in the  

portal-venous phase and PET/CT investigations had been completed at our clinic with 1.5mm 

slices before and after neoadjuvant treatment and that the patients had been admitted to 

Karolinska University Hospital, Sweden. Patients with PET/CT examinations from other 

clinics, with different slice thicknesses, or receiving esophageal stents during treatment were 

excluded.  

A subset of 36 esophageal cancer patients was included in the study. After neoadjuvant 

treatment, all 36 patients underwent surgical resection and histopathological data from the 

tumors was obtained. Of the analyzed tumors, 11 were squamous cell carcinoma and 25 

adenocarcinomas. Details of the included patients are shown in Table 3.  
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Table 3 Characteristics of the 36 patients included in the study divided into Adenocarcinoma and Squamous Cell 
carcinoma subgroups. 

 Adenocarcinoma (n = 25) Squamous cell 
carcinoma (n = 11) 

Median age 64 years (range 50–75) 62 years (range 45–73) 
Gender (M:F) 19 (76%): 4 (16%) 10 (91%): 1 (9%) 
Median body weight 83 kg (range 51.6–119) 74 kg (range 63–122) 
BMI 26.4 (range 20.2–34.0) 25.0 (range 20.3–33.4) 
Tumor location     
 Esophagus 3 (12%) 11 (100%) 
  Upper third 0 (0%) 1 (9%) 
  Middle third 1 (33%) 7 (64%) 
  Lower third 2 (67%) 3 (27%) 
 Junction 22 (88%) 0 (0%) 
  Siewert I/II/III 3 (14%) / 19 (86%) / 0 (0%)  
Clinical T stage   
 cT1/cT2/ 
 cT3/cT4 

0 (0%)/6 (24%)/ 
19 (76%)/0 (0%) 

0 (0%)/4 (36%)/ 
7 (64%)/0 (0%) 

Clinical N stage   
 cN0/cN1/ 
 cN2/cN3 

8 (32%)/16 (64%)/ 
1 (4%)/0 (0%) 

2 (18%)/9 (82%)/ 
0 (0%)/0 (0%) 

Clinical M stage   
 cMX/cM0/cM1 1 (4%)/23 (92%)/1 (4%) 1 (9%)/10 (91%)/0 (0%) 
Clinical Stage   
 Stage 0/1/ 
 2/3/4 

23 (92%)/0 (0%)/ 
0 (0%)/2 (8%)/0 (0%) 

9 (82%)/0 (0%)/ 
1 (9%)/1 (9%)/0 (0%) 

Neoadjuvant Pathological 
T stage 

  

 ypT0/ypTis/ypT1/ 
 ypT2/ ypT3/ypT4 

2 (8%)/1 (4%)/4 (16%)/ 
3 (12%)/13 (452%)/2 (8%) 

3 (27%)/0 (0%)/0 (0%)/ 
4 (36%)/4 (36%)/0 (0%) 

Neoadjuvant Pathological 
N stage 

  

 ypN0/ypN1/ 
 ypN2/ypN3 

9 (31%)/6 (24%)/ 
5 (20%)/5 (20%) 

8 (73%)/1 (9%)/ 
2 (18%)/0 (0%) 

Neoadjuvant therapy   
 Chemotherapy 12 (48%) 5 (45%) 
 Chemoradiotherapy 13 (52%) 6 (55%) 
Overall survival   
 Alive 9 (36%) 3 (27%) 
 Dead 16 (64%) 8 (73%) 
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3.1.3 Hepatocellular Cancer 

Patients with verified HCC or highly suspected HCC were recruited for this retrospective 

observational study during 2013-2014. The patients had an additional PCT exam performed 

in addition to their clinical routine examination. Inclusion criteria were radiological signs of 

HCC and no previous treatment for HCC of any kind. Patients with lesions larger than 7cm in 

diameter or more than four lesions were excluded. 

A total of 17 patients were included. One patient underwent two PCT scans with a time 

interval of three months. Those both scans were analyzed separately. The number of 

identified HCC was 37. Histopathological data verifying the HCC diagnosis was available for 

eight of the included patients. In the other patients, the European Association for the Study of 

the Liver (EASL) criteria were used for diagnosis (40). The maximum diameter of each 

lesion was between 10-55mm. 

3.2 Imaging parameters 

Study I. MRI 3D T2 weighted FLAIR acquisitions with 1.00 mm slices and no inter-slice 

gap were used for texture analysis. Echo time, repetition time, inversion time and flip angle 

(TE/TR/TI/FA) were 389-394/5000/1800/120. T1 weighted images with gadolinium 

(gadoterate meglumine) were available for the conventional clinical description 

(e.g.concerning contrast enhancement), but not used for textural analysis. These were 

acquired as 3D gradient echo sequences with 1.00 mm slices and TE/TR/TI/FA being 

2.92/2300/1100/8 or 2.96/2000/1100/8 or 3.16/1900/900/9. Both FLAIR and T1 sequences 

were done with 1.00 × 1.00 mm pixel spacing in a 256 ×256 matrix. All follow-up MRI 

exams until reoperation were reviewed according to the criteria from the RANO group (18). 

Follow-up MRI-exams were performed every 6 months, with shorter intervals of 2–3 months 

if unclear findings or possible sign of progression, and with intervals of up to 12 months after 

years of stable disease and no remaining FLAIR-abnormalities. 

Study II. The patients underwent multi-slice CT of the thorax using a multi-slice GE 

Lightspeed VCT (GE Healthcare, WI, USA) or Siemens Somatom Definition Flash (Siemens 

AG, Erlangen, Germany). All examinations were performed after intravenous contrast 

injection of Iomeron 400mg I/ml (Bracco, Milan Italy) at 120kV in both arterial and portal 

phase. The tube current was automatically modulated. The dosage of contrast media was 

750mg I/kg or 1000mg I/kg. Slice thickness was 0.625mm. The field of view was adjusted 

for patient size. 
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Study III. A single Siemens Biograph 64-slice combined PET-CT scanner  

(Siemens AG, Erlangen Germany) was used for imaging of CT and FDG-PET-images. At 

baseline i.e. before neoadjuvant therapy, 27 patients were scanned with the use of intravenous 

contrast media and 9 without intravenous contrast media. Post-treatment scans were done 

with the use of intravenous contrast media in 17 patients and 19 without (Table 4). The 

dosage of contrast media was 1 ml per kilo body weight + 10 ml of Optiray 350 mg I/ml 

(Guerbet, Roissy, France) and imaging was done in the parenchymal phase and contiguous 

1.5 mm thick images were obtained 60 seconds after injection. The field of view was adjusted 

for patient size during scanning. The dose of 18F-FDG was 400 MBq and uptake time was 60 

min. 

Table 4 Presence of intravenous contrast media pre- and post-treatment for included esophageal cancer patients. 
 

Adenocarcinoma (n = 25) 

Contrast at post-
treatment CT exam 

Contrast at pre-
treatment CT exam 

 

 + - Total post-treatment 
+ 10 (40%) 3 (12%) 13 (52%) 
- 9 (36%) 3 (12%) 12 (48%) 
Total pre-treatment 19 (76%) 6 (24%)  

 
Frequency (%) Squamous Cell carcinoma (n = 11) 

Contrast at post-
treatment CT exam 

Contrast at pre-
treatment CT exam 

 

 + - Total post-treatment 
+ 3 (27%) 1 (9%) 4 (36%) 
- 5 (45%) 2 (18%) 7 (64%) 
Total pre-treatment 8 (73%) 3 (27%)  

Study IV.  Patients were scanned using a single Siemens Definition Flash perfusion CT 

scanner (Siemens AG, Erlangen Germany). Total number of scan cycles was 26-28. Scan 

time was between 43-54 seconds with a cycle time of 1.5 seconds between each scan. Tube 

voltage was 80kV and tube current was 160mAs. Scans were done with the use of 

intravenous contrast medium at a dose of 50 ml of 400mg Iodine/ml. The flow rate was  

6 ml/s and the injection duration was 8.3 s. The scanning direction was alternating 

craniocaudal and images with 1.5mm slice thickness were used for further analysis. 
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3.3 Tumor segmentation 

Study I. A radiologist experienced with LGG assessment and segmentation performed the 

semiquantitative data interpretation and segmented the tumors using an open source software 

called 3D Slicer (http://www.slicer.org/) applying a previously described method (102,103). 

The radiologist was blinded for clinical result and molecular status while evaluating contrast 

enhancement (no, patchy, nodular and ring-like), corpus callosum involvement (yes, no), 

tumor borders, main tumor side, volume in milliliters, and mass effect (no, mild, 

conspicuous). Tumor borders were radiologically classified as 1) well-defined when the 

border between tumor and normal appearing brain was sharp; 2) partially absent (vague) 

when it was still visible, but more diffuse; and 3) absent when tumor growth was very 

diffuse, and the border was hardly possible to establish (102). 

Study II. A second-year resident in radiology and a consultant radiologist with 25 years of 

experience independently measured the tumor volume in 23 patients with esophageal cancer 

(middle and distal third part) by manual and semiautomatic segmentation.  

The segmentation was performed using a dedicated workstation with GE AW 4.0  

(GE Healthcare, WI, USA).  

Images were first reformatted to 2.5 mm and displayed as average intensity projections. CT 

window level settings were at the discretion of the observer. Only transaxial images were 

available for the observers. For the semiautomated segmentation, the first and last slice 

containing the primary esophageal tumor, and slices where major morphologic changes 

occurred, were delineated manually using a mouse-controlled cursor. The rest of the tumor 

was then first interpolated by the software and the resulting volume of interest was reviewed 

by the radiologist and manually adjusted by adding or removing included tumor area for each 

slice where disagreement with the software interpolated selection occurred. The lower and 

higher threshold of voxels included in the volume of interest was set to 0 and 1000 

Hounsfield units respectively in order to exclude air and include all esophageal tumor tissue. 

The cross-sectional areas of all slices were multiplied by the slice thicknesses and the total 

volume was calculated by summation of these volumes. The measurement of the tumors was 

done in both arterial and venous phase for each patient, resulting in two measurements of 

volume per tumor per observer.  

The manual segmentation was done by the same observers at least three months after the 

measurement using semiautomated segmentation to reduce the effects of recall of the 

previous semiautomated segmentation. The tumor was manually delineated on transaxial 

images on every slice containing the primary esophageal tumor and tumor volume was 

calculated by multiplying cross-sectional areas of all slices by the slice thickness and 

summation of the resulting volumes. 

  



 

 23 

Study III. The same senior consultant radiologist as in study II segmented the tumor volume 

of all included patients from 1.5mm image slices. The segmentation was done using a similar 

semiautomatic segmentation technique as in study II, but instead of the GE software, an open 

source software called ImageJ 1.50e (Bethesda, Maryland, USA) (104) with the 

Segmentation Editor plugin 2.0.2 was used (105). 

Study IV. The lesions were first marked out on the CT images by a consultant radiologist. 

The same senior consultant radiologist as in study II and III manually segmented the lesion 

on the center time point of the perfusion CT series using the slice with the largest area. As in 

study III, ImageJ 1.50e was used for the segmentation. The resulting region of interest (ROI) 

was then copied to the other time points. The positioning was adjusted in order to compensate 

for movement due to breathing when necessary. A junior radiologist then segmented normal 

hepatic tissue close to the segmented lesion on all time points. Median area of the ROI was 

2.7 cm2 for lesions and 5.8 cm2 for normal hepatic tissue. 
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3.4 Textural analysis 

Study I. Haralick textural parameters were extracted from the segmented tumor volume in 

the MRI image material (73). The analysis was limited to Energy, Entropy, Homogeneity, 

Inertia, and Correlation, as some textural parameters have been shown to be redundant in 

previous studies (75). Each textural parameter was calculated based on the grey level  

co-occurrence matrices (GLCM) calculated for all voxels in the segmented tumor volume. 

Each textural parameter describes a relation of voxels with their local neighborhood, as 

detailed in Table 5. The signal intensities in the MRI image data was rescaled to 256 grey 

levels for GLCM calculations. The GLCM was computed using 256 bins and using offsets in 

all 26 directions. The texture features were computed using an in-house written plug-in for 

ImageJ 1.50e (104). 

Study III and IV. The same textural parameters as in study I were used in this study.  The 

Hounsfield unit data of all voxels in the segmented region or volume were rescaled to 256 

grey levels for GLCM calculations. The textural parameters were then calculated based on 

GLCM obtained using the plug-in developed for ImageJ in study I. 

Table 5 Texture analysis parameters used for processing of image data. 
i and j refers to the bins in the grey level co-occurrence matrices, p(i,j) to the value of the marginal-probability at point 
(i,j) 

Energy 
Describes the similarity of voxels in the region. 

𝑝 𝑖, 𝑗
,

 

Entropy 

Describes the disorder in the distribution of gray levels in the 
region. 

𝑝 𝑖, 𝑗 𝑙𝑜𝑔 𝑝 𝑖, 𝑗
,

 

Correlation 

Describes the correlation between voxel pairs in the region 
𝑖 𝜇 𝑗 𝜇 𝑝 𝑖, 𝑗

𝜎 𝜎,
 

Homogeneity 
(Inverse Difference Moment) 

Describes the homogeneity of the co-occurrence pairs 
1

1 𝑖 𝑗
𝑝 𝑖, 𝑗

,
 

Inertia (Contrast) 
Describes the variation in signal intensities 

𝑖 𝑗 𝑝 𝑖, 𝑗
,
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3.5 Statistical analysis 

Statistical analysis was done using R 3.2.3, (R Foundation for Statistical Computing, Vienna, 

Austria) for study I and a more recent version, R 3.4.3 for study II, III and IV (106). 

Statistical significance for all studies was defined at a level of p < 0.05. Data are presented as 

median values (interquartile range, IQR) in study I and III and as mean values (95% 

confidence interval of the mean, CI) in study II. Mean difference was tested using  

Mann-Whitney U test with tie correction in study I, II, III and IV. 

Study II. Intraclass correlation coefficients (ICC) were calculated for intra- and interobserver 

measurements. Significance of difference in correlation was tested using a Fisher r to z 

calculation. The level of observer agreement was characterized further using Bland-Altman 

plots to graphically visualize the level of agreement. Upper and lower limits of agreement 

were calculated and incorporated into the plots (107). Observer measurement accuracy was 

also assessed by calculating the average absolute difference from mean for each tumor 

volume measurement. Comparison of measured tumor volume between arterial phase and 

portal-venous phase was used to assess intraobserver variability of measurement. 

Study III. For analysis of the prognostic value of textural parameters for overall survival, 

patients were divided into at a cut-off at 1 year into a short (< 1 year) overall survival group 

and a long (> 1 year) overall survival group. 

Median survival and follow-up time were calculated using the Kaplan-Meier and reverse 

Kaplan-Meier method (108). 

Study IV. Linear regression was used to determine drift of textural parameters over all time 

points. 

3.6  Ethical considerations 

All participants in the included studies of this thesis provided written informed consent. 

Approval for study I was granted by the regional ethical committee of Central Norway, 

reference number 2016/1377. 

Ethical approval for study II and III was granted by the regional ethical review board in 

Stockholm, approval number: DNR 2008/403-32.  

Ethical approval for study IV was granted by the regional ethical review board in Stockholm. 

Approval numbers were DNR 2013/1072-32 and DNR 2013/405-31. 
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4 RESULTS 

4.1 Study I - Textural analysis of low-grade glioma 

Imaging characteristics and textural parameters from MRI data are presented in Table 6. The 

textural parameter Homogeneity was significantly different depending on IDH mutation 

status, as shown in Figure 4. Homogeneity for individual patients in relation to molecular 

profile (i.e. IDHwt, IDHmut, IDHmut and 1p-19q codeletion) is presented in Figure 5.  

No significant correlations to IDH mutation status were observed for the other textural 

parameters. Good classification results for both Homogeneity and tumor volume were 

observed in receiver operating characteristic (ROC) curves for IDH mutation status. When 

combining Homogeneity and tumor volume in correlation to IDH status by logistic regression 

using a generalized linear model, good classification results was observed (Figure 6). The 

area under the curve (AUC) for predicting IDH mutation was 0.905 for Homogeneity, 0.840 

for tumor volume and 0.940 for the combined parameters of tumor volume and Homogeneity. 

Table 6 Imaging characteristics of low-grade glioma patients. IQR = Interquartile range. 

Energy, median (IQR) 0.0009 (0.0004- 0.0010) 
Entropy, median (IQR) 7.9 (7.2 - 8.0) 
Homogeneity, median (IQR) 0.12 (0.09 - 0.13) 
Inertia, median (IQR) 329 (213 - 514) 
Correlation, median (IQR) 0.0010 (0.0009 - 0.0020) 
Contrast enhancement 

No 
Patchy 
Nodular 
Ring-like 

 
19 (76%) 
5 (20%) 
1 (4%) 
0 (0%) 

Corpus callosum involvement 2 (8%) 
Tumor border 

Absent 
Vague 
Conspicuous  

 
6 (24%) 
9 (36%) 
10 (40%) 

Mass effect 
No 
Mild 
Conspicuous 

 
17 (68%) 
7 (28%) 
1 (4%) 

Main tumor side 
Left 
Right 

 
13 (52%) 
12 (48%) 

Main lobe involved 
Frontal 
Temporal 
Insula 

 
12 (48%) 
6 (24%) 
7 (28%) 

Eloquence* 10 (40%) 
Tumor volume, median in ml (IQR) 27 (7-37) 

*As defined by Chang et al (109) 
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Figure 4 Difference in Homogeneity between patients with (median 0.12,range IQR 0.10-0.15) and without (median 0.07, 
range IQR 0.06-0.09) IDH mutation (p=0.005). Whiskers show minimum and maximum value. There was a significant 
difference in Homogeneity when comparing groups. 
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Figure 5 Presentation of individual patients MRI FLAIR Homogeneity in relation to molecular status, example cut-offs 
are given at 0.08 and 0.11 
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Figure 6 ROC curves for IDH mutation status correlated to Homogeneity (upper left), tumor volume (upper right) and a 
linear model combining Homogeneity and tumor volume (lower left). 
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4.2 Study II – Comparison of semiautomated and manual segmentation  

All tumors were detected for all included patients by both observers. Mean tumor volume 

was 46 ml (range 5-137 ml) using manual segmentation and 42 ml (range 3-111 ml) using 

semiautomatic segmentation when arterial and portal-venous measurements was merged,  

(p = 0.30). No significant differences in volume were observed between adenocarcinoma and 

squamous cell carcinoma (Table 7). 

Table 7 Measured primary esophageal tumor volume for all included patients by radiology resident and radiology 
consultant using manual and semiautomatic segmentation. All volumes measured in milliliters (ml). 

 
Manual Semiautomatic  

Resident Consultant Resident Consultant  
Arterial Venous Arterial Venous Arterial Venous Arterial Venous 

1 15 14 5 5 33 31 3 3 
2 42 44 13 8 36 31 24 28 
3 36 44 5 6 23 26 25 25 
4 44 50 16 15 28 21 26 25 
5 57 52 30 33 48 59 29 35 
6 46 54 43 31 39 33 33 36 
7 105 99 62 63 70 83 68 74 
8 135 125 81 70 95 101 69 68 
9 51 66 21 23 34 42 19 26 

10 65 56 23 35 47 40 41 40 
11 137 132 73 78 111 110 92 104 
12 73 81 58 59 59 62 59 54 
13 66 69 45 48 50 50 40 38 
14 27 35 17 17 19 22 17 16 
15 49 64 36 36 47 55 28 31 
16 32 30 24 24 18 24 20 25 
17 56 46 35 32 44 34 38 38 
18 59 44 36 32 77 77 80 75 
19 51 57 42 44 39 47 37 41 
20 48 48 11 12 28 36 20 19 
21 25 42 11 12 13 19 10 14 
22 41 38 24 29 16 15 20 28 
23 69 75 51 47 55 62 52 53 

Mean 
(CI 95%) 

58  
(44-71) 

59  
(47-72) 

33  
(24-42) 

33  
(24-42) 

45  
(34-55) 

47  
(36-58) 

37  
(27-47) 

39  
(29-49) 

 

4.2.1 Intraobserver variability of tumor assessment at CT 

No statistically significant difference of mean tumor volume was observed for both manual 

and semiautomatic methods for both observers between arterial and portal-venous volume 

measurements. An excellent intraobserver agreement with ICC of 0.97 for both manual and 

semiautomatic segmentation was observed when comparing arterial tumor volume with 

portal-venous volume. Low variability was observed in Bland-Altman plots (Figure 7A, C) in 

comparison to interobserver variability. 



 

 31 

4.2.2 Interobserver variability of tumor assessment at CT 

Semiautomatic segmentation showed a significantly higher interobserver ICC in comparison 

to manual segmentation (0.86 versus 0.56, p < 0.01). Slightly narrower limits for 

semiautomatic segmentation in comparison to manual segmentation, (40.1 ml versus 56.8 ml) 

was observed in Bland-Altman plots (Figure 7B, D). ICC was significantly higher for 

semiautomatic segmentation compared to manual segmentation for measurements of 

adenocarcinoma (0.86 versus 0.54, p < 0.01) but not for squamous cell carcinoma  

(0.88 versus 0.63, p = 0.052). No significant differences in ICC between adenocarcinoma and 

squamous cell carcinoma were detected when sub-analyzing the manual segmentation or 

semiautomatic segmentation group. 

The average absolute percentage difference from mean tumor volume was significantly lower 

when using semiautomatic segmentation (14 %, CI:9%-19%) compared to manual 

segmentation (32 %, CI: 26%-37%, p < 0.001, Figure 8). The difference of percentage was 

significantly lower for squamous cell carcinoma compared to adenocarcinoma  

(23%, 36%, p < 0.05) when using manual segmentation. This difference was not observed for 

semiautomatic segmentation. 
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Figure 7A-D Bland-Altman plots for intraobserver and interobserver differences during tumor volume measurement 
using manual and semiautomatic segmentation. The difference of tumor volume is plotted against the mean. The dashed 
lines are calculated as ±1.96SD and show upper and lower limits of agreement. The dotted line shows the mean 
difference. 
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Figure 8 Mean absolute differences from the mean measured volume of esophageal tumor by use of semiautomatic 
segmentation and manual segmentation, respectively. 
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4.3 Study III – Textural analysis of esophageal cancer 

4.3.1 Differences of segmentation between CT and PET-aided CT images 

The mean difference in tumor volume between the PET-aided CT image segmentation and 

the segmentation using only CT image data was -17 ml, (-27 ml – -7 ml, CI 95%) 

corresponding to 28%, (-41% – -16%, CI 95 %) for adenocarcinoma and -9 ml,  

(-14 ml – -5 ml, CI 95%) corresponding to -26%, (-39% – -13%, CI 95%) for squamous cell 

carcinoma. These small differences between adenocarcinomas and squamous cell carcinomas 

did not reach statistical significance. 

There was no significant difference in the textural parameters between volumes segmented 

using PET-aided CT image segmentation and segmentation using CT images alone. The 

exclusion of the segmented metabolically inactive tumor volume using PET did not affect 

these outcomes. 

4.3.2 Textural parameters and histological typing 

Significant differences between adenocarcinoma and squamous cell carcinoma were detected 

in Homogeneity, Energy, Inertia, and Correlation among patients receiving intravenous 

contrast during examination as shown in Figure 9. There was also a significant difference in 

Homogeneity, Energy, Entropy and Inertia for AC depending on whether patients had 

received contrast media at the imaging. This was not observed for SCC. No significant 

differences in tumor volume were detected between any of the groups (i.e. AC and SCC, 

without and with contrast media). 

There was a significant difference in all textural parameters between post neoadjuvant 

pathological tumor (ypT) status ypT0-ypT2 and ypT3-ypT4 for esophageal AC patients 

(Figure 10), but not for esophageal SCC patients (Table 8). No significant difference in 

volume was detected between ypT0-ypT2 and ypT3-ypT4 AC and SCC. 

No significant difference of correlations between textural parameters and histological type 

was found between PET-aided CT image segmentation and CT only segmentation. 
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Table 8 Means of volume and textural parameters at contrast-enhanced CT compared among neoadjuvant pathological 
tumor status (ypT) for esophageal adenocarcinoma and squamous cell carcinoma for morphologic (CT)/metabolic (PET) 
delineation of tumor 
 

Adenocarcinoma (n=19) Squamous cell carcinoma (n=8) 

Parameter ypT0-2 ypT3-4 p ypT0-2 ypT3-4 p 

Volume (ml) 73/62 63/43 0.5/0.43 85/75 21/15 0.25/0.79 

Homogeneity 0.057/0.057 0.070/0.069 0.002/ 
0.010 

0.079/0.78 0.085/0.078 0.79/0.79 

Energy 0.000285/ 
0.000288 

0.000385/ 
0.000392 

0.010/ 
0.010 

0.00050/ 
0.00051 

0.00045/ 
0.00051 

0.79/>0.99 

Entropy 8.50/8.49 8.25/8.24 0.010/ 
0.010 

8.07/8.05 8.13/8.05 0.57/>0.99 

Inertia 494/497 346/352 0.001/ 
0.004 

315/319 251/244 0.79/0.79 

Correlation 0.00090/ 
0.00087 

0.00146/ 
0.00087 

0.002/ 
0.005 

0.0019/ 
0.0019 

0.0020/ 
0.0019 

>0.99/0.79 
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Figure 9 Comparison of textural parameters at morphologic (CT) delineation of tumor between esophageal 
adenocarcinoma (AC) and squamous cell carcinoma (SCC), pre-neoadjuvant therapy between patients with and without 
intravenous contrast during examination. Figures show means with 95% confidence interval error bars. 
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ypT status—Adenocarcinoma

 

Figure 10 Neoadjuvant pathological T (ypT) status of surgically removed esophageal adenocarcinoma compared with 
textural parameters at morphologic delineation (CT) of tumor and segmented volume. Figures show means with 95% 
confidence interval error bars. 
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4.3.3 Textural parameters and overall survival 

The median overall survival of all included patients was 19.3 months  

(adenocarcinoma 18.6 months; squamous cell carcinoma 20.0 months). Median follow-up 

time was 96.4 months (adenocarcinoma 90.5 months; squamous cell carcinoma 102.1 

months). A significant difference between short and long survival was observed for tumor 

volume of adenocarcinoma segmented using PET-aided CT image segmentation. No other 

significant impact of segmented volumes or any of the textural parameters of  

contrast-enhanced CT was found (Table 9).  

Further sub-analysis of 10 adenocarcinoma patients with pre- and post-treatment exams with 

intravenous contrast administration did not change the outcome (data not shown). 

No effect on the registered variables was observed regardless of the type of neoadjuvant 

regimen or tumor type. 

Table 9 Means of textural parameters and volume at contrast-enhanced CT compared between short (<365 days) and 
long (>365 days) overall survival (OS) for esophageal adenocarcinoma and squamous cell carcinoma using morphologic 
(CT)/metabolic (PET) delineation of tumor. 
 

Adenocarcinoma OS (n=19) Squamous cell carcinoma OS (n=8) 

Parameter <365 Days >365 Days p <365 Days >365 Days p 

Volume (ml) 44/59 75/24 0.06/0.03 20/14 75/65 0.29/0.86 

Homogeneity 0.069/0.068 0.064/0.064 0.07/0.11 0.09/0.08 0.077/0.078 0.29/0.29 

Energy 0.000358/ 
0.0003571 

0.000344/ 
0.000348 

0.39/0.30 0.00048/ 
0.00050 

0.00048/ 
0.00049 

0.86/0.43 

Entropy 8.30/8.27 8.36/8.36 0.39/0.39 8.04/8.01 8.11/8.09 >0.99/0.43 

Inertia 344/350 421/425 0.07/0.11 209/211 318/317 0.29/0.29 

Correlation 0.00136/ 
0.00132 

0.00121/ 
0.00119 

0.16/0.19 0.0022/ 
0.0023 

0.0019/ 
0.0018 

0.43/0.29 
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4.4 Study IV – Variation in textural analysis parameters during contrast 
injection of HCC 

Injection of contrast medium increased all HCC texture parameters and the parameters 

Energy and Correlation in non-tumorous hepatic tissue (Table 10). However, the observed 

slope coefficients (i.e. the respective increase over time) were several magnitudes below the 

median values of each textural parameter.  

After contrast medium injection, the variability in texture parameters in tumors over time was 

smaller than the variation between different tumors (Table 11), but it was not significant for 

Inertia. This difference was not observed in normal hepatic tissue, where all parameters 

showed a higher variability over time in comparison to the variation between different 

individuals. When comparing the variability in texture parameters after contrast medium 

injection the parameter Entropy varied significantly less in lesions than in tissue  

(SD=0.089 versus SD=0.156, p < 0.05), while no significant differences were observed in the 

other parameters. The average of each texture parameter varied more in Energy and Entropy 

(SD=0.000413 and SD=0.326 respectively) for lesions than hepatic tissue  

(SD=0.000108 and SD=0.109 respectively), p < 0.001 and p < 0.05 respectively. 

Normalized mean textural parameters for all HCC lesions and normal hepatic tissue ROIs are 

shown in Figure 11 and Figure 12. A value of one (1) represents equal value as the measured 

value at the first scan. 

Table 10 Median slope coefficient for linear regression over all time points for each textural parameter for all lesions. 
The lower quartile (LQ) and upper quartile (UQ) are presented. The median of each textural parameter over all time 
points is presented in the fourth column. The same data for normal hepatic tissue is also presented. 

Slope, lesions LQ Median UQ Parameter 
median 

Homogeneity -0.00022 -0.00009 0.00005 0.076 
Energy -0.0000034 -0.0000014 -0.0000001 0.0011 

Entropy 0.00014 0.00065 0.00216 7.05 
Inertia -0.3 0.8 1.7 304 

Correlation -0.0000161 -0.0000046 -0.0000004 0.0015 
     

Slope, tissue LQ Median UQ Parameter 
median 

Homogeneity -0.00023 -0.00004 0.00000 0.092 
Energy -0.0000034 -0.0000008 -0.0000001 0.00082 

Entropy -0.00005 0.00085 0.00310 7.30 
Inertia -0.3 0.3 1.1 198 

Correlation -0.0000152 -0.0000040 -0.0000001 0.0024 
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Table 11 Mean standard deviation for each textural parameters over all time points for each lesion (Intra-lesion) and 
between all lesions for each time point (Inter-lesion). Data for normal hepatic tissue is also presented. 

Standard Deviation Intra-lesion Inter-lesion p 
Homogeneity 0.010 0.014 0.009 
Energy 0.000187 0.000413 0.0001 
Entropy 0.089 0.326 0.00003 
Inertia 91 112 0.25 
Correlation 0.00046 0.00060 0.039 
     

Intra-tissue Inter- tissue p 
Homogeneity 0.012 0.009 0.10 
Energy 0.000146 0.000108 0.11 
Entropy 0.156 0.109 0.09 
Inertia 90 73 0.47 
Correlation 0.00063 0.00050 0.29 
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Figure 11 Normalized mean textural parameters of all lesions over time. X-axis indicates time point, Y-axis the 
normalized value in comparison to the measured value at the first scan. 

 

Figure 12 Normalized mean textural parameters of all normal hepatic tissue ROIs over time. X-axis indicates time point, 
Y-axis the normalized value in comparison to the measured value at the first scan. 

  

0

1

2

3

4

5

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28

Normalized textural parameters of lesions

Homogeneity Energy Entropy Inertia Correlation

0

1

2

3

4

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28

Normalized textural parameters of normal hepatic 
tissue

Homogeneity Energy Entropy Inertia Correlation



 

42 

4.4.1 Comparison of textural parameters between normal tissue and lesions 

Significant differences between the mean of each of the textural parameters Energy, Entropy, 

Inertia and Correlation for normal hepatic tissue and lesions were observed (Table 12). 

However, only the textural parameter Energy differed more than the 95% confidence interval 

of the average textural parameter value for normal hepatic tissue  

(i.e. 1.96 times the standard deviation).  

Table 12 Mean textural parameters for normal hepatic tissue in comparison to lesions. Whether the observed difference is 
beyond 1.96 times the observed intra-tissue standard deviation (SD) for significantly different parameters is also 
presented. 

 Tissue Lesion p 
Beyond  
1.96SD 

Homogeneity 0.089 0.080 0.12 N/A 
Energy 0.0009 0.0013 0.02 Yes 
Entropy 7.32 7.03 0.02 No 
Inertia 263 322 0.04 No 
Correlation 0.0024 0.0015 0.002 No 
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5 DISCUSSION 

5.1 Textural analysis 

Through study I and III, it could be shown that textural analysis of MR and CT images yield 

additional information about tumor histology. In study I, a correlation between Homogeneity 

and IDH mutation status in LGG was found. In study III, differences in textural parameters 

could be detected between esophageal adenocarcinoma and squamous cell carcinoma. 

Furthermore, there were differences detected in textural parameters between ypT0-2 and 

ypT3-4 stage adenocarcinomas. 

5.1.1 Considerations when using textural analysis 

Because there are several steps between the acquisition of image data and the calculation of 

textural parameters, there are several issues that have to be considered for each step in order 

to allow comparison between different studies. 

The usual sources of variability through differing imaging protocols, scanner types, slice 

thicknesses etc have been shown to affect the resulting textural parameters. Validation studies 

have shown that textural parameters vary about one standard deviation (SD) when using 

differing scanners and 19% repeatability when different slice thickness and reconstruction 

algorithms are used (98,99). In study I, III and IV, all included patients were imaged using 

the same scanner using the same imaging parameter in order to reduce those effects. The 

importance of keeping the same imaging conditions was seen in study III, where significant 

differences were observed in textural parameters of segmented tumors between native and 

contrast-enhanced examinations. 

As there are several different parameters that can potentially be analyzed, with some of them 

sharing the same or similar names, it is of importance that the specific formula used to 

calculate the parameter is described, so that there is no confusion between parameters using 

the same name but differing in calculation method. For study I, at least two different formulae 

for calculating Homogeneity was found and the one described by Haralick was used as it 

seemed to be the more commonly used. The parameters described by Haralick were used in 

the following studies III and IV as it had been shown in study I that those parameters had the 

potential to be useful. 

The implementation of the formula in the software used for the respective calculation varies 

between currently available software. The GLCM textural analysis methods used in this 

thesis assess the relation between two voxels, thus an important aspect is whether the 

software analyzes a singular slice in four possible directions on a 2D slice, or if a 3D analysis 

of the 13 directions in an entire volume is supported. There was no available software for 3D 

textural analysis at the time the studies in this thesis were planned. Thus a plug-in for ImageJ 

was implemented to enable calculation of the textural parameters from segmented tumor 

volumes. More software options are available today, but many are still limited to analyzing 

single 2D slices (89). As the number of analyzed voxels is a confounding factor for 
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calculation of textural parameters, there is a suggestion that at least 200 voxels should be 

included (110). This limits the potential applications for software only capable of analyzing 

single slices, as these would include only a fraction of the voxels available. This is especially 

important when analyzing tumors with perpendicular growth to the imaging plane, such as 

esophageal cancer tumors (Figure 13). 

 

Figure 13 3D visualization of segmented adenocarcinoma esophageal tumor neoadjuvant pathological stage ypT3N1 
from a 64-year old male, illustrating perpendicular growth relative to the transaxial plane. Left images illustrate 
segmentation of upper, middle and lower areas of the tumor. 



 

 45 

The segmentation of the tumor volume also affects the calculated textural parameters. To 

reduce the variation in parameters due to differences in segmentation, various automated and 

semiautomated segmentation methods have been evaluated (59,67,68). However, manual 

segmentation is still commonly used to segment the volumes used for further analysis. In 

study II, a reduction of mean differences of tumor volume between two radiologists was 

observed, showing an improvement in interobserver agreement when using a semiautomated 

segmentation instead of a manual segmentation method. On the other hand, no further 

information of interest was found in study IV when using PET information to improve 

segmentation on CT images of esophageal cancer. 

In conclusion, all these factors add to the complexity of planning studies exploring textural 

analysis and have to be considered when comparing different studies with each other. Even 

though using similar concepts, differences in inclusion of image data, choice of parameters, 

specific implementation and segmentations differences could render different results for 

similar studies. 

5.2 Study I - Textural analysis of low-grade glioma 

This study showed that the textural parameter Homogeneity can be used to predict mutation 

status of the IDH gene for low-grade glioma and serves as a proof of concept for the plugin 

developed for ImageJ and later used for calculating textural parameters in study III and IV. 

The results suggest that a lower Homogeneity is associated with IDHwt mutation status, 

which has a more aggressive course in comparison to IDHmut. This is consistent with other 

studies of both LGG and also findings of higher heterogeneity of high-grade gliomas 

compared to LGG (86). Since IDHwt LGG prognosis is similar to glioblastoma, early 

stratification is clinically useful. Tumor growth rate is the currently used prognostic marker 

(111), but to determine this requires several scans and add delay until treatment, which 

potentially can be avoided through stratification using textural analysis. Another advantage of 

textural analysis in comparison to other potential radiogenomic methods such as MR 

spectroscopy or diffusion-weighted imaging is that no additional scanning is required to gain 

additional information. This also enables retrospective analysis of already acquired image 

data and reduces the need for changes of clinical protocol or equipment. The emergence of 

synthetic MRI (112) might also reduce the variability due to different scanner and parameter 

choices, improving comparability of textural parameters. 

Some limitations of this study were the small number of included patients and lack of 

comparison with other potential radiogenomic methods such as MR spectroscopy or 

diffusion-weighted imaging. However, this reflects the current clinical conditions and the 

limitations of a retrospective study design, as LGG is relatively rare and only cases with 

imaging indicated by current guidelines are available. 
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5.3 Study II – Comparison of semiautomated and manual segmentation 

It was shown that an improvement can be achieved by using semiautomated segmentation 

instead of manual segmentation and that semiautomated segmentation can reduce the effects 

of discrepancies in skill between radiologists for volumetry measurements. 

However, there were still differences between the observers, which could be attributed to the 

properties when imaging esophageal tumors. Due to low contrast between tumor and normal 

tissue, it was challenging to delineate the cranial and caudal extent of the tumors, particularly 

for tumors situated at or close to the gastro-esophageal junction. These effects can probably 

be reduced by using more complex imaging protocols utilizing antispasmodic agents and 

positive or negative oral contrast media just prior to the CT examination (113,114). However, 

these protocols are not commonly used in clinical routine practice and could be difficult to 

implement. The included CT scans in this study did not include multiplanar reformations, 

which could have aided in the delineation of tumor borders. 

The use of other imaging modalities such as FDG-PET-CT could also help to delineate tumor 

boundaries. The highlighting provided by FDG uptake pinpoints the position of active tumor 

tissue and helps distinguish it from normal tissue. However, inflammation also causes 

increased FDG uptake. As inflammation often appears around esophageal tumors (115–117), 

this could lead to an overestimation of tumor volume. As proper volume segmentation is of 

importance for the calculation of textural parameters, the effects on esophageal tumor volume 

measurements by using FDG-PET information in addition to CT images was further 

examined in study III. 

Limitations of this study were the limited number of patients and readers, and the use of two 

different CT scanners for the examinations. However, the use of different scanners should 

have no effect on interobserver variance of volume measurement, as both observers are 

measuring the same images. 
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5.4 Study III – Textural analysis of esophageal cancer 

The primary finding of this study was a correlation between the textural parameters Energy, 

Entropy, Correlation, Homogeneity or Inertia and ypT-status for esophageal adenocarcinoma, 

which was not present for squamous cell carcinoma. There were also significant differences 

in the parameters Homogeneity, Energy and Entropy between esophageal adenocarcinoma 

and squamous cell carcinoma. However, no association between textural parameters and 

overall survival was detected. 

The growth of esophageal tumors along the axis of the organ and perpendicular to the 

imaging plane results in a small area for each slice. By analyzing the textural analysis in 3D 

using a volumetric approach, a sufficient number of voxels could be included to mitigate 

variation due to insufficient included voxels. The observed lack of correlation between the 

textural parameters and overall survival is in contrast to other similar studies, where a 

correlation between textural parameters and overall survival was found (55–57). However, 

those studies used a different software, which calculated the parameters on a singular 

transaxial slice and performed an additional Gaussian-filtering step before the calculation. 

Also, the NeoRes study (101), from which the patients in this study were included, was 

designed to differentiate tumor response after two different treatment strategies and it was 

underpowered for survival analysis. The proportion of the patients from that study included 

here (approximately 20%) would consequently make this study underpowered for such a 

survival analysis. 

In contrast to earlier studies, esophageal adenocarcinoma and squamous cell carcinoma were 

analyzed separately, as they are considered to be different diseases (27). This view was 

further supported by the observed significant differences in textural parameters between 

adenocarcinoma and squamous cell carcinoma. Also, the differences in textural parameters 

dependent on ypT-status observed for adenocarcinoma but not for squamous cell carcinoma 

support that they should be analyzed separately when calculating textural parameters. 

The studies that the current 8th edition AJCC/UICC Staging Manuals for esophageal cancer 

is based upon have shown a negative correlation between higher ypT-stage and overall 

survival (118). The observed correlation of ypT-stage and textural parameters suggests that 

textural analysis could potentially be a useful method for non-invasive staging of esophageal 

adenocarcinoma prior to neoadjuvant therapy and surgical resection.  

As mentioned earlier, the use of different scanner settings and contrast medium protocols all 

affect the textural analysis. Therefore, a strength of this study was that all scans were 

performed using the same scanner with the same imaging settings. However, the usage of 

contrast medium differed both between patients and between examinations for the same 

patients, which reduced the number of examinations that could be used for analysis. 
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Limitations of this study include the different neoadjuvant treatment used for the included 

patients and the small number of patients for each tumor type, which precluded analysis of 

textural parameters between the different choices of neoadjuvant treatment. Another 

limitation was the use of a single observer for tumor segmentation, which could lead to 

segmentation errors. This risk was reduced by using a semiautomatic segmentation tool and a 

highly experienced radiologist. Good intraobserver consistency has previously been shown 

when using manual segmentation (31), and use of semiautomatic segmentation leads, as 

shown in study II and another study, to further improvement (67). 

5.4.1 Additional value of PET for CT Textural analysis of esophageal cancer 

The addition of PET image data to aid CT image segmentation did unexpectedly not result in 

any additional prognostic value for esophageal cancer despite theoretically allowing for a 

more accurate segmentation by highlighting areas with tumor activity. This could not be 

explained by a potential mismatch between PET and CT images due to the simultaneous 

acquisition of those. 

The use of PET as an aid for segmentation of CT images, instead of directly analyzing the 

PET images, reduces the effects of PET-specific limitations i.e. noise artifacts and larger 

voxel size (119). Those could otherwise potentially cause confounding effects due to lower 

number available voxels for analysis. However, the variation in metabolic activity within the 

segmented volume was not analyzed in this study. 

The volume of the tumors was on average 26-29% smaller when segmented using PET-aided 

CT segmentation compared to when using CT segmentation only (Figure 14). This suggests 

that necrotic, inactive tissue could be excluded from the segmented volumes by using PET 

data. However, there was no significant difference in the textural parameters between the 

included and excluded volumes. Consequently, the previously observed differences between 

adenocarcinoma and squamous cell carcinoma in textural parameters when using only CT 

information remained and the observed correlation between ypT-status and textural 

parameters was unaffected.  

As the CT image segmentation without and with PET image aid was performed during the 

same session for each patient, a limitation for these comparisons was the apparent risk of a 

recall bias when performing the PET aided segmentation. 



 

 49 

 

Figure 14 3D visualization of segmented adenocarcinoma esophageal tumor neoadjuvant pathological stage ypT3N1 
from a 64-year old male on CT images (left) and on CT images with aid of PET image data (right), illustrating the 
resulting volume difference after tumor segmentation. 
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5.5 Study IV – Variation in textural analysis parameters during contrast 
injection of HCC 

The observed variation in textural parameters during contrast injection in this study was 

smaller for each lesion (ie. intra-lesion variability) than the variation was between the 

corresponding individual average of that texture parameter for all lesions (i.e. inter-lesion 

variation). Normal hepatic tissue showed the opposite; there was a greater variation in 

textural parameters over time when compared to the variation between the average value of 

that texture parameter between individuals. There was no significant drift of texture 

parameters over time after contrast injection, neither in lesions nor in normal hepatic tissue. 

The average value of the textural parameters for each analyzed ROI in normal hepatic tissue 

or lesion over all time points was several factors higher than the resulting slope coefficient of 

linear regression of textural parameters over time. 

In contrast to the observed difference in textural parameters between native and  

contrast-enhanced CT in study III, no such difference could be observed in this study. This 

could be due to the lower contrast media dose (50 ml versus approx. 90 ml) but it may also be 

dependent on tumor type. In HCC the normal dual supply from portal and arterial blood 

inflow is replaced by a single supply of only arterial inflow. This should result in more 

apparent changes of textural parameters during the arterial phase of the contrast injection. 

However, somewhat surprisingly, no such variation was observed at all. However, there were 

differences between normal hepatic tissue and lesions in the variability and variation of the 

texture parameters and in the average values of the textural parameters, but those were 

relatively constant despite contrast media injection. This indicates that there are differences in 

tumor texture that are not visible to the naked eye prior to contrast media injection. It is 

tempting to speculate that texture analysis could make contrast media injection redundant in 

the future, but currently, the differences between tumors and normal hepatic tissue are too 

small to allow such analyses. 

The observed levels of heterogeneity in lesions in comparison to normal tissue in this study 

were both higher and lower, depending on which textural parameter analyzed. The 

parameters Energy and Entropy both indicate a lower heterogeneity, while the parameter 

Inertia indicates a higher heterogeneity. This could reflect differences in contrast uptake due 

to differences in blood supply, as a single source of blood supply could result in less uneven 

uptake and wash out in comparison to a dual blood supply. Previously published studies by 

other research groups have shown an increase of heterogeneity in lesions in comparison to 

normal hepatic tissue (50,51,91,92). In contrast to those studies, the textural parameters in the 

current study were calculated as an average over the entire time series rather than from a 

single time point. The effects of contrast medium uptake and wash out could theoretically 

make the results not directly comparable to the earlier studies, but as mentioned earlier no 

effect over time on textural parameters was observed after contrast media injection. 

Excluding Energy, none of the textural parameters changed more than 1.96 times the SD of 

the intra-tissue variation, i.e. the observed difference in textural parameters between normal 

hepatic tissue and lesions were within the 95% confidence interval. This means that the 



 

 51 

currently studied textural parameters are not sufficient for making the diagnosis of HCC 

when used alone. Combinations with other kinds of texture or radiomic parameters could be 

useful after thorough research. 

The same PCT machine with the same imaging settings was used for all included patients, 

which eliminated differences in textural parameters due to scanner variation. The PCT scans 

in this study were obtained at a lower tube voltage and with lower flux (mAs, radiation 

dosage) for each scan cycle when compared to routine contrast-enhanced CT scans. The 

resulting higher image noise could potentially mask the minute differences caused by contrast 

enhancement and amplify the observed variation. Also, the lower dosage of contrast medium 

for PCT scans could result in less contrast enhancement and bin areas into a lower GLCM 

gray level when rescaling the Hounsfield unit information. This could cause an increase in 

observed heterogeneity when compared to examinations using standard contrast medium 

dosage. This might be overcome by fusing images obtained at different time points (120).  

The observed drift in textural parameters after contrast injection was so low that precise 

timing of image acquisition during contrast injection should not be an issue in future studies 

of HCC. However, the observed seemingly random variation in textural parameters during 

scanning suggests that there is intrinsic variation between repeated scans. The addition of 

contrast medium could potentially have increased this variation, but no linear relationship 

between textural parameters and time after injection was observed. This has to be taken into 

consideration at statistical analysis of differences between textural parameters in different 

tissues. In comparison to similar studies of variations in textural parameters at repeated scans 

after contrast media injection in colorectal cancer (121) and lung cancer (122,123), this study 

has considerably more time points and is the first study to evaluate the variation during 

contrast injection in HCC. 

The use of only a single 2D slice at texture analysis was a limitation of this study. The 

number of included voxels for analysis was thereby much smaller than that at the 3D 

volumetric approach used for study I and III. However, the considerably higher number of 

images analyzed in this study would have made the 3D approach excessively time-

consuming. The use of a single observer for ROI placement was another limitation. However, 

by limiting the analysis to a single 2D slice and using a highly experienced radiologist the 

risk of segmentation error should be limited. Variation in ROI placement was probably also 

reduced by copying the placement of the ROI in the optimum phase in each patient and then 

pasting it to all the other time points. 
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6 CONCLUSIONS 
This thesis shows that histopathological differences in tumors can be observed using  

non-invasive diagnostic imaging through textural analysis. The method is applicable to both 

CT and MRI and on different types of tumors. However, the number of patients included in 

the study cohorts did not provide sufficient statistical power to enable evaluation of the 

relationship between textural parameters and overall survival. 

Specific conclusions for each of the included studies: 

Study I: The GLCM textural parameter Homogeneity can be used to predict IDH mutation 

status for low-grade glioma. 

Study II: Semiautomatic segmentation reduces intra- and interobserver variation at CT 

volumetry of esophageal tumors, compared to manual segmentation. The use of 

semiautomatic segmentation can also reduce the effect of differing skill levels between the 

observers. 

Study III: Textural analysis can be used to predict ypT-status of post-neoadjuvant 

esophageal adenocarcinoma. The significant differences in textural parameters observed 

between esophageal adenocarcinoma and squamous cell carcinoma suggest that the two 

tumor types should be analyzed separately in future studies involving textural analysis of 

esophageal cancer.  

As the textural parameters of both the remaining tumor volume and the excluded tumor 

volume after PET guidance are similar, there is no observable difference in tissue type 

between the volumes. Thus, the addition of PET image data during CT segmentation of 

esophageal tumors does not improve the correlation between the included textural parameters 

and ypT-status or overall survival. 

Study IV: No additional variation in textural parameters due to use of contrast media for 

normal hepatic tissue or hepatic lesions was observed, implying that reproducible contrast 

medium timing should not be an issue at PCT texture analysis of HCC. 
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7 FUTURE CONSIDERATIONS 
Several areas remain for further study regarding the use of textural analysis as a prognostic 

tool. Although implementing tools to measure textural parameters is relatively simple and can 

be applied for most imaging modalities, there are still several challenges remaining until 

these methods can be used reliably in clinical practice. 

The results of this thesis show that textural analysis can be used on CT images for 

differentiation of ypT-status for esophageal adenocarcinoma and separation of 

adenocarcinoma and squamous cell carcinoma for esophageal cancer. Also, differences in 

IDH-mutation status for low-grade gliomas from MRI images could be detected. Textural 

analysis has also been shown in other studies to have prognostic value when applied to other 

types of cancers and imaging modalities. This shows a wide scope of applications of textural 

analysis as a prognostic tool for different types of cancers and different imaging modalities. 

Further studies could yield more specific prognostic applications of textural analysis in the 

treatment of cancer. 

Although there have been some studies regarding the variation of textural parameters due to 

differing imaging equipment and different imaging parameters (98,99), the magnitude of 

effects on resulting textural parameters needs further research. The assessment of imaging 

parameters affecting the textural parameters and the quantification of their influence on the 

variation could be useful for the development of correction methods to reduce those effects, 

which would be of great importance for multicenter studies using textural parameters to 

predict treatment effect or survival. 

The segmentation of tumor volumes was done using a semiautomated method. The recent 

development of automated segmentation techniques could lead to improvements in 

robustness and reduction of interobserver variance (68). Reducing the need for manual user 

input in the workflow is also of importance in the development of computer-aided diagnosis 

through machine learning or AI. 

There have been several suggestions for the causes of the observed differences in textural 

parameters between normal tissue and malignant tissue. However, there are only a few 

studies of the relationship between histopathological samples and textural parameters (60,80). 

Further exploration of the relationships between histopathological appearance and observed 

textural parameters might yield additional insight into which specific biological processes in 

tumor development and tumor treatment response that are observable using textural 

parameters. 

In conclusion, there are several options for further research based on the findings in this 

thesis. 
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