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AI Evaluations of Sarcoma FromMagnetic Resonance Imaging

Arnar Evgení Gunnarsson

October 17, 2025
Abstract

Background: Sarcomas are a rare and heterogeneous group of malignant tu-
mors, making early detection and diagnosis a high priority. Diagnosis tradition-
ally relies on expert interpretation of radiological imaging and histopathological
biopsies, processes that are time-consuming, subjective, prone to inter-observer
variability and are invasive.

Methods: This research investigates the potential of artificial intelligence (AI),
specifically radiomics and machine learning (ML), to support sarcoma diagnosis,
characterization and grading based on MRI scans. Quantitative features were ex-
tracted from multiple image transforms, including original, wavelet, Laplacian of
Gaussian, square, square root, logarithm, exponential, gradient, and local binary
pattern transforms. From these images, first-order statistics and texture descrip-
tors (GLCM, GLSZM, GLRLM, NGTDM) were computed. A diverse set of ML
models were evaluated, including Random Forest, Logistic Regression, SGDClas-
sifier, Ridge Classifier, LightGBM, XGBoost, and CatBoost. Models were trained
on three primary tasks: (1) binary classification of healthy vs. sarcoma tissue, (2)
sarcoma grading based on the FNCLCC system, and (3) differentiation between
bone and soft tissue sarcomas. In addition, a habitat generation framework was
introduced, clustering radiomic segments into biologically meaningful subregions
to enhance grade and sub-group classification. Model performance was assessed
using AUC-ROC, accuracy, and macro- and micro-averaged F1-score, precision,
and recall.

Results: For binary classification of healthy vs. sarcoma tissue, models per-
formed strongly, achieving AUC-ROC scores ranging from 0.829 to 0.999 depend-
ing ondata preprocessing, with consistently highmetric values overall. This demon-
strates that ML methods are well suited to distinguishing healthy from patholog-
ical tissue. Grade classification achieved AUC-ROC scores ranging from 0.618 to
0.690 using radiomics and between 0.520-0.591 using habitats, with metrics gen-
erally above baseline for three-class classification. While performance remains
modest, results indicate meaningful correlation between radiomic inputs and FN-
CLCC grade. Sub-group classification of bone vs. soft tissue sarcomas achieved
AUC-ROC scores of 0.750-0.863 using radiomics and 0.585-0.707 using habitats,
indicating that ML methods can effectively aid in sarcoma sub-type differentia-
tion.

Conclusions: The findings demonstrate that combiningmultiple image trans-
forms with radiomics for diagnostic, characterization and grading classification is
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feasible and effective. Advanced ML models substantially improve performance
across diagnostic and prognostic tasks. Furthermore, the habitat generation ap-
proach offers additional biological interpretability and can enhance grade and sub-
groupprediction. These results highlight the promise of AI-driven radiomics pipelines
to support clinical decision making in sarcoma diagnosis and hopefully earlier
management and extended survival.

Keywords: Artificial Intelligence, Machine Learning, Sarcoma, Diagnostics,
Sarcoma Grading, Radiomics, Habitats.
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Gervigreindarmat á Sarkmein Út Frá Segulómrannsóknum

Arnar Evgení Gunnarsson

October 17, 2025

Útdráttur
Bakgrunnur: Sarkmein eru sjaldgæf og fjölbreytt tegund illkynja æxla og því

er mikið forgangsatriði að uppgötva það og staðfesta sem fyrst. Hefðbundin grein-
ing byggir á mannlegri sérfræðitúlkunmyndgreininga og ífarandi vefjasýna, ferlar
sem eru tímafrekir, og háðir huglægu mati mismunandi sérfræðinga.

Aðferð: Þessi rannsókn skoðar möguleika gervigreindar og geislatölufræði (e.
radiomics) til að styðja lýsingu, greiningu, og gráðun á sarkmeinum. Magnbund-
nir eiginleikar (e. features) voru unnir úr fjölbreyttum tegundum af umbreyt-
tum segulómmyndum, sérstaklega þeim upprunalegu, en einnig bylgjugreiningu
(wavelet), Laplace af Gaussian síun, fernings-, ferningsrót-, lógaritma-, veldis-,
halla- og staðbundnum tvíundarmynstrum (e. local binary pattern). Úr þessum
myndum voru reiknuð fyrstu stigs tölfræðileg gildi og áferðarlýsingsgildi (e. tex-
ture descriptors) eins og GLCM, GLSZM, GLRLM og NGTDM.Margar tegundir af
gervigreindarlíkönum voru metin, þar á meðal Random Forest, Logistic Regres-
sion, SGDClassifier, Ridge Classifier, LightGBM, XGBoost og CatBoost. Líkönin
voru þjálfuð með þrjú meginverkefni í huga: (1) tvíflokkagreiningu (e. binary
classification) á heilbrigðum og sarkmeina vef, (2) stigun sarkmeina samkvæmt
FNCLCC-kerfinu, og (3) greining milli beina- og mjúkvefssarkmeina. Að auki var
kynnt ferli fyrir myndun svokallaðra „habitat“-svæða, þar sem geislatölufræðile-
gir bútar voru flokkaðir í líffræðilega þýðingarmikil undirsvæði til að bæta stigun
og undirflokkun. Afköst líkananna voru metin með AUC-ROC, nákvæmni (e. ac-
curacy), og meðaltölum F1-stuðuls, næmni (e. recall) og nákvæmni (e. precision)
fyrir bæði macro- og micro-mælikvarða.

Niðurstöður: Við tvíflokkagreiningu áheilbrigðumvef og sarkmeina vef sýndu
líkönin góða frammistöðu, með AUC-ROC gildum á bilinu 0,829 til 0,999 eftir því
hvaða forvinnsla gagna var notuð, og náði almennt háum mæligildum yfir heild-
ina. Þetta sýnir að vélvæðingar aðferðir (ML) henta vel til flokkunar á milli heil-
brigðs og sjúklegs vefs. Gráðun sarkmeina (e. grading) náði AUC-ROC gildum á
bilinu 0,618 til 0,690 þegar notast var við geislatölufræðilega greiningu og á bilinu
0,520 til 0,591 þegar notuð voru svokölluð „habitat“-svæði, með mæligildum sem
almennt voru yfir grunnviðmiðum fyrir þríflokkagreiningu. Þótt frammistaðan sé
enn hófleg, benda niðurstöðurnar til marktæks sambands milli geislatölufræðile-
gra eiginleika og FNCLCC-gráðu. Undirflokkagreining milli beina- og mjúkvefs-
sarkmeina náði AUC-ROC gildum á bilinu 0,750 til 0,863með geislatölufræðilegri
greiningu og 0,585 til 0,707með „habitat“-aðferð, sem gefur til kynna að vélvæðin-
gar aðferðir geti verið árangursríkar við aðgreiningu undirflokka sarkmeina.
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Ályktanir: Niðurstöðurnar sýna að samsetning margra myndbreytinga með
geislatölufræðilegri greiningu er bæði raunhæf og árangursrík fyrir greiningu, einken-
ningu og gráðun sarkmeina. Háþróaðar gervigreindarlíkanir bæta verulega fram-
mistöðu í bæði greiningar- og forspárverkefnum. Að auki veitir „habitat“-aðferðin
aukna líffræðilega túlkunarmöguleika og getur eflt nákvæmni í gráðunogundirflokk-
agreiningu. Þessar niðurstöður undirstrikamöguleika gervigreindarstuðlaðra geis-
latölufræðilegra kerfa til að styðja við klínískar ákvarðanir og þannig mögulega
flýta fyrir greiningu og meðhöndlun sarkmeina og þannig mögulega bæta einnig
lífslíkur.

Efnisorð: gervigreind, sarkmein, greining sarkmeina, gráðun sarkmeina, geis-
latölufræði eiginleikagreining, „habitat“-svæði, segulómrannsókn sarkmeina
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Prologue

Sarcomas and cancers in general are a cause of fear for many in modern society.
Research in the sector has been super charged with advancements in technology,
but still presents many difficulties in diagnosis, staging and treatments.

This thesis presents all of the work carried out on research on the Icelandic
Sarcoma Group (IceSG) database, a collection of over 200 patients that have suf-
fered from sarcoma in the Icelandic healthcare system since 2004. This work con-
tributes to the ongoing battle against cancers through the development of tools
and pipelines to support sarcoma diagnosis, characterization and staging. These
works act as a foundation for future research and improvements using this novel
database of patients.

This thesis dissertation is organized into the following chapters:

Chapter 1: presents an introduction to sarcoma froma clinical perspective. Sarco-
mas and their diverse clinical presentations are discussed. Novel techniques and
methods for diagnosis, grading, staging and treatment are reviewed.

Chapter 2: is the first articlewritten throughout the research of the IceSGdatabase.
This article presents a preliminary analysis conducted, using fundamental strate-
gies that are built on in later chapters. These include the application of image
transforms and calculations of radiomics data, which are processed using by a
random forest classifier to predict whether a data sample is a sarcoma or healthy
tissue as well as predicting sarcoma FNCLCC grade.

Chapter 3: is the second article written on the database. It too presents prelimi-
nary methods used in later chapters including the creation of a dataset comparing
sarcoma infected regions with regions of comparable healthy anatomy and feature
analysis methods.

Chapter 4: builds on the previous research and goes intomuchmore detail. Here,
more image transforms are included in the radiomics feature extraction pipeline.
Analyses aremade at multiple size scales, from analyzing small segments of tissue
to entire slices. In addition to predictingwhether tissue samples are sarcomaor not
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and grading, sarcoma sub-group (soft tissue sarcoma or bone sarcoma) is predicted
using the same pipelines. A novel method for predicting sarcoma grade and sub-
group through the fabrication of habitats is tested. This method create multiple
regions within a sarcoma tumor to measure interactions and heterogeneity.

Chapter 5: states the conclusions drawn throughout the research regarding the
potential of machine learning in supporting clinical decision making regarding
sarcoma.



Chapter 1

Introduction

1.1 Sarcomas In General

Sarcomas are a rare and heterogeneous group of malignant tumors that originate
in mesenchymal stem cells (MSCs), which are progenitor cells capable of differ-
entiating into connective tissue components such as bone, muscle, fat, and carti-
lage. These tumors account for less than 1% of adult cancers but comprise a much
higher percentage in pediatric populations[1]. The prevailing hypothesis suggests
that sarcomas arise when MSCs acquire initiating mutations that disrupt normal
differentiation and self-renewal, rendering them susceptible to further oncogenic
events[2]. Due to MSCs ability to differentiate into multiple cell types, the clinical
presentation of sarcomas is incredibly diverse.

Sarcomas are broadly categorized into soft tissue sarcomas (STS) and bone
sarcomas (BS), each encompassing numerous histological sub-types with distinct
molecular and clinical profiles. Their vast heterogeneity, spanning over 100 sub-
types, presents significant challenges in diagnosis, classification, and treatment
planning[1]. Accurate diagnosis often requires a combination of imaging, histopatho-
logical analysis, and increasingly, molecular profiling[3]. Treatment strategies are
similarly complex and may include surgery, radiotherapy and chemotherapy, and
often times multimodal combinations of these[1].

Sarcoma was first distinguished from carcinomas through the development of
cellular pathology in the mid 19th century on the basis of their tissue origin[4]
and has since been further categorized and described into sub-types. The earli-
est confirmed case of sarcoma in a hominid comes from a specimen labelled SK
7923 dating back 1.6-1.8 million years ago from an archeologic site Swartkrans,
South Africa[5]. The study of SK 7923 shows that hominids have been struggling
with thesemalignant diseases throughout our entire history. The oldest discovered
case of sarcoma comes from a dinosaur specimen, namely Centrosaurus Apertus,
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dating back 75-77 million years [6], which highlights the profound evolutionary
history of thismalignancy, suggesting that the fundamental biologicalmechanism
behind sarcoma development emerged early in vertebrate history.

1.2 Sarcomas In the Study

The sarcomas considered in this thesis are soft tissue sarcoma (STS), osteosarcoma
(OS), giant cell tumor of bone (GCTB), chondrosarcoma (CS), Ewing sarcoma (ES)
and dermatofibrosarcoma protuberans (DFSP). The classification of these is often
nuanced and each contains its own sub-types.

STS is a general umbrella term for a wide range of malignant tumors originat-
ing in soft tissue with over 50 histologic sub-types. They arise from mesenchy-
mal tissues such as fat (liposarcoma), muscle (leiomyosarcoma or rhabdomyosar-
coma), peripheral nerves (malignant peripheral nerve sheath tumors), and fibrous
connective tissue (fibrosarcoma). These tumors most frequently occur in the ex-
tremities (59%), followed by the torso (19%), retroperitoneum (15%), and head and
neck regions (9%). Approximately, 6% of STS occur in patients below 19 years of
age, 13% from ages 20-39, 30% from ages 40-59, 37% from ages 60-79 and 14%
aged 80 and above. Clinically, STS often present as deep-seated, painless, and
progressively enlarging masses, which can delay diagnosis until they reach sub-
stantial size or affect adjacent structures. Epigenetic changes and mutations have
been correlated with the development of STSwith common genes including TP53,
CDKN2A, retinoblastoma 1 (RB1), neurofibromin 1 (NF1) and ATP-dependent
helicase (ATRX). The development of metastatic disease occurs in approximately
40-50% of patients, of which themedian survival is only around 12months. Recur-
rence of STS varies greatly depending on depth, size and grade. Basic resection can
result in up to 90% recurrence, but fortunately have dropped in selected types to
7-15% due to recent advances in medical imaging, neoadjuvant therapy, adjuvant
radiation, and limb salvage procedures[7]–[12].

OS is a malignant tumor of bone, characterized by the production of osteoid,
the unmineralized and organic component of the bone, by malignant mesenchy-
mal cells. It most frequently arises in the metaphyseal regions of long bones, such
as the distal femur, proximal tibia, and proximal humerus, areas of rapid growth
during adolescence. OS displays a bimodal age distribution, with approximately
75% of cases diagnosed in patients under 25 years of age, and a secondary inci-
dence peak in individuals over 65 years, often associated with prior radiation ex-
posure or underlying conditions like Paget’s disease. While histologically diverse,
the most common sub-type is high-grade intramedullary osteosarcoma, which is
biologically aggressive. The 5-year survival rate is at 60%, with local recurrence
rates relatively low at approximately 5-10%, and the estimated long-term survival
for these patients is less than 20%. The main driving force of epigenetic dysreg-
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ulation in OS is through DNA methylation and RNA modifications, methylation
has been shown to decrease robustness of tumor suppressor genes andmicroRNAs
includingmiR-486-5p, miR-149, miR-195 contributing to OS cell proliferation, mi-
gration, and metastasis. Long non-coding RNAs (lncRNAs) such as THAP9-AS1
and HOTAIR further modulate gene expression by recruiting DNA methyltrans-
ferases to tumor suppressor loci, amplifying malignant traits. Clinically, OS typi-
cally presents with localized bone pain that may be initially attributed to trauma,
followed by the appearance of swelling or a palpable mass[9], [13]–[16].

GCTB is a benign but locally aggressive primary bone tumor and therefore clas-
sified with sarcomas. Histologically it is characterized by a proliferation of neo-
plastic mononuclear stromal cells interspersed with reactive multinucleated giant
cells withmorphology akin to osteoclast. It mostly arises in the epiphyseal regions
of long bones, particularly the distal femur, proximal tibia, and distal radius, often
presenting as a metaphyseal lesion extending into the epiphysis. GCTB accounts
for approximately 20% of benign skeletal tumors and 5% of all primary bone tu-
mors, with a peak incidence between 20 and 50 years of age and a slight female
predominance. Clinically, patients often present with localized pain, swelling,
joint effusion, and restricted motion of the affected joint, sometimes accompa-
nied by weight-bearing difficulties. Diagnosis relies on radiographic imaging, in-
cluding plain X-rays, CT, and MRI, and lesions are commonly graded using the
Campanacci system. Although GCTB is generally benign, it has a strong tendency
for local recurrence, observed in up to 25% of cases overall and up to 50% follow-
ing curettage. GCTB is primarily driven by epigenetic alterations, most notably
H3F3A G34W/L mutations in the neoplastic stromal cells, which disrupt normal
histonemethylation (H3K36me3 andH3K27me3) and lead towidespread changes
in gene expression, splicing, and cellular behavior. These changes do not affect the
DNA sequence itself but alter chromatin structure and transcriptional regulation,
contributing to increased proliferation, migration, and recurrence, despite the tu-
mor’s benign classification. In rare cases, GCTB can undergo malignant transfor-
mation or metastasize, particularly when arising in atypical locations such as the
spine, skull, or larynx. Classification of malignant GCTB is split into 2 sub-types
primary with a 5-year survival rate of 87% and secondary with a 5-year survival
rate of 32%[17]–[19].

CS is a malignant cartilaginous neoplasm characterized by the production of
atypical hyaline cartilage and a wide range of morphological features, including
irregular lobules of cartilage, nuclear atypia, permeation of the cortical bone and
marrow, and frequent calcifications. It most commonly arises de novo within
normal bone (conventional or primary CS), though secondary forms can emerge
from pre-existing benign lesions such as enchondromas or osteochondromas. The
tumor typically affects adults over 50 years of age, with a slight male predomi-
nance, and frequently involves the axial skeleton (especially the pelvis, scapula,
sternum, and ribs) followed by the proximal femur and humerus. Patients often
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Figure 1.1: MRI slices of different sarcoma sub-types from the IceSG dataset with
tumor regions shown by the red bounding box: (a) CS (b) OS (c) DFSP (d) STS (e)
ES (f) GCTB.

present with chronic pain and swelling, occasionally accompanied by neurolog-
ical symptoms when lesions occur in the skull base. It most commonly arises
in the axial skeleton, particularly the pelvis, scapula, sternum, and ribs, followed
by long bones such as the proximal femur and proximal humerus and accounts
for approximately 20% of all primary malignant bone tumors. Local recurrence
and metastasis are closely tied to histological grade, with dedifferentiated CS ex-
hibiting the highest recurrence and metastatic potential. CS exhibits epigenetic
dysregulation primarily through DNA hypermethylation and histone modifica-
tions, which contribute to tumor progression by silencing tumor suppressor genes
such as P16INK4a and RUNX3. This hypermethylation may be driven by mutant
IDH1/2-induced accumulation of the oncometabolite D2HG, though alternative
mechanisms are also implicated. Survival outcomes depend on severity, with 5-
year survival rates of 83% for low-grade tumors and 53% for intermediate to high-
grade CS. No study exists on the overall recurrence of CS, although studies on
smaller patient data-sets estimate an approximate 19-25% recurrence of CS [20]–
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[24].
ES is an aggressive malignant tumor of both bone and soft tissue, most com-

monly affecting adolescents and young adults, and accounting for 10-15% of all
primary bone sarcomas. It originates from mesenchymal progenitor cells and en-
compasses a family of tumors including classic Ewing sarcoma of bone, extra-
skeletal ES, Askin tumor, and primitive neuroectodermal tumors. ES typically
arises in the pelvis, axial skeleton, and long bones such as the femur, and patients
frequently present with localized pain, swelling, and sometimes systemic symp-
toms such as fever or weight loss. The disease predominantly affects individu-
als between 10-25 years of age, with a slight male predominance. Recurrence is
common, affecting approximately 25% of patients with initially localized disease,
and metastases commonly spreading to the lungs, bone, and bone marrow. At
the genomic level, ES is driven by characteristic chromosomal translocations,most
notably t(11;22)(q24;q12), that lead to the formation of EWS-FLI1 fusion genes,
which act as aberrant transcription factors altering chromatin accessibility and
global gene expression. Despite advancements in treatments improving the 5-year
survival rate to over 70% in localized disease, survival drops to less than 30% in
patients with lung metastases and under 20% with skeletal or marrow involve-
ment[25].

DermatofibrosarcomaProtuberans (DFSP) is a rare, low- to intermediate-grade
cutaneous soft tissue sarcoma characterized by slow but locally aggressive growth
and a high rate of local recurrence. Histologically, DFSP consists of uniform spin-
dle cells in a storiform pattern, and is strongly CD34 positive. The tumor arises
from a specific chromosomal translocation, t(17;22)(q22;q13), which results in a
COL1A1-PDGFB fusion gene that drives overexpression of PDGF𝛽 and autocrine
activation of PDGFR𝛽, promoting tumor proliferation. Clinically, DFSP typically
presents as a firm, plaque-like lesion on the trunk (47%), lower extremities (20%),
or upper extremities (18%), with a male-to-female ratio of approximately 3:2 and
a median age of diagnosis around 39 years. The tumor may remain indolent for
years, with some patients reporting symptoms persisting for decades prior to di-
agnosis. Approximately 10-15% of DFSPs contain a fibrosarcomatous component
(DFSP-FS), which is associated with more aggressive behavior, deeper tissue in-
filtration, increased mitotic activity, and a higher risk of metastasis. Recurrence
occurs in up to 50% of cases if margins are positive after excision, but drops be-
low 10% with wide local excision. Genomic changes observed in DFSP-FS include
microsatellite instability and p53 mutations, which may represent late events in
tumor progression. Adjuvant radiotherapy significantly reduces recurrence rates,
particularly in cases with close or positive margins, achieving local control in 80-
85% of such patients. Metastasis is rare (≤ 5%) but more likely in DFSP-FS, par-
ticularly in cases with inadequate resection. While chemotherapy has limited effi-
cacy, targeted therapywith tyrosine kinase inhibitors such as imatinib has demon-
strated clinical benefit in patients with unresectable or metastatic disease. Five-
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(a) STS [27] (b) OS [28] (c) GCTB [29]

(d) CS [30] (e) ES [31] (f) DFSP [32]

Figure 1.2: Examples of biopsy images taken from different sarcoma sub-types.

year local control rates exceed 80% for DFSP but drop below 30% for DFSP-FS,
highlighting the importance of histologic sub-type and surgical margins in deter-
mining outcome[26].

1.3 Symptoms

Symptoms of sarcoma can range, and often times go unnoticed during the early
stages. As the tumor grows it may hit a nerve causing patients pain. In certain
places patients might notice a swelling or a lump growing. They can also limit
range of motion around joints near its epicenter. Fevers of unknown origin have
been reported. Sarcoma growth also inhibits the structural integrity of bones and
may cause them to break for no apparent reason.

STS most commonly present as painless, asymptomatic masses that develop
insidiously and often remain unnoticed until they reach a considerable size [7].
Tumors located in the distal extremities are usually detected earlier due to visi-
bility and space constraints, whereas those in proximal or retroperitoneal regions
may grow significantly before causing symptoms. As STS tumors expand centrifu-
gally, they can compress adjacent structures, leading to pain, edema, neurological
symptoms (especially with retroperitoneal involvement), and gastrointestinal dis-
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turbances such as bowel obstruction [33].
Osteosarcoma typically presents as localized pain and swelling, often near the

metaphysis of long bones such as the distal femur, proximal tibia, or proximal
humerus. The painmay initially be intermittent andworsen at night or with activ-
ity, often mistaken for growth-related discomfort or sports injuries in young indi-
viduals. As the tumor progresses, swelling becomes more apparent, and function
of the affected limbmay decline. Inmore advanced cases, pathologic fractures can
occur. Approximately 20% of patients present with metastatic disease at diagno-
sis, primarily to the lungs, which can sometimes be asymptomatic or manifest as
respiratory issues in more severe cases [13].

GCTB commonly arises in the meta-epiphyseal regions of long bones, partic-
ularly around the knee, such as the femur, tibia, and radius. Clinically, patients
often present with pain, swelling, joint effusion, restricted range of motion, and in
more severe cases, impaired weight-bearing ability due to joint involvement [17].

CS are usually localized and include chronic pain and swelling, often present
formonths or years prior to diagnosis. The growth is generally slow, butmay even-
tually lead to neurological symptoms if located near the spine or skull base. On
imaging, chondrosarcomas appear as large, lobulated lesions with calcifications
and cortical destruction, aiding in diagnosis alongside clinical presentation [20].

ES typically presents in adolescents and young adultswith localized pain, swell-
ing, or stiffness, often worsening at night. More than 50% of patients report in-
termittent pain over the affected site, which commonly includes the pelvis, axial
skeleton, and long bones such as the femur. Systemic symptoms such as fever,
weight loss, or fatigue, are more likely in cases with metastatic spread. When the
tumor affects weight-bearing bones, patients may present with pathological frac-
tures, while pelvic lesions may manifest as back pain. In approximately 20% of
cases, metastatic disease is present at diagnosis, with the lungs or pleura being
common sites of spread. Clinical findings may also include signs like petechiae in
cases of bonemarrow involvement, or neurologic symptoms if the central nervous
system is affected [25].

DFSP typically presents as a slowly enlarging, asymptomatic cutaneous lesion
that initially appears as a pink or violet-red plaque, often with telangiectatic over-
lying skin. It is usually fixed to the dermis but is mobile over deeper tissues and
only develops nodular features later in its course. The disease tends to follow an
indolent growth pattern, with symptom duration ranging frommonths to decades
(mean of 6.4 years in one series). Lesions are typically superficial and less than 5
cm in diameter, but may rarely invade deeper structures in advanced cases[26].
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1.4 Diagnostics, Grading and Staging

The protocol or path to diagnosis may differ between doctors and treatment cen-
ters, but begins in general with image examination following a doctor’s visit. Most
commonly, ultrasound and MRI are used in STS and conventional x-ray and CT
in BS. The radiologist may confirm a tumor on the images, but on the suspicion
of a sarcoma they may ask for a second opinion, most commonly by referral to a
sarcoma center. Once the tumor has been diagnosed or suspicion raised as sar-
coma, a core needle biopsy is made, and the sample is examined histologically
to determine the sarcoma type and grade, using the French classification system
FNCLCC, set by the Federation Nationale des Centres de Lutte Contre le Cancer
(FNCLCC) [34]. For staging the severity of the disease, a PET scan is then taken
of the patient’s entire body to figure out whether or not the tumor has metasta-
sized. A common rule of thumb used in this environment is that around 10% of
patients have developed metastasis at the time of diagnosis. Once the diagnosis
and staging has been finalized ameeting between a radiologist, oncologist and sur-
geon is held to discuss the best method for treatment. Due to the diverse nature of
sarcoma, treatment may vary between centers and especially between countries.
For the most common sarcomas, special treatment protocols are followed, but for
rare types, treatment is individualized. The surgeon operates on the patient if no
metastasis is discovered, otherwise the oncology department handles the patient
through radiation therapy, chemotherapy or a combination. During operation the
surgeon removes the tumor along with an extra centimeter of tissue to ensure that
all malignant tumor cells are removed as well. In cases where the tumor lies on
sensitive areas such as bone or vital organs, the patient is sent in for radiother-
apy focused around the intersection of the tumor and sensitive region. This is the
general procedure for handling sarcoma patients in Iceland, and is standardized
based on the best practice guidelines on tested and effective therapies.

According to the FNCLCC guidelines the biopsy sample is examined by a pro-
fessional tomeasure firstly tumor differentiation or howwell the sample resembles
non-pathological tissue behavior, a score of 1-3, higher for undifferentiated. The
second step measures the amount of necrosis or the amount of dead and decaying
tissue within the tumor, 0 points for no necrosis, 1 point if necrosis is less than
50% of the tumor volume and 2 points if it is 50% or above. The final measure is
the mitotic count which is a measure of the speed at which tumor cells divide and
grow; the sample is viewed in a high power field microscope and 10 regions are
viewed, if 0-9 mitoses are counted in the 10 regions the patient receives a score of
1, a score of 2 is given if the count is from 10-19 and 3 points if it is greater than
19. The scores from these individual tests is tallied and a sarcoma grade is given
grade 1 with a score of 2-3 points, grade 2 with a score of 4-5 and grade 3 with a
score of 6-8.

Grading of soft tissue sarcomas, such as via the FNCLCC system, remains a
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fundamentally subjective process, inherently limited by inter-observer variability
and sampling constraints. The core biopsy provides only a small portion of the tu-
mor, whichmay not fully capture its biological heterogeneity, particularly in terms
of necrosis, mitotic activity, and cellular differentiation [35]. Mitotic count, for ex-
ample, is dependent on accurate identification of mitotic figures under high-power
microscopy, a process known to vary betweenpathologists, especially in borderline
cases [36]. Similarly, estimation of tumor necrosis and degree of differentiation
can be affected by sampling location and interpretive bias [37]. These limitations
underscore the demand for complementary diagnostic tools, such as quantitative
imaging and computational pathology, to enhance reproducibility and prognostic
accuracy in sarcoma grading.

1.5 Novel Diagnostic Techniques

Recent advances in sarcoma diagnostics have increasingly focused on molecu-
lar and epigenetic profiling as tools for early detection, prognosis, and treatment
stratification. One of the most actively explored areas is epigenetic modification,
particularly DNA methylation, histone alterations, and non-coding RNA regula-
tion. In OS for example, aberrant DNA methylation has been linked to malig-
nant transformation, tumor progression, and chemotherapy resistance. Specific
microRNAs, such as miR-486-5p, miR-149, and miR-195, have been shown to be
downregulated due to promoter hypermethylation, and their restoration through
demethylating agents like 5-Aza-2-deoxycytidine leads to reduced cell prolifera-
tion and metastatic potential [16].

Histonemodifications also serve as promising diagnostic indicators. Trimethy-
lation of histone H3 lysine 27 (H3K27me3) and other marks, such as H4K20me3,
are involved in regulating oncogene and tumor suppressor gene expression. Demethy-
lation of H3K27 via KDM6A/B enzymes has been correlatedwith increased tumor
aggressiveness and chemotherapy resistance in OS. Furthermore, elevated levels
of the m6A RNA methylation writer METTL3 have been associated with the sta-
bilization of oncogenic transcripts such as DRG1 and ATAD2, making METTL3 a
target of interest for molecular diagnostics and therapy [16].

Another novel approach involves the use of three-dimensional (3D) bioprinted
tumor models. These systems replicate the tumor microenvironment more accu-
rately than traditional two-dimensional cultures, allowing for better evaluation of
DNA methylation states and associated gene expression changes. Recent studies
using 3D OSmodels have identified hundreds of differentially methylated and ex-
pressed genes compared to standard in vitro models, highlighting the diagnostic
value of this technology for understanding epigenetic landscapes in sarcoma [16].

LncRNAs such as HOTAIR and THAP9-AS1 have emerged as critical regula-
tors of gene silencing through methyltransferase recruitment. Their differential
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expression correlateswith clinical outcomes andmay serve as biomarkers for prog-
nosis and therapeutic response. In addition, epigenetic changes across multiple
sarcoma sub-types including soft tissue sarcomas, are being explored as diagnos-
tic and predictive tools, with the potential to guide personalized treatment and
overcome resistance mechanisms [11].

While traditional imaging remains standard for grading certain sub-types like
Giant Cell Tumor of Bone (GCTB), the trend in sarcoma diagnostics is clearly shift-
ing toward molecular techniques that provide greater specificity and insight into
tumor biology. As these tools become more integrated into clinical practice, they
offer the potential to enhance diagnostic precision and improve patient outcomes
across the heterogeneous landscape of sarcoma [17].

1.6 Treatment

The standard treatment for STS is multimodal and depends on tumor-specific fac-
tors such as histologic sub-type, grade, size, and location, as well as patient age and
comorbidities. The cornerstone of management is wide surgical excision aimed
at achieving negative margins, often combined with radiation therapy, either as
neoadjuvant or adjuvant treatment, to improve local control. Chemotherapy re-
mains a controversial component of STS treatment; while it may be considered
for certain high-grade or metastatic cases, no universally accepted chemotherapy
protocol exists. In extremity STS, limb-sparing procedures are preferred over am-
putation when feasible, and treatment is best managed within specialized multi-
disciplinary teams to optimize outcomes and reduce recurrence risk [7], [10].

The standard treatment for OS involves a multimodal approach that combines
neoadjuvant chemotherapy, surgical resection of the primary tumor, and adju-
vant chemotherapy according to a specific protocol. Chemotherapeutic regimens
typically include high-dose methotrexate, doxorubicin, cisplatin, and ifosfamide.
Limb-salvage procedures are also preferred in OS over amputation when feasible
and oncologically safe. The completeness of surgical resection, achieving nega-
tive margins, is one of the most important prognostic factors. For patients with
pulmonary metastases, surgical removal of lung nodules may improve survival
outcomes.

Despite aggressive treatment, the prognosis in both STS and OS remains poor
for patients with metastatic or recurrent disease, underscoring the critical impor-
tance of early diagnosis and complete surgical remission [15]. However, surgical
intervention remains the cornerstone of GCTB treatment. The type of surgery,
typically curettage or wide resection, is guided by the tumor’s grade and anatom-
ical location. While curettage is less invasive and preserves joint function, it is
associated with higher recurrence rates. Additional strategies such as chemical
adjuvants (e.g., phenol or liquid nitrogen) and bone grafting or cementing are of-
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ten used to reduce recurrence risk. In cases where surgery is not feasible, such
as in central (spinal or pelvic) tumors, or when the tumor is deemed inoperable,
radiotherapy has been employed, although it carries a risk of malignant transfor-
mation and collateral damage[17], [19].

The most common method of treating CS is surgical resection with adequate
margins. Wide surgical excision is recommended, especially for intermediate- to
high-grade tumors (grades 2 and 3), as incomplete resections are associated with
higher rates of local recurrence. Chemotherapy and radiotherapy are largely inef-
fective due to the tumor’s low mitotic rate, poor vascularity, and dense cartilage
matrix, although high-dose radiation may be considered in select unresectable
cases. Outcomes are significantly influenced by tumor grade and location, with
pelvic lesions demonstrating worse prognosis and greater recurrence risk [21],
[22], [24].

The standard treatment for Ewing sarcoma involves a multimodal approach
consisting of chemotherapy and local treatment (surgery and/or radiotherapy),
depending on the result of staging and the selected protocol. A common regimen
includes alternating cycles of VDC (vincristine, doxorubicin, cyclophosphamide)
and IE (ifosfamide, etoposide). Chemotherapy is typically initiated before local
therapy and resumed postoperatively or concurrently with radiation. Surgical re-
section is preferred when feasible (negative margins), particularly for tumors in
expendable bones, while radiotherapy is used for unresectable tumors or unse-
cure/positive margins. Local control strategies are adapted based on tumor loca-
tion, size, histologic response (bad/good responder), and patient-specific factors
[25].

The mainstay of DFSP treatment is complete surgical excision with wide mar-
gins. This approach yields high local control rates, generally exceeding 90% if
margins are negative. However, close or positive surgical margins significantly
increase the risk of local recurrence. In such cases, adjuvant radiotherapy either
pre- or post-operatively has been shown to improve local control, with 7-10-year
control rates ranging from 75-95% in various studies. DFSP rarely metastasizes,
but advanced cases or thosewith fibrosarcomatous transformation (DFSP-FS)may
spread to the lungs, warranting chest imaging in some patients[26].

1.7 Directions of Treatment Improvements

Novel therapeutic strategies in STS are increasingly leveraging advances in molec-
ular biology and immunotherapy. Epigenetic modulation represents a promising
frontier, with efforts focusing on the inhibition of histone deacetylases (HDACs),
polycomb repressive complex 2 (PRC2), and DNA methyltransferases. These in-
terventions aim to re-sensitize tumors to chemotherapy and overcome drug resis-
tance mechanisms. For example, CDKN2A loss and associated promoter methy-
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lation have been explored as targets for cyclin-dependent kinase 4/6 inhibitors
like palbociclib. Similarly, synovial sarcoma-specific translocations (e.g., SS18-
SSX) offer potential targets for epigenetic agents. In terms of immunotherapy,
PD-1 inhibitors and checkpoint blockade have shown some activity in select sub-
types such as undifferentiated pleomorphic sarcoma and alveolar soft part sar-
coma. Moreover, regional therapies like isolated limb perfusion (ILP) and infusion
(ILI), using agents such as TNF-𝛼 and melphalan, have demonstrated limb sal-
vage potential in otherwise unresectable recurrent STS, though these approaches
remain limited to specialized centers or clinical trials [10], [11].

Recent research into OS treatment has focused heavily on understanding and
targeting the epigenetic landscape of the disease. Epigenetic mechanisms such
as DNA methylation, histone modifications, and non-coding RNAs (e.g., lncR-
NAs and miRNAs) are being investigated for their roles in tumor progression,
metastasis, and chemoresistance. For instance, hypermethylation of tumor sup-
pressor genes and deregulation of miRNAs like miR-149 and miR-195 are associ-
ated with aggressive tumor phenotypes. Novel therapeutic strategies aim to re-
verse these changes using demethylating agents such as 5-Aza or by targeting
writer, reader, and eraser proteins in the methylation and histone modification
pathways. Promising targets include DNMT1, METTL3, and histone demethy-
lases like KDM6B, all of which have shown preclinical efficacy in reducing tumor
growth and restoring chemosensitivity [16].

Denosumab, a monoclonal antibody targeting RANKL, represents a signifi-
cant advancement in the management of GCTB, especially in surgically challeng-
ing cases or when joint preservation is desired. Denosumab works by inhibiting
the RANK/RANKL pathway that drives osteoclastogenesis in GCTB, leading to re-
duced giant cell formation and tumor regression. However, concerns have been
raised regarding its long-term use, including the potential for malignant transfor-
mation and challenges in defining surgicalmargins post-treatment due to histolog-
ical changes. Ongoing research is also exploring the role of H3F3A genemutations
in GCTB, whichmay aid in more accurate diagnostics and personalized treatment
strategies [18], [19].

Given the limited efficacy of conventional chemotherapy and radiotherapy in
chondrosarcoma, recent studies have explored the tumor’s molecular and epige-
netic underpinnings to identify new therapeutic avenues. Mutations in the isoc-
itrate dehydrogenase (IDH1/IDH2) genes are commonly found in central chon-
drosarcomas, leading to altered methylation patterns and a global DNA hyperme-
thylation phenotype. These findings have stimulated interest in epigenetic ther-
apies, such as DNA methyltransferase and histone deacetylase inhibitors, which
are being evaluated for their potential to reverse tumor-promoting gene expression
profiles. Although still in early phases, these approaches offer hope for patients
with advanced or unresectable tumors resistant to standard treatment [20], [21].

In relapsed or metastatic Ewing sarcoma, where standard therapies yield poor
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outcomes, novel approaches are under investigation. These include high-dose
ifosfamide (found superior to several other regimens in the rEECur trial), tar-
geted therapies such as cabozantinib (a tyrosine kinase inhibitor with reported
anti-tumor activity), and agents targeting specificmolecular features like theEWS-
FLI1 fusion protein (e.g., TK216, currently in clinical trials). Immunotherapy
agents like pembrolizumab and nivolumab have not shown promising results,
likely due to low PDL-1 expression and minimal tumor-infiltrating lymphocytes.
Additionally, proton therapy is gaining traction for its ability to spare normal tis-
sue and reduce late toxicity, especially in pediatric patients and those with tumors
near critical structures[25].

For patients with unresectable, recurrent, or metastatic DFSP, especially those
harboring the COL1A1-PDGFB fusion, targeted molecular therapy with tyrosine
kinase inhibitors has emerged as a promising approach. Notably, imatinib (STI571),
which targets the PDGFR-β pathway, has been shown to induce tumor regression
and apoptosis in DFSP cells in both clinical and in vitro studies. These findings
support its use in select cases and highlight ongoing exploration of PDGF antago-
nists as potential future therapies[26].

Despite the many recent developments in the field, accurately predicting the
development and prognosis remains difficult and obstacles remain for surgeons
and clinicians [38].

Although, most sarcoma have no known cause, there are a few factors that
could increase the risk of developing sarcoma. Exposure to radiotherapy may in-
crease the chance of developing a sarcoma. Some genetic disorders have been
shown to increase the risk of sarcoma such asVonRecklinghausen’s disease, Gard-
ner syndrome, Werner syndrome, tuberous sclerosis, nevoid basal cell carcinoma
syndrome, Li-Fraumeni syndrome and retinoblastoma. Exposure to certain chem-
icals such as vinyl chloride monomer, dioxin and arsenic might lead to sarcoma.
Long-term swelling in arms and legs may also heighten the risk of sarcoma devel-
oping [39].
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Chapter 2

Toward New Assessment in
Sarcoma Identification and
Grading Using Artificial
Intelligence Techniques

Abstract: Background/Objectives: Sarcomas are a rare andheterogeneous group
of malignant tumors, which makes early detection and grading particularly chal-
lenging. Diagnosis traditionally relies on expert visual interpretation of histopatho-
logical biopsies and radiological imaging, processes that can be time-consuming,
subjective and susceptible to inter-observer variability. Methods: In this study,
we aim to explore the potential of artificial intelligence (AI), specifically radiomics
and machine learning (ML), to support sarcoma diagnosis and grading based on
MRI scans. We extracted quantitative features fromboth rawandwavelet-transformed
images, including first-order statistics and texture descriptors such as the gray-
level co-occurrence matrix (GLCM), gray-level size-zone matrix (GLSZM), gray-
level run-length matrix (GLRLM), and neighboring gray tone difference matrix
(NGTDM). These features were used to train ML models for two tasks: binary
classification of healthy vs. pathological tissue and prognostic grading of sarcomas
based on the FrenchFNCLCC system. Results: The binary classification achieved
an accuracy of 76.02% using a combination of features from both raw and trans-
formed images. FNCLCC grade classification reached an accuracy of 57.6% under
the same conditions. Specifically, wavelet transforms of raw images boosted clas-
sification accuracy, hinting at the large potential that image transforms can add to
these tasks. Conclusions: Our findings highlight the value of combiningmultiple
radiomic features and demonstrate that wavelet transforms significantly enhance
classification performance. By outlining the potential of AI-based approaches in
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sarcoma diagnostics, this work seeks to promote the development of decision sup-
port systems that could assist clinicians.
Keywords: sarcoma; radiomics; image transform; machine learning; classifica-
tion

2.1 Introduction

Sarcomas are rare malignant tumors that develop in connective tissues such as
bones, muscles, fat and cartilage. Due to their aggressive nature and histological
diversity, sarcomas present significant clinical challenges in both diagnosis and
treatment. Despite advances in oncology, accurately predicting the development
and progression of sarcomas remains a major obstacle for surgeons and clinicians
[38].

One primary challenge is diagnosing sarcomas, due to their variable clinical
presentations. These tumors can appear in diverse and often nonspecific forms,
leading to frequent delays in diagnosis and subsequent therapeutic intervention
[40], [41]. Due to the rarity of sarcoma tumors, accurate diagnosis is often delayed,
resulting in patients suffering a highermortality rate. Therefore, developingmeth-
ods for early detection and diagnosis is crucial to improve the quality of life and
survivability of patients.

When diagnosing a sarcoma tumor, the practitioner determines a grade rep-
resenting the severity of the cancer. This scale has three grades: 1, 2 and 3, with
each grade increasing in severity. This grading is a critical factor for prognosis and
treatment decisions and still largely relies on traditional histopathological evalua-
tion methods [42]. Imaging exams play a crucial role in the diagnostic process for
sarcomas. Conventional X-rays and CT scans are essential for evaluating bone sar-
comas, while ultrasound andMRI are key for assessing soft tissue sarcomas. These
imaging techniques form the foundation of research, providing essential data for
accurate diagnosis and classification of these complex tumors.

Although histopathological evaluation is the standard practice, it has signifi-
cant limitations. The subjectivity inherent in interpretation of results by pathol-
ogists, combined with the complex characteristics of sarcomas, can lead to vari-
ations in diagnosis. Nearly 70% of sarcomas are larger than 5 cm at the time of
diagnosis, underscoring the impact of diagnostic delays [40]. Furthermore, the
similar morphological features of certain sarcoma subtypes increase the risk of
human error.

To address these challenges, genetic diagnosis has emerged as a promising so-
lution to enhance the accuracy and speed of sarcoma detection [43]. Genetic anal-
ysis can reveal specific mutations and molecular characteristics often missed by
traditional methods, offering a more personalized approach to treatment. How-
ever, despite its potential, genetic diagnosis alone can struggle with the complex
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heterogeneity of sarcomas and may not always provide enough information for
accurate malignancy grading or real-time decision-making [44]. This is where ar-
tificial intelligence (AI) comes in as a powerful complementary tool. While genetic
data identifies key molecular drivers, AI can analyze imaging data to predict ma-
lignancy grades and detect subtle patterns missed by the human eye, bridging the
gap where genetic analysis may fall short. Together, AI and genetic diagnosis have
the potential to revolutionize sarcomamanagement, improving both the accuracy
and speed of diagnosis and ultimately enhancing patient outcomes [45]. Given
these challenges faced by both radiologists and pathologists, the integration of ar-
tificial intelligence (AI) into the diagnostic and classification process for sarcomas
could offer innovative solutions. AI has the potential to standardize and signifi-
cantly improve the accuracy of sarcoma diagnoses by reducing evaluation variabil-
ity and providing supportive tools for these specialties. In fact, AI is already being
implemented in various areas of healthcare, particularly in diagnostics, where it
assists in interpreting medical images such as CT scans, MRIs and X-rays with
remarkable accuracy [46], [47]. Additionally, AI is being used in the detection
of diabetic retinopathy [48] and neurological conditions like Alzheimer’s disease
[49], enabling earlier intervention and improving patient outcomes.

The overall aim of this studywas to analyze different radiomic features and the
role they play in classifying healthy and pathological tissue, as well as sarcoma
severity. This was done by training a random forest (RF) model to first classify
healthy and pathological tissue, followed by training it to classify severity. This re-
search aimed to demonstrate the feasibility and effectiveness of AI in supporting
the diagnosis of sarcomas, highlighting the potential for integrating these tech-
nologies into routine clinical practice. We hope to contribute to improved patient
management by providing an innovative tool that is complementary to existing
diagnostic methods.

2.2 Methods

The workflow for this paper is outlined in Figure 2.1 and highlights the main
steps. First, the raw magnetic resonance imaging (MRI) data are segmented into
3 masks—sarcoma, edema and healthy tissue—to produce masks. Then, simple
linear iterative clustering (SLIC) segmentation is applied to the masks to generate
super pixels (SPs). This is followed by radiomics feature extraction of each SP to
generate a table of feature values, which are applied to raw image SPs andwavelet-
transformed SPs. A feature selection step is applied separately for the different
feature transform groups, and remaining features are finally used for the classifi-
cation of healthy and pathological tissue (binary classification) and the severity or
the grade of the sarcoma (grade classification) by applying a random forest (RF)
model. Relevantmetrics such as accuracy, precision, recall and confusionmatrices
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are calculated, along with feature importance, to assess and analyze the results.

Figure 2.1: Visual representation of the steps in the workflow.

2.2.1 Data

This study used the IceSG (Icelandic Sarcoma Group) dataset, a collection of sar-
coma cases assembled by Landspítali University Hospital and that is not publicly
accessible. The use of the patient data was reviewed by the Landspítali Ethics
Committee (5/2024 Sýndarvefjafræði í útlimasarkmeinum) and the Icelandic Sci-
entific Ethics Committee (9 January 2024 tilv. 16 Sýndarvefjafræði í útlimasark-
meinum) and approved.
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For the current work, 101 patients’MRI scans are considered for their ability to
capture soft tissue details. If a patient has scans frommultiple perspectives (axial,
coronal, and/or sagittal), they are all included. Both T1 and T2 weighted scans are
considered, with amix of contrast media and with fat suppression both on and off.
All sarcoma subtypes are considered. Out of the patient cohort, 19 are diagnosed
with grade 1, 16 with grade 2 and 66 with grade 3. For each patient, the severity of
prognosis is available at the time of the scan according to the French classification
(FNCLCC) [50], which assigns a grade from 1 to 3 to the sarcoma, with 3 being the
most severe.

Table 2.1 displays general demographics among age groups of the dataset, in-
cluding sarcoma subtypes, FNCLCC grade and sex distributions.

Table 2.1: Dataset demographics. Included sarcoma subtypes are chondrosarcoma
(CS), dermatofibrosarcoma protuberans (DFSP), Ewing sarcoma (ES), giant cell
tumor of bone (GCTB), osteosarcoma (OS) and soft tissue sarcoma (STS).

Age Group 0–19 20–39 40–59 60–79 80+

Subtype
STS 4 3.96% 10 9.90% 19 18.81% 22 21.78% 10 9.90%
OS 10 9.90% 0 0.00% 3 2.97% 1 0.99% 0 0.00%
CS 0 0.00% 1 0.99% 6 5.94% 0 0.00% 1 0.99%
ES 5 4.95% 4 3.96% 1 0.99% 1 0.99% 0 0.00%
DFSP 0 0.00% 1 0.99% 0 0.00% 0 0.00% 0 0.00%
GCTB 1 0.99% 0 0.00% 1 0.99% 0 0.00% 0 0.00%

Grade
1 3 2.97% 0 0.00% 10 9.90% 3 2.97% 3 2.97%
2 1 0.99% 2 1.98% 3 2.97% 8 7.92% 2 1.98%
3 16 15.84% 14 13.86% 17 16.83% 13 12.87% 6 5.94%

Sex
male 12 11.88% 8 7.92% 17 16.83% 14 13.86% 8 7.92%
female 8 7.92% 8 7.92% 13 12.87% 10 9.90% 3 2.97%

2.2.2 Segmentation

Segmentation is the process of marking regions of an image into a group to create
a mask. In this study, the sarcoma tumor was segmented, as was the surrounding
edema (where available), both of which were labeled as pathological tissue. The
remaining tissue was segmented and labeled as non-pathological tissue; therefore,
the healthy dataset was retrieved from the sarcoma patients. The orientation of
scans was not standardized during data gathering; therefore, all orientations are
considered, including axial, coronal and sagittal scans. All orientations available
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for each patient were segmented, so there are up to 3 image sets segmented per
patient.

Mimics (Materialize: Leuven, Belgium [51])was used as the segmentation soft-
ware. All segmentations were performed by hand and reviewed by a specialist. Af-
ter segmentation, the raw images and resulting masks were exported for further
processing.

2.2.3 Data Pre-Processing

After segmentation, 2946 images contained at least some trace of sarcoma and/or
edema. There were 566 available images of grade 1 sarcoma, 395 of grade 2 and
1916 of grade 3. Due to the relatively small size of the dataset, a sampling tech-
nique was introduced to expand it for a purpose to that described by Karim Ham-
moudi et al. [52].

Simple linear iterative clustering (SLIC) is an iterative and algorithmicmethod
that splits an image into a user-defined number of segments based on similar-
ity measures in pixel intensity [53]. Using this method, it is possible to further
split the regions of interest into more data points for further processing, similar to
Z. Khatun et al. [54], who segmented Achilles tendons using SLIC. In this man-
ner, smaller details are captured, and the issue of a small dataset is somewhat ad-
dressed. The newly generated segments are referred to as super pixels (SPs). The
target size of SPs is set to 500 pixels. This size should offer a good balance between
capturing smaller and larger details. It should be noted that due to the nature of
the SLIC algorithm, the actual number of pixels in each segment may vary. This
research considers image slices individually; therefore, all generated super pixels
are 2-dimensional.

The sampling method was applied separately for the pathological region and
thenon-pathological region. The technique generated approximately 40,000 patho-
logical and 820,000 non-pathological data points, with roughly 5900 grade 1 data
points, 3600 for grade 2 and 30,000 for grade 3. The approximate ratio of data
points per patient is 312, 228 and 457 for grades 1, 2 and 3, respectively.

2.2.4 Feature Extraction

To acquire any meaningful information from the images and segmented regions,
radiomics were employed to extract relevant features. Namely, the Python (ver-
sion 3.9) PyRadiomics package [55] was applied for its vast set of extractable fea-
tures that contain multiple feature categories. Feature groups include first-order
statistics describing the distribution of pixel intensity (e.g., mean, variance and
skewness). Gray-Level Co-occurrence Matrix (GLCM) features calculate features
based on gray-level intensities and intensity relationships through the comparison
of pixel pairs. Gray-Level Size-ZoneMatrix (GLSZM) features are similar toGLCM
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features but compare regional intensities instead of pair-wise relationships. Gray-
Level Run-Length Matrix (GLRLM) features measure how pixels of similar inten-
sity group together. Neighboring Gray Tone Difference Matrix (NGTDM) features
focus on differences between pixels and their neighbors, quantifying details such
as contrast. Shape features are omitted from this study, as only 2-dimensional SPs
are generated; therefore, only 2-dimensional features can be extracted, whereas
shape requires 3-dimensional image data.

Wavelet functions are often used to extract higher order features from images.
They decompose an image into different components representing different fre-
quency bands and have been shown to increase classification performance [56]. It
is possible to apply a low-pass and a high-pass wavelet filter in each dimension (X
and Y in this case) along each image, which creates new feature classes. The same
features are extracted from the original raw image and the transformed images.
Therefore, with the 4 combinations of wavelet transforms, the number of extracted
features increases by five times. Table 2.2 shows the types of wavelet transforms
and the details they capture. Features extracted from the raw image are referred to
as original features, and those extracted from the wavelet transforms are referred
to as wavelet features.

Table 2.2: Types of wavelet sub-band passes and captured details [57].

Sub-Band Symbol X-Axis Y-Axis Details

LL Low-pass Low-pass Approximationof original im-
age

LH Low-pass High-pass Images’ horizontal details
HL High-pass Low-pass Images’ vertical details
HH High-pass High-pass Images’ diagonal details

All in all, a total of 465 features were extracted and analyzed for their classifi-
cation ability (see Table 2.3).

Table 2.3: The combination of image transforms for each run.

Image Transform Group Description Number of
features

1. Original Raw image features 93 features
2. Wavelet Wavelet-transformed features 279 features
3. Wavelet + Original Raw and wavelet-transformed features 465 features
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2.2.5 Feature Selection

The feature selection step is important to increase model robustness and compu-
tational efficiency. Given a large number of features, somemay not correlate with
the feature being predicted and can introduce noise, making classification more
difficult. The chosen model for this study is the random forest (RF) classifier, as
it is generally robust, accurate and scalable and has an internal feature-ranking
mechanism that computes the importance of every feature [58]. RF has also seen
many applications in sarcoma research and is supported by the literature, it is
therefore a good candidate for this novel approach [59], [60].

As RFs are not very sensitive to highly correlated and low-variance features,
the maximum allowable correlation between features is set to 0.99, and only a
single correlated feature of a set is used. Once highly correlated features have
been filtered out, the model is trained on the rest of the features and on the entire
dataset to acquire a feature ranking.

To find the best set of features, a 10-fold cross validation is applied, splitting the
dataset into 10 groups patient-wise, using 9 for training and 1 for testing. Features
are eliminated, from lowest importance to highest, until an optimal model has
been trained based on the average area under the receiver operating curve (AUC-
ROC) score across all 10 folds. The AUC-ROC score is a measure of how well
the model discriminates between the predicted classes or how well the classes are
separated. The set of features that results give the best AUC-ROC score is used for
subsequent training.

2.2.6 Binary Classification

After data pre-processing, the dataset is split into 2 groups: healthy and patholog-
ical, with the aim of analyzing which radiomic features best distinguish between
healthy and pathological tissue. The healthy cohort of data points is randomly
selected from the the SPs generated from the healthy mask component of the di-
agnosed patients. Each patient contributes an equal number of pathological and
healthy data points. In this manner, a balanced dataset for training and testing is
ensured.

A leave-1-out cross-validation using an RF classifier is applied such that the
training dataset is maximized and as much variance as possible is captured by it
and explained by the model.

Three types of analyses are conducted, using different feature combinations, to
explore the effects that they have on the overall results. The first run includes only
raw image (original) features. The second considers only wavelet-transformed fea-
tures, omitting the LL wavelet transform, as it is an approximation of the raw im-
age. The third run combines original features with the wavelet features. Refer to
Table 2.3 for the combination of image transform spaces for each run. Feature
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selection is applied independently on each combination of image transforms, se-
lecting the only features used for the three binary classifiers; therefore, the number
of optimal features can differ.

The accuracy, precision, recall and the confusion matrix (see Figure 2.2a for
confusion matrix description) are the metrics calculated to asses each feature set,
and feature importance is calculated to analyze their effects in classification. Av-
eraged macro and micro metrics are also calculated. Macro metrics give equal
weight to each patient during calculations, andmicrometrics give equal weight to
each data point during calculations. The macro and micro confusion matrices are
expressed as follows:

ℂ𝑀𝑎 =
1
𝑁𝑝

𝑁𝑝

∑
𝑖=1

ℂ𝑖
∑𝑗,𝑘 𝑐𝑖,𝑗,𝑘

(2.1)

ℂ𝑀𝑖 =
𝑝
∑
𝑖
ℂ𝑖 (2.2)

where 𝑁𝑝 is the total number of patients, ℂ𝑖 is the confusion matrix of the 𝑖𝑡ℎ

patient and 𝑐𝑖,𝑗,𝑘 denotes the value at line 𝑗 and row 𝑘 of the 𝑖𝑡ℎ patient’s confusion
matrix.
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(a) (b)

Figure 2.2: Confusion matrix setup. (a) For binary classification, true negative
(TN) indicates tissue correctly predicted as healthy, true positive (TP) indicates
tissue correctly predicted as pathological, false negative (FN) indicates pathologi-
cal tissue predicted as healthy and false positive (FP) indicates pathological tissue
predicted as healthy. The micro average displays the number of samples classified
in integers, and macro average displays classification in ratios. (b) For grade clas-
sification, true grade (𝑇𝐺𝑖) is the number of samples belonging to class 𝑖 and pre-
dicted as such, and false grade (𝐹𝐺𝑖,𝑗) corresponds to samples predicted as grade 𝑖
but belonging to grade 𝑗. The micro average shows the total number of classified
data points, and the macro average shows number of classified patients.

2.2.7 Grade Classification

Following theFNCLCCguidelines, there are 3 potential severities of sarcomaprog-
nosis: grades 1, 2 and 3. These are based off of tumor differentiation, mitotic count
and tumor necrosis. As the aim is to extract radiomic data from the patient MRI
scans to analyze which features might explain sarcoma severity, only the grade is
applied for prediction purposes, along with extracted radiomics data.

The dataset comprises an imbalanced cohort of patients: 19 patients receiving
a grade 1 diagnosis, 16 with grade 2 and 66 patients with grade 3 sarcoma. This
issue is tackled using a balanced random forest model [61] such that the models
do not overly adhere to one specific class.

As for binary classification, three analyses are compiled (see Table 2.3). The
first only considers original features; the second only considers wavelet trans-
forms, excluding the LL wavelet transform; and the third is a combination of the
feature sets. Again, feature selection is applied independently on each combina-
tion of image transforms, so the number of features can differ for each transform
combination trial. Macro and micro accuracy, precision, recall and the confusion
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matrix (see Figure 2.2b for confusion matrix description) are calculated and used
for assessment, as is the feature importance. In this case, macro-averaged calcu-
lations depend on how the patient was classified (based on majority rules), and
micro-averaged calculations depend on how each individual segment was classi-
fied.

The micro confusion matrix is calculated using Equation (2.2), and the macro
confusion matrix is calculated as follows:

ℂ𝑀𝑎 =
𝑁𝑝

∑
𝑖
ℂ′
𝑖 (2.3)

where

ℂ′
𝑖 ∶ 𝑐′𝑖,𝑗,𝑘 = {

1, 𝑐𝑖,𝑗,𝑘 = 𝑚𝑎𝑥(ℂ𝑖)
0, otherwise

(2.4)

where subscript 𝑖, 𝑗, 𝑘 denotes the values of the 𝑗𝑡ℎ row and 𝑘𝑡ℎ column in the 𝑖𝑡ℎ
patient’s confusion matrix.

2.3 Results

The presented results are based on the leave-one-out cross-validation applied to
the images processed from the IceSG dataset. After SLIC was applied to each im-
age to generate super pixels (SPs), features were extracted from the raw image, and
the four wavelet transform passes. A random forest classifier was applied first to
the raw (original) images, then to the wavelet-transformed images and, finally, to
the combination of the two to first distinguish between healthy and pathological
tissue (binary classification), then to classify the severity or grade of the progno-
sis. Macro- andmicro-averaged accuracy, precision, recall and confusionmatrices,
along with feature importance, were calculated and used to quantify each run.

The resulting accuracy, precision and recall for the different combinations of
features show a general improvement when using more features. First-order sta-
tistical and GLCM features were generally the most important, and GLSZM and
NGTDM were generally the lowest ranked feature groups. No single transform
feature group performed significantly better throughout all runs, with importance
varying depending on the situation.

2.3.1 Binary Classification: Healthy–Pathological

Table 2.4 displays the overall results of the binary classification results. Themacro-
andmicro-averaged accuracy, precision and recall are displayed for original, wavelet
and combined feature groups.
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Table 2.4: Binary classification results. Both macro-averaged and micro-averaged
metrics are displayed.

Macro-Averaged Micro-Averaged

Accuracy Precision Recall Accuracy Precision Recall

Original 72.66% 76.80% 68.80% 68.70% 72.14% 67.79%
Wavelet 70.16% 72.75% 66.68% 64.79% 66.86% 62.27%
Combined 76.02% 80.88% 71.82% 71.88% 75.82% 68.05%

2.3.1.1 Original Features

When considering only original features, macro-averaged accuracy, precision and
recall of 72.66%, 76.80% and 68.80%were obtained, respectively. Themicro-averaged
accuracy, precision and recall were 68.70%, 72.14% and 67.79%, respectively. The
following confusion matrices were obtained:

Macro Confusion Matrix: [0.3826 0.1174
0.1560 0.3440]

Micro Confusion Matrix: [27686 12088
12810 26964]

Table 2.5 displays the number of features chosen from each feature group, and
Table 2.6 displays the cumulative importance for each feature group. A total of
47 features were selected, with all feature groups being represented. First order
ranked as the most important, followed by GLCM, GLDM, GLRLM, GLSZM and
NGTDM.

Table 2.5: Number of features chosen for each feature group for the binary classi-
fier for the original transform group.

Feature Group Selected Features

First Order 14
GLCM 9
GLDM 8
GLRLM 6
GLSZM 5
NGTDM 5

Total 47
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Table 2.6: Feature importance considering purely the original transform group for
binary classification.

Feature Group Original

First Order 35.60%
GLCM 16.75%
GLDM 15.95%
GLRLM 12.23%
GLSZM 9.58%
NGTDM 9.90%

Total 100.00%

2.3.1.2 Wavelet Features

Considering pure wavelet features, omitting the LL wavelet pass of the transform
resulted in a macro-averaged accuracy, precision and recall of 70.16%, 72.75% and
66.68%, respectively. Themicro-averaged accuracy, precision and recallwere 64.79%,
66.86% and 62.27%, respectively. The following confusionmatrices were obtained:

Macro Confusion Matrix: [0.3682 0.1318
0.1666 0.3334]

Micro Confusion Matrix: [26773 13001
15008 24766]

Table 2.7 displays the number of features chosen from each feature group, and
Table 2.8 displays the cumulative importance for each feature group. A total of 71
features were selected, with nearly all feature groups being represented for each
wavelet transform. The highest ranking feature group in terms of importance
was first order, followed by GLCM, GLDM, GLRLM, GLSZM and NGTDM. The
wavelet-HL transform was the most important, followed by wavelet-LH and and
wavelet-HH transforms.
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Table 2.7: Number of features chosen for each feature group for the binary classi-
fier for the wavelet transform group.

Selected Features

Feature Group Wavelet-LH Wavelet-HL Wavelet-HH Total

First Order 9 10 4 23
GLCM 9 5 5 19
GLDM 6 5 1 12
GLRLM 5 2 4 11
GLSZM 2 0 0 2
NGTDM 1 2 1 4

Total 32 24 15 71

Table 2.8: Feature importance considering only the wavelet transform group for
binary classification.

Feature-Transform Group Importance

Feature Group Wavelet-LH Wavelet-HL Wavelet-HH Total

First Order 14.28% 16.08% 5.39% 35.76%
GLCM 12.12% 7.04% 7.06% 26.22%
GLDM 8.25% 6.65% 1.38% 16.28%
GLRLM 6.34% 2.78% 5.33% 14.45%
GLSZM 2.31% 0.00% 0.00% 2.31%
NGTDM 1.19% 2.50% 1.30% 4.99%

Total 44.49% 35.05% 20.46% 100.00%

2.3.1.3 Combined Features

Combining the wavelet transform feature groups with the original feature group
boosted performance and resulted in a macro-averaged accuracy, precision and
recall of 76.02%, 80.88% and 71.82%, respectively. The micro-averaged accuracy,
precision and recall were 71.88%, 75.82% and 68.05%, respectively. The following
confusion matrices were obtained:

Macro Confusion Matrix: [0.4011 0.0989
0.1409 0.3591]

Micro Confusion Matrix: [30114 9660
12706 27068]

Table 2.9 displays the cumulative importance for each feature group, and Ta-
ble 2.10 displays the number of features chosen from each feature group. A to-
tal of 200 features were selected, with all but one transform feature group be-
ing represented for each transform group. The highest ranking feature group in
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terms of importance was first order, followed by GLCM, GLRLM, GLDM, GLSZM
and NGTDM. The original transform group was the most important, followed by
wavelet-LL, wavelet-HL, wavelet-HH and wavelet-LH.

Table 2.9: Feature importance considering both original and wavelet transform
groups for binary classification.

Feature Transform Group Importance

Original Wavelet-LL Wavelet-LH Wavelet-HL Wavelet-HH Total

First Order 13.75% 7.85% 1.86% 2.96% 3.26% 29.67%
GLCM 4.00% 4.56% 3.51% 5.05% 5.35% 22.47%
GLDM 3.99% 3.48% 4.06% 2.38% 2.70% 16.61%
GLRLM 2.57% 3.58% 3.27% 2.83% 4.71% 16.96%
GLSZM 2.10% 2.67% 0.78% 0.80% 0.00% 6.34%
NGTDM 1.65% 2.18% 1.37% 1.50% 1.26% 7.95%

Total 28.06% 24.32% 14.84% 15.51% 17.26% 100.00%

Table 2.10: Number of features chosen from each feature group for the binary
classifier of all transform groups.

Selected Features

Original Wavelet-LL Wavelet-LH Wavelet-HL Wavelet-HH Total

First Order 15 10 4 7 9 45
GLCM 10 9 6 12 12 49
GLDM 8 7 8 6 7 36
GLRLM 5 7 7 7 10 36
GLSZM 6 6 2 2 0 16
NGTDM 4 4 3 4 3 18

Total 48 43 30 38 41 200

2.3.2 Grade Classification: Sarcoma Grade

2.3.2.1 Original Features

Table 2.11 displays the results of grade classification using only original features.
The table implies a higher difficulty in classifying grades 1 and 2 when compared
to grade 3. Overall accuracy shows that the model is able to classify above chance
(33%), but precision and recall for grades 1 and 2 could use a lot of improvement.
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Table 2.11: Macro- and micro-averaged results for grade classification using orig-
inal features.

Macro Micro

Grade 1 Grade 2 Grade 3 Grade 1 Grade 2 Grade 3

Accuracy 45.54% 46.80%

Precision 36.84% 31.25% 51.52% 28.39% 44.97% 50.64%
Recall 21.88% 27.78% 66.67% 21.88% 27.78% 66.67%

The following confusion matrices were obtained for the macro- and micro-
averaged classification results:

Macro Confusion Matrix: [
7 5 20
1 5 12
11 6 34

]

Micro Confusion Matrix: [
1685 768 7829
1407 1644 7068
2843 1244 15286

]

Thenumber of chosen features and feature importance can be seen inTables 2.12 and 2.13,
respectively. Unsurprisingly, first-order features ranked the highest in importance,
followed by GLSZM, NGTDM, GLCM, GLDM and GLRLM.

Table 2.12: Number of features selected when considering the original transform
group for grade classification.

Feature Group Selected Features

First Order 11
GLCM 3
GLDM 3
GLRLM 1
GLSZM 8
NGTDM 5

Total 31
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Table 2.13: Feature importance considering purely the original feature groups for
grade classification.

Feature Group Feature Group Importance

First Order 37.81%
GLCM 8.94%
GLDM 8.88%
GLRLM 3.12%
GLSZM 22.82%
NGTDM 18.43%

Total 100.00%

2.3.2.2 Wavelet Features

Table 2.14 displays the results of grade classification, applying only wavelet fea-
tures. The results are quite similar to the original feature run; there were general
improvements to the metrics, with a slight reduction in macro accuracy, grade 3
precision, grade 2 recall and micro grade 2 recall.

Table 2.14: Macro- and micro-averaged results for grade classification using
wavelet features.

Macro Micro

Grade 1 Grade 2 Grade 3 Grade 1 Grade 2 Grade 3

Accuracy 43.56% 53.28%

Precision 42.11% 56.25% 40.91% 34.81% 55.94% 56.59%
Recall 29.63% 26.47% 67.50% 29.63% 26.47% 67.50%

The following macro- and micro-averaged confusion matrices were obtained:

Macro Confusion Matrix: [
8 1 18
4 9 21
7 6 27

]

Micro Confusion Matrix: [
2066 749 6551
1736 2045 6551
2133 862 17081

]

The number of selected features and the feature importance for each wavelet
transform type can be seen inTables 2.15 and 2.16, respectively. The tables indicate
that the wavelet-HH transform was most important, followed by wavelet-HL and
wavelet-LH. GLCM features ranked as most important, followed by GLRLM, first
order, GLDM, NGTDM and GLSZM.
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Table 2.15: Number of features selected when considering the wavelet transform
group for grade classification.

Selected Features

Wavelet-LH Wavelet-HL Wavelet-HH Total

First Order 0 2 3 5
GLCM 4 4 3 11
GLDM 0 0 4 4
GLRLM 1 1 4 6
GLSZM 0 0 0 0
NGTDM 0 1 0 1

Total 5 8 14 27

Table 2.16: Feature importance considering only wavelet transform feature groups
for grade classification.

Feature Transform Group Importance

Wavelet-LH Wavelet-HL Wavelet-HH Total

First Order 0.00% 7.29% 12.36% 19.65%
GLCM 17.78% 18.00% 9.47% 45.25%
GLDM 0.00% 0.00% 11.81% 11.81%
GLRLM 3.34% 3.48% 13.02% 19.84%
GLSZM 0.00% 0.00% 0.00% 0.00%
NGTDM 0.00% 3.44% 0.00% 3.44%

Total 21.12% 32.22% 46.67% 100.00%

2.3.2.3 Combined Features

Using the combined feature set of both original andwavelet features showed some
general improvements (see Table 2.17). Macro-averaged accuracy is slightly lower
when compared to the pure wavelet transform, although the micro-averaged is at
the highest of all runs. Grade 3 macro- and micro-averaged precision and recall
were relatively high compared to the other runs, and grade 2 precision was quite
high, while the other metrics suffered.
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Table 2.17: Macro- and micro-averaged results for grade classification using all
transform groups.

Macro Micro

Grade 1 Grade 2 Grade 3 Grade 1 Grade 2 Grade 3

Accuracy 44.55% 57.60%

Precision 31.58% 31.25% 51.52% 32.60% 60.20% 62.20%
Recall 24.00% 23.81% 61.82% 24.00% 23.81% 61.82%

The resulting confusion matrices are

Macro Confusion Matrix: [
6 3 16
0 5 16
13 8 34

]

Micro Confusion Matrix: [
1935 576 6577
1142 2201 4831
2858 879 18775

]

Tables 2.18 and 2.19 show the number of selected features and the feature im-
portance, respectively. The highest ranking feature group was first order, followed
by GLCM, GLRLM, NGTDM, GLDM and GLSZM. Wavelet-HH was the most im-
portant transform group, followed by the original, wavelet-LL, wavelet-HL and,
finally, wavelet-LH.

Table 2.18: Number of features selected when considering both original and
wavelet transform groups for grade classification.

Selected Features

Original Wavelet-LL Wavelet-LH Wavelet-HL Wavelet-HH Total

First Order 10 5 0 0 1 16
GLCM 0 1 2 4 3 10
GLDM 0 0 0 0 4 4
GLRLM 1 2 0 3 6 12
GLSZM 1 1 0 0 0 2
NGTDM 2 2 1 0 0 5

Total 14 11 3 7 14 49
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Table 2.19: Feature importance considering both the original and wavelet trans-
form feature groups for grade classification.

Feature Transform Group Importance

Original Wavelet-LL Wavelet-LH Wavelet-HL Wavelet-HH Total

First Order 19.57% 11.05% 0.00% 0.00% 2.47% 33.08%
GLCM 0.00% 1.62% 5.91% 9.19% 5.93% 22.65%
GLDM 0.00% 0.00% 0.00% 0.00% 7.60% 7.60%
GLRLM 1.64% 2.62% 0.00% 6.16% 11.68% 22.10%
GLSZM 1.35% 1.36% 0.00% 0.00% 0.00% 2.71%
NGTDM 4.57% 4.31% 2.97% 0.00% 0.00% 11.86%

Total 27.13% 20.97% 8.88% 15.34% 27.68% 100.00%

2.4 Discussion

The results of this study highlight the potential of radiomics for sarcoma classifi-
cation. Tagliafico et al. [62] found that GLCM features were key in distinguishing
healthy tissue from local recurrence (LR) in soft tissue sarcoma (STS), a finding
consistent with this paper’s results. They also identified four features correlated
with tumor grade. Yu Zhang et al. [63] used a standardized MRI protocol on 33
patients to successfully differentiate between low- and high-grade STS. Similarly,
Corino et al. [64] showed that first-order statistics were the most important fea-
tures in distinguishing between high- and intermediate-grade sarcomas. While
few studies have applied wavelet transforms for sarcoma classification, Shan Hu
et al. [65] found that Sym4 and Db4 wavelet transforms combined with GLCM
could accurately detect sarcoma. Peng Lin et al. [66] applied 3D wavelet trans-
forms for preoperative osteosarcoma (OS) evaluation with positive results, and
Silin Chen et al. [67] combined raw and wavelet features for STS prognosis predic-
tion. Niu et al.[68] applied various image transformations to MRI glioma volumes
to predict tumor grade with high accuracy. Radiomics-based predictive model-
ing has also demonstrated use cases beyond oncology. Ricciardi et al. [69] applied
tree-based algorithms (including random forests and gradient boosting) to radio
densitometric parameters obtained frommid-thigh CT scans. They achieved high
performance for coronary heart disease, cardiovascular disease and chronic heart
failure, supporting the relevance of radiomic features for clinical risk stratification.

The feature importance analysis aligns with existing literature [62], [64], con-
firming the utility of wavelet transforms to improve random forest (RF) model
performance [65], [66]. Most studies focus on a single sarcoma subtype with stan-
dardized imaging, which improves model generalization. However, there are sev-
eral limitations in this study: dataset complexity, the use of image transform algo-
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rithms, dataset imbalance and limitations associated with clinical sarcoma grad-
ing.

2.4.1 Dataset Complexity

The dataset is complex, as sarcomas are diverse, making generalization difficult
[46]. Variations in MRI scan protocols, such as differing contrast, fat suppres-
sion andweightingmethods, contribute to variability in tumor appearance (Figure
2.3). Considering multiple orientations—axial, coronal and sagittal—adds com-
plexity that the model must handle. Additionally, differences in gray-value ranges
and MRI specifications complicate standardization. Some sarcoma types, like OS,
are under-represented, making grade classification challenging, as the model may
misclassify OS as a lower grade. Including sarcoma subtype information could
improve classification.

(a) (b)

Figure 2.3: MRI slices: (a) A case of OS where the machine uses specific settings
and contrast media to brighten the tumor region and suppress fat response. (b)
Another patient (with liposarcoma in this case) where the tumor region is dark in
contrast and fat tissue is not suppressed.

Non-pathological tissue was grouped as healthy, which can cause misclassifi-
cation, as biological tissue may resemble pathological regions (Figure 2.4). Small
homogeneous regions in segmented 3D images may confuse the model, especially
when similar to healthy tissue. Image quality varied significantly between patients
(Figure 2.5), with some images being grainy, blurred or corrupted, which may af-
fect model performance.
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Figure 2.4: An example of how healthy and pathological tissue can overlap in
terms of appearance. The left two images show healthy tissue, and the rightmost
image shows a tumor region.

To improve generalization, it is crucial to balance the dataset by ensuring ad-
equate representation of all sarcoma types and grades. For grade classification,
the recommended number of samples per feature is at least 10 [70], with a max-
imum of 39 features for three-grade classification based on the dataset’s smallest
minority-class sizewhen considering each slice of themask as a data point. Hence,
SLIC was used to cluster pixels into super pixels for further analysis.

(a) (b) (c)

Figure 2.5: Variance in image quality. (a) A grainy slice with relatively high noise.
(b) A corrupted image. (c) An example of uneven lighting distribution.
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2.4.2 Image Transform Algorithms

Wavelet transforms were used for feature extraction, but other transforms, such
as Hessian transform [71], could provide additional relevant information. Apply-
ing different transforms, such as Laplacian of Gaussian or gradient transforms
[55], may uncover additional textural or topological features that could improve
classification performance. However, caution is needed when using higher order
transformations, as they may amplify image noise [72].

While combining original and transformed features improved performance for
binary classification, there was no single feature that consistently predicted out-
comes for all patients, underscoring the complexity of feature interactions and
suggesting that optimal feature selection could improve results. Using the com-
bined dataset did not improve performance to a notable degree for grade classifi-
cation, which was unexpected. This implies that improvements must be made to
the feature selection or, perhaps, indicating the need to include more transforms.

2.4.3 Dataset Imbalance

To balance healthy and pathological groups, healthy data were randomly selected
per patient to match the number of pathological data points. However, this pro-
cess could lead to slight variations, especially in patients with small tumors. Over-
sampling could address this issue, improving generalization during training. De-
spite dataset challenges, the classification results were generally successful, high-
lighting the interdependence of features. The findings indicate that there is con-
siderable potential in identifying sarcoma tissue based on radiomics features.

The under-representation of grade 1 and 2 tumors further complicates the task,
as grade 3 tumors, being larger, generate more SPs [73]. Precision and recall were
poorer for grades 1 and 2, as seen in Tables 2.11, 2.14 and 2.17.

To address class imbalance, a balanced random forest model was used [61],
but other techniques, such as random oversampling or ensemble methods, could
also be effective [58], [61]. The results suggest that improvements can be made
in grade classification, particularly for grades 1 and 2, though the low number of
cases in these categories should be considered.

However, the overall results offer a possible pathway of applying computerized
models to accurately diagnose patients. This could decrease the time taken to di-
agnose patients, as no invasive biopsies are required and another practitioner does
not have to analyze the results of the biopsy.

2.4.4 Clinical Sarcoma Grading

Sarcoma grading, according to FNCLCC guidelines, relies on tumor differentia-
tion, the necrosis ratio and the mitotic count. These factors are subject to human
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error, making grade classification particularly challenging and leading to potential
misdiagnosis of the sarcoma grade.

2.5 Conclusions

The results of training anRF classifier on the IceSGdataset to discriminate healthy
versus pathological tissue and classify the sarcoma grade using radiomics features
extracted from raw images and imagewavelet transforms showconsiderable promise.
The results indicate the following:

• A pathway may exist to high-accuracy identification of sarcomas and their
grades.

• Medical imaging shows promise in bypassing invasive biopsies.

• Possible human error in complicated diagnostics can beminimized or avoided.

• Treatment of sarcoma can be started earlier, thereby promoting patient prog-
nosis.



Chapter 3

An Explainable Radiomics-Based
Classification Model for Sarcoma
Diagnosis

Abstract: Objective: This study introduces an explainable, radiomics-based ma-
chine learning framework for the automated classification of sarcoma tumors us-
ingMRI. The approach aims to empower clinicians, reducing dependence on sub-
jective image interpretation. Methods: A total of 186 MRI scans from 86 patients
diagnosed with bone and soft tissue sarcoma were manually segmented to isolate
tumor regions and corresponding healthy tissue. From these segmentations, 851
handcrafted radiomic features were extracted, including wavelet-transformed de-
scriptors. A Random Forest classifier was trained to distinguish between tumor
and healthy tissue, with hyperparameter tuning performed through nested cross-
validation. To ensure transparency and interpretability, model behavior was ex-
plored throughFeature Importance analysis andLocal InterpretableModel-agnostic
Explanations (LIME). Results: The model achieved an F1-score of 0.742, with an
accuracy of 0.724 on the test set. LIME analysis revealed that texture and wavelet-
based features were the most influential in driving the model’s predictions. Con-
clusions: By enabling accurate and interpretable classification of sarcomas inMRI,
the proposed method provides a non-invasive approach to tumor classification,
supporting an earlier, more personalized and precision-driven diagnosis. This
study highlights the potential of explainable AI to assist in more secure clinical
decision-making.
Keywords: Sarcoma diagnosis; Radiomics; Machine Learning; Classification; Ex-
plainability
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3.1 Introduction

Sarcomas are a rare and diverse group of malignant tumors arising from mes-
enchymal tissue [38], [74]. In the United States, sarcomas account for 1% of new
cancer cases and cancer-related deaths [75]. But this statistic hides a sad truth:
among children and adolescents, sarcomas strike with disproportionate force, re-
sponsible for 13% of all cancer-related deaths in patients between 0 and 19 years
[76]. Several studies have reported a higher incidence of sarcoma in males and
it is particularly evident in childhood sarcomas, which show a stronger associa-
tion with the male sex. However, the biological mechanisms underlying these sex
differences remain poorly understood [77].

Clinical signs are often nonspecific, which frequently leads to diagnostic delays
and negatively impacts patient outcomes [78]. Moreover, since soft tissue sarcoma
is a rare tumor, general practitioners typically diagnose only one case in 24 years
of practice. Their histological and molecular heterogeneity, combined with low
incidence and aggressive clinical behavior, pose significant challenges for timely
and accurate diagnosis and treatment [38]. Early diagnosis improves outcomes, as
it can prevent the growth of the mass and decrease the risk of metastases, which
are predictors of survival [78]. As a matter of fact, Pisters et al. reported that
patients with soft tissue sarcomas larger than 5 cm had a relative risk of death 2.1
times higher than those with tumors smaller than 5 cm [79]. Then, Kolovich et al.
reported that each additional centimeter in tumor size leads to a 3-5% reduction
in the survival rate.

Radiological imaging plays a crucial role in the diagnostic process. For bone
sarcomas, radiography, MRI, and CT scans are the primary diagnostic tools. In-
stead, ultrasound and MRI are the main modalities used to evaluate soft-tissue
lesions [8], [80]. However, their interpretation remains subjective, as it relies on
the radiologist’s expertise [81].

Although histopathology remains the gold standard for definitive diagnosis,
it is still obtained after an invasive procedure and therefore not without limita-
tions. To address these challenges, genetic profiling has emerged as a valuable
complementary approach, identifying subtype-specific mutations and molecular
signatures that enhance classification accuracy and support targeted therapeutic
strategies [43], [82].

Nowadays, Artificial intelligence (AI) offers a helping hand to physicians to
address these limitations [83]. Through the extraction and analysis of quantita-
tive features, AI algorithms can identify nuanced patterns imperceptible to human
observers, facilitate standardized diagnostic workflows, and potentially enhance
diagnostic accuracy [46], [47], [84].

This study evaluates the possibility of using machine learning, in particular
Random Forest (RF), to distinguish healthy tissue from sarcomas across a broad
spectrum of anatomic sites, MRI protocols, and different acquisition image con-
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ditions. Radiomic features were extracted from manually segmented MR images
and used to train a RF classifier. Using a heterogeneous, real-world dataset col-
lected since 2004, we assess the robustness and generalizability of the proposed
approach. Our broader aim is to demonstrate how AI-driven image analysis can
serve as a second opinion alongside traditional diagnostic workflows, helping to
reduce inter-observer variability and ultimately contributing to more consistent
and effective patient management through a more tailored diagnostic process.

The following section describes theMaterials andMethods. Section 3.3 reports
the results obtained, followed by Section 3.4, which includes a review of the state
of the art. Finally, the Conclusion section summarizes the main findings.

3.2 Materials andMethods

3.2.1 Dataset

3.2.1.1 Sarcoma Cases

IceSG - Medical Information
The IceSG (Icelandic Sarcoma Group) dataset consists of sarcoma cases collected
by Landspítali University Hospital. The patient data were approved by the Land-
spítali Ethics Committee (no. 5), dated 06/02/2024, while the study received ap-
proval fromLandspítali Scientific ResearchCommittee (No. 93), dated 09/01/2024.
The dataset comprises clinical information on patients diagnosed with various
bone and soft tissue tumors, with diagnostic examinations performed over a 20-
year period, from2004 to 2023. The average age at diagnosis is approximately 48.78
(±23.52) years, reflecting a wide age distribution, with patient ages ranging from
a minimum of 5 months to a maximum of 93 years, at diagnosis.

The majority of cases are classified as soft tissue sarcomas, accounting for 54
patients. Osteosarcoma is the second most frequent diagnosis, with 14 cases, fol-
lowed by chondrosarcoma and Ewing sarcoma, each with 7 cases. Less common
diagnoses include dermatofibrosarcoma protuberans, with a single case, and giant
cell tumor of bone, with two cases.

IceSG - Technical Information
To develop and evaluate the proposed method, MRI scans from the IceSG were
used. The dataset includes a total of 86 patients diagnosed with various sarcoma
types. Since each patient underwent imaging in multiple anatomical planes, the
study comprises 186 MRI exams. Although both T1- and T2-weighted sequences
were included in the study to enhance robustness and generalizability, each pa-
tient was not necessarily represented by both modalities. These scans also include
contrast-enhanced and non-enhanced images, as well as sequences acquired with
and without fat suppression, thereby capturing a broad spectrum of real-world
imaging conditions. The distribution of MRI exam types, including both contrast-



44
Chapter 3. An Explainable Radiomics-Based Classification Model for Sarcoma

Diagnosis

enhanced and non-contrast sequences, is summarized in Table 3.1. None of the
MRI sequence groups contains enough exams to be used individually; therefore,
the sequences were aggregated to ensure a meaningful sample size, resulting in a
total of 186 MRI exams.

Table 3.1: Number of MRI exams by sequence type, combining contrast-enhanced
variants.

Type # Exams T1 # Exams T2

No Fat Saturation and No Contrast 31 54
With Fat Saturation 13 25
With Fat Saturation and Contrast 29 0
With Contrast 19 0
STIR 1
Total 95 91

In particular, the STIR case was not excluded since the tumor appearance is
visually similar to that observed in T2 with Fat Saturation. Casale et al., in their
study on metastasis prediction in soft tissue sarcoma cases using formal methods,
employed both STIR and T2 images with fat saturation [85] . Due to the similarity
between these sequences, including the STIR exam in our study does not introduce
significant variability.

In Figure 3.1 and Figure 3.2 illustrate examples of the different images used.

3.2.1.2 Healthy Cases

Although the dataset does not include scans from healthy subjects, regions of
healthy tissue were extracted from the MRI scans of sarcoma patients, as illus-
trated inFigure 3.3. These regionsweremanually selected to represent non-pathological
anatomy and were used to provide negative samples during model training. This
method yielded 175 samples, contributing to a dataset balanced not only in terms
of sample count. As a matter of fact, this approach ensures that both tumor and
non-tumor tissue characteristics are learnedwithin the same imaging context. The
number of healthy tissue samples is moderately lower than that of sarcoma sam-
ples, as not all scans contained sufficient healthy tissue for safe segmentation. In
such cases, the corresponding healthy images were excluded to prevent volumes
from potentially containing tumor traces.

Figure 3.3.A shows the original MRI image with a unilateral soft tissue sar-
coma. Figure 3.3.B displays the manual segmentation of the tumor region (blue)
on the affected side, while Figure 3.3.C illustrates the corresponding extraction of
healthy tissue regions (light blue) from the contralateral limb. These were used as
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Figure 3.1: Example of T1-weighted MRI scan variants.

negative samples for training, in contrast to the tumor region (blue) used as the
positive sample. This strategy enables intra-patient comparison under consistent
imaging conditions.

3.2.2 Methods

The workflow started with the segmentation of both sarcoma lesions and healthy
tissue volumes fromMRI scans. Radiomic features were then extracted from these
segmented regions to quantitatively characterize tissue properties. A Random
Forest classifier was employed for the classification task [86]. To optimize per-
formance and reduce overfitting, a Nested Cross-Validation (NCV) strategy was
adopted [87]. The inner loop was dedicated to hyperparameter tuning, while the
outer loop provided an unbiased estimate of generalization performance. After
identifying the optimal hyperparameters, the model was retrained on the entire
training set. Finally, to improvemodel interpretability and support clinical decision-
making, Feature Importance andLocal InterpretableModel-agnostic Explanations
(LIME) were applied to identify the most influential radiomic features for each
prediction. The complete analysis pipeline is illustrated in Figure 3.4.
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Figure 3.2: Example of T2-weighted MRI scan variants.

3.2.2.1 Segmentation and Features Extraction

In this work, image segmentation was applied to identify and isolate specific re-
gions withinmedical scans, resulting in the creation of masks. Segmented regions
included the sarcoma tumor, labeled as “Sarcoma”, and, when present, healthy tis-
sue, labeled as “Healthy”. As previously mentioned, healthy tissue samples were
derived from the same sarcoma patient’s exams. Due to the absence of standard-
ized scan orientation during acquisition, images in axial, coronal, and sagittal
planes were included. Each available orientation for a patient was segmented,
resulting in up to three image sets per individual. The segmentation process was
carried out using Mimics software (Materialize, Leuven, Belgium). A thorough
visual inspection of MRI scans was performed to identify suitable regions for seg-
mentation. Areas showing visible abnormalities—such as inflammation, edema,
or other suspicious features—were carefully evaluated. For healthy tissue, regions
showing signs such as inflammation, edema, or other suspicious features were ex-
cluded to ensure that the selected samples were as representative as possible of
normal tissuewithin sarcoma patients. No control volumeswere segmentedwhen
adequate and enough healthy tissue was not visible. Similarly, tumor regions were
selected based on clear visual evidence of the lesion. All segmentations wereman-
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Figure 3.3: Example of tumor and healthy tissue segmentation in axial T1-
weighted MRI of the thighs. (A) shows the original MRI with a unilateral soft
tissue sarcoma. (B) displays the manual segmentation of the tumor (blue), while
(C) shows the corresponding healthy tissue regions (light blue) from the contralat-
eral limb, used as negative samples.

Figure 3.4: Workflow: segmentation of MRI scans, radiomic feature extraction,
Random Forest classification after NCV, and model explainability using Feature
Importance and LIME.
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ually performed and subsequently reviewed by an expert, but no formal inter-rater
consistency assessment was conducted. Following segmentation, both MRI im-
ages and corresponding masks were exported for radiomic feature extraction and
subsequent analysis. Features extraction from segmented volumeswas carried out
through PyRadiomics 3.1.0, a Python library compliant with the Image Biomarker
Standardization Initiative (IBSI)[55]. Extracted feature groups span various cate-
gories, totaling 107 radiomic features. First-order statistical features describe the
overall distribution of voxel intensities within the region of interest (e.g., mean,
variance, skewness). Gray Level Co-occurrence Matrix (GLCM) features capture
spatial relationships between pairs of pixels by assessing the frequency of specific
gray-level combinations. Gray Level Size Zone Matrix (GLSZM) features quan-
tify the size and distribution of homogeneous gray-level zones, extending beyond
simple pixel pair comparisons. Gray Level Run Length Matrix (GLRLM) features
evaluate the length of consecutive pixels with the same intensity along specific di-
rections. Neighbouring Gray Tone Difference Matrix (NGTDM) features describe
local intensity variations by measuring differences between a pixel and its sur-
rounding neighbors, capturing aspects such as contrast and texture coarseness
[88]. Shape3D features were included to characterize the geometric properties of
the segmented volumes, such as surface area, compactness, sphericity, and elon-
gation, offering insight into the overall morphology of the regions of interest [89].

Furthermore, wavelet transforms were applied to generate higher-order fea-
tures by decomposing the original image into eight distinct frequency sub-bands,
using combinations of low-pass (L) and high-pass (H) filters along the X, Y, and
Z axes [90]. These components, listed in Table 3.2, include one approximation
image (LLL), capturing low-frequency content and overall structural information,
and seven detail images (e.g., LLH,HHL,HHH),which emphasize high-frequency
patterns such as edges, fine textures, and directional details.

Table 3.2: 3DWavelet Transform Components.

Combination Interpretation

LLL Low-pass on X, Y, and Z (global structure)
LLH Low-pass on X and Y, High-pass on Z
LHL Low-pass on X and Z, High-pass on Y
LHH Low-pass on X, High-pass on Y and Z
HLL High-pass on X, Low-pass on Y and Z
HLH High-pass on X and Z, Low-pass on Y
HHL High-pass on X and Y, Low-pass on Z
HHH High-pass on X, Y, and Z (fine details)

From each of these eight wavelet-derived volumes, 93 radiomic features were
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extracted, including first-order statistics and texture descriptors. Shape-based fea-
tures were excluded from thewavelet-derived volumes, as they depend only on the
spatial mask and not on gray-level intensities.

The original image contributed 107 features: 93 intensity-based and texture
features, and 14 shape-based features. Applying the same 93 intensity-based fea-
tures to each of the eight wavelet sub-bands yielded an additional 744 features
(93 × 8). Combining all components, the final feature set used for classification
comprised 851 features:

Total features = 93 + 14⏟⎵⏟⎵⏟
original

+93 × 8⏟⏟⏟
wavelet

= 851

All features were extracted following the PyRadiomics standard pipeline [55].
Manually extracted featureswere chosen instead of deep features because deep

learning approaches typically require large-scale datasets, whereas handcrafted
features aremore suitable for scenarios with limited data availability, as is the case
here [91]–[93].

3.2.2.2 Hyperparameter Tuning and Random Forest classification

Following image segmentation with Mimics Innovation Suite (Materialise NV)
and radiomic feature extraction via PyRadiomics, hyperparameter tuningwas con-
ducted using Python 3.9. Key libraries included scikit-learn v1.5.1 for machine
learning, pandas v2.2.1 for data manipulation, and numpy v1.26.4 for numerical
operations commonly employed in AI healthcare applications [94]–[96].

Prior to model training, the dataset was partitioned using a stratified hold-out
strategy. A test set of 58 samples was reserved as an independent hold-out subset,
used exclusively for the final evaluation of model performance. The remaining
samples constituted the development set, employed for model optimization and
validation. This stratified partitioning preserved class distribution across both sub-
sets, minimizing sampling bias and enhancing generalizability.

To ensure unbiased performance estimation and robust hyperparameter selec-
tion, we adopted a Nested Cross-Validation (NCV) framework. NCV is used for
evaluating machine learning models when hyperparameters require tuning, as it
effectively prevents information leakage between the model selection and eval-
uation phases. We implemented a 𝑘-fold stratified outer loop to assess general-
ization capability, coupled with a 𝑘-fold stratified inner loop for hyperparameter
optimization. Stratification was used in both loops to maintain consistent class
distributions across all folds.

Numerous studies report that 𝑘 = 10 and 𝑘 = 5 are the most commonly used
values in 𝑘-fold cross-validation amongmachine learning practitioners. However,
the literature highlights that there is no definitive rule for choosing the value of 𝑘
[97]. In our case, we selected 𝑘 = 9 for the outer loop, as themore commonly used
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values did not yield a unique or consistent selection of model parameters during
validation.

Within each outer loop iteration, a Grid Search was performed over a prede-
fined hyperparameter set for the Random Forest classifier, including the number
of estimators (n_estimators), maximum tree depth (max_depth), and the mini-
mum number of samples required to split an internal node (min_samples_split).
The parameter grid included:

• n_estimators: 100, 200, and 1000,

• max_depth: None, 5, and 10,

• min_samples_split: 2 and 5.

Tuning max_depth and min_samples_split helps control and mitigate overfit-
ting by limiting the growth and complexity of individual trees, while adjusting
n_estimators balances the trade-off between computational cost and model vari-
ance. Setting max_depth to None allows each decision tree in the forest to grow
without a predefined limit, enabling the model to capture complex patterns in the
data. Setting min_samples_split to 2 allows nodes to be split as long as they con-
tain at least two samples, encouraging fine-grained partitioning. Finally, choosing
200 for n_estimators offers a practical trade-off between performance and compu-
tational efficiency.

For every outer fold and its corresponding best combination of hyperparame-
ters, we evaluated model performance using the metrics: accuracy, precision, re-
call, F1-score, and the area under theROCcurve (ROC-AUC). Employing a diverse
set of evaluation metrics provides a more comprehensive view of classifier behav-
ior.

The final Random Forest model was retrained on the entire development set
using the optimal hyperparameters identified through the NCV process. It was
subsequently evaluated on the unseen hold-out test set to obtain an unbiased per-
formance estimate. The test set comprised 28 Healthy patients and 30 Sarcoma
patients.

3.2.2.3 Model Explainability

To enhance the interpretability of the final Random Forest model, two explain-
ability techniques were employed: Feature Importance and Local Interpretable
Model-agnostic Explanations (LIME). These methods offer insights into global
and local model behavior and help ensure transparency and trust in the model’s
decisions, which is important in medical imaging.

Feature Importance:
Global interpretabilitywas achieved by analyzing feature importance via themodel’s
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feature_importances_ attribute. This metric quantifies each feature’s contribution
to the model’s predictions, based on the average decrease in impurity across all
trees. Features were ranked according to their importance scores to identify the
most relevant variables for classification. This analysis was conducted on the final
Random Forest model, retrained on the full development set using optimal hyper-
parameters identified via nested cross-validation. The resulting importance scores
were used to determinewhich radiomic featuresmost influenced themodel’s decision-
making process.

LIME:
LIME [98] was involved to explain individual predictions by identifying the most
influential features and quantifying their impact. Each feature is associated with
a value range and an assigned weight. A positive weight indicates that the feature
supports the predicted class, while a negative weight suggests influence toward
another class. This approach is particularly valuable when applied to complex,
non-linear models like Random Forests, which comprise ensembles of decision
trees and are inherently difficult to interpret. By approximating the local behav-
ior of the Random Forest with a simpler, interpretable model, LIME enables users
to understand which features contributed most to a specific prediction. This en-
hances transparency and trust, particularly in domains where interpretability is
critical, such as medicine. In particular, LIME is introduced for its ability to pro-
vide interpretable and accurate explanations for the outputs of any classification
model. LIME was implemented using the lime Python package, specifically the
lime.lime_tabular.LimeTabularExplainer class.

3.3 Results

3.3.1 Results of the Hyperparameter Tuning

Table 3.3 presents the optimal hyperparameter combinations and corresponding
performance metrics for each outer fold. Despite variations across folds, the most
frequently selected configuration was max_depth = None, min_samples_split
= 2, n_estimators = 200.

3.3.2 Final Random Forest classification

The resulting confusion matrix, shown in Figure 3.5, illustrates the classification
outcomes. In the matrix, TN (True Negatives) denotes Healthy samples correctly
classified as Healthy, while FP (False Positives) represents Healthy samples incor-
rectly classified as Sarcoma. FN (False Negatives) corresponds to Sarcoma cases
misclassified as Healthy, while TP (True Positives) refers to Sarcoma samples cor-
rectly identified.
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Table 3.3: Hyperparameter combinations and performance metrics across outer
folds.

Outer Fold Best Combinations Accuracy Precision Recall F1-Score ROC-AUC

1
max_depth: None
min_samples_split: 2
n_estimators: 200

0.765 0.812 0.722 0.765 0.885

2
max_depth: None
min_samples_split: 2
n_estimators: 200

0.794 0.867 0.722 0.788 0.872

3
max_depth: 10
min_samples_split: 2
n_estimators: 200

0.794 0.789 0.833 0.811 0.878

4
max_depth: 5
min_samples_split: 5
n_estimators: 1000

0.765 0.765 0.765 0.765 0.827

5
max_depth: None
min_samples_split: 2
n_estimators: 1000

0.853 0.875 0.824 0.848 0.938

6
max_depth: 10
min_samples_split: 5
n_estimators: 200

0.727 0.700 0.824 0.757 0.768

7
max_depth: 5
min_samples_split: 2
n_estimators: 1000

0.818 0.762 0.941 0.842 0.886

8
max_depth: None
min_samples_split: 5
n_estimators: 200

0.758 0.714 0.882 0.789 0.831

9
max_depth: 10
min_samples_split: 5
n_estimators: 100

0.758 0.714 0.882 0.789 0.860

TPerformance metrics obtained from the hold-out test set are presented in Ta-
ble 3.4. This approach ensured that the metrics were not biased by the model
selection process.

Table 3.4: Performance metrics from classification on the hold-out test set.

Accuracy Precision Recall F1-score ROC-AUC

0.724 0.719 0.767 0.742 0.871
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Figure 3.5: Confusion matrix for classification on the hold-out test set.

3.3.3 Model Explainability

3.3.3.1 Feature Importance Results

As a result of the analysis, 849 out of 851 features contributed to the model’s deci-
sions, even if only marginally. Table 3.5 lists the tenmost influential features used
in the classification.

Table 3.5: Top 10 most important features ranked by Random Forest.

Feature Importance

wavelet-LHL_firstorder_Mean 0.024852
wavelet-HLL_firstorder_Median 0.015829
wavelet-HLL_firstorder_Mean 0.015710
original_gldm_LargeDependenceLowGrayLevelEmphasis 0.013242
wavelet-LHL_firstorder_Median 0.011875
wavelet-LHL_glcm_ClusterShade 0.010387
original_gldm_LowGrayLevelEmphasis 0.010175
original_glrlm_LowGrayLevelRunEmphasis 0.009607
original_glrlm_ShortRunLowGrayLevelEmphasis 0.009075
wavelet-HLL_firstorder_Skewness 0.009016

Feature importance analysis indicated that a broad spectrum of radiomic fea-
tures contributed to themodel’s decision-making process, with the highest-ranked
features predominantly derived fromwavelet-transformed images, especially from
the LHL and HLL decomposition levels. This suggests that texture patterns cap-
tured throughwavelet filtering play a crucial role in distinguishing betweenhealthy
and sarcoma tissues. Many of themost influential featureswere first-order statisti-
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cal descriptors (e.g., mean, median, skewness), indicating that the distribution of
voxel intensities within the segmented regions carries significant discriminative
information. Additionally, texture-based features derived from GLDM, GLRLM,
and GLCM were also prominent. These features reflect spatial relationships and
structural complexity within the tissue, such as the presence of fine textures, low
gray-level emphasis, and local intensity variations. The integration of intensity-
based and texture-based descriptors, especially those extracted from wavelet do-
mains, highlights the model’s reliance on both global and localized image charac-
teristics. This diverse feature set aligns with the heterogeneous nature of sarcoma,
which often exhibits complex and subtle imaging patterns. Overall, the feature im-
portance analysis reinforces the biological plausibility of the model’s predictions
and strengthens confidence in its interpretability.

3.3.3.2 Local Interpretability with LIME

To illustrate the behavior of the model across different outcomes, LIME was ap-
plied to four representative test cases, covering all combinations of ground truth
and predicted labels (where 0 refers to “Healthy” and 1 to “Sarcoma”):

1. true = 0, predicted = 0 (true negative);

2. true = 1, predicted = 1 (true positive);

3. true = 0, predicted = 1 (false positive);

4. true = 1, predicted = 0 (false negative).

It isworthnoting that individual feature contributionswere relatively small (mostly
in the range of ±0.01 to±0.03), which is expected given that the model’s decisions
are based on a high-dimensional feature space comprising 849 radiomic features.
In such high-dimensional settings, the overall decision is distributed across nu-
merous features, with no single attribute dominating the prediction.

Case 1: True = 0, Predicted = 0 (Correct Classification, Figure 3.6)
In this case, all ten top-ranked features exhibited negative contributions, suggest-
ing that they individually lead the prediction toward class 0.

Case 2: True = 1, Predicted = 1 (Correct Classification, Figure 3.7)
This prediction was strongly supported by the feature contributions. Nine out of
ten principal features had positive weights, promoting class 1. This indicates that
the model made a confident and coherent decision, guided by radiomic features
aligned with the true label, even if only one feature showed a small negative con-
tribution.

Case 3: True = 0, Predicted = 1 (Misclassification, Figure 3.8)
In this misclassified case, the feature contributions were mixed. Some features
supported the true label (negative weights), while others promoted the incorrect
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prediction (positive weights). The overall influence of features that exhibited a
positive contribution was sufficient to overturn the decision, highlighting how
small variations in key features can lead to incorrect classifications.

Case 4: True = 1, Predicted = 0 (Misclassification, Figure 3.9)
In this example, the majority of influential features had negative contributions
pulling the prediction toward class 0. Only three features provided weak positive
support for class 1. The model behaved consistently with the observed feature
values, but the decision was ultimately incorrect. This outcome may reflect over-
lapping feature distributions between the classes.

Figure 3.6: LIME Explanation: True = 0, Predicted = 0 (Correct Classification).

3.3.4 Performance comparison

Table 3.6 presents a comparative evaluation of several classification algorithms
applied to the same dataset used by the proposed method. Models were evaluated
using five standard metrics: Accuracy, Precision, Recall, F1-score, and ROC-AUC,
in order to benchmark their performance against that of the RandomForest classi-
fier. All classificationswere performed usingWEKA, a software platformdesigned
for machine learning experimentation and data analysis.

LWL and SVM showed competitive results, especially in Accuracy and F1-
score. However, the proposed method based on Random Forest, achieved the
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Figure 3.7: LIME Explanation: True = 1, Predicted = 1 (Correct Classification).

Figure 3.8: LIME Explanation: True = 0, Predicted = 1 (Misclassification).
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Figure 3.9: LIME Explanation: True = 1, Predicted = 0 (Misclassification).

best overall performance, obtaining the highest F1-score (0.742) and ROC-AUC
(0.871), achieving the highest F1-score (0.742) and ROC-AUC (0.871), which re-
flect strong class discrimination and a well-balanced trade-off between precision
and recall. Although IBK achieved a relatively high Recall (0.741), it had lower
Precision (0.571). Naive Bayes and BayesNet exhibited a tendency to over-predict
the positive class, leading to imbalanced performance across metrics. KStar, in
particular, consistently assigned all patients to the negative class, failing to cor-
rectly identify any positive cases. Consequently, Precision and F1-score could not
be computed, and its ROC-AUCvalue remained close to chance level (0.500), high-
lighting its poor discriminatory ability for this classification task.

3.4 Discussion

In this work, we investigated the effectiveness of machine learning techniques
for sarcoma diagnosis. Specifically, classification was performed using a Random
Forest model on radiomic features extracted from manually segmented volumes
containing either sarcoma or healthy tissue.

The real strength of this study lies in the results obtained using heterogeneous
MRI images acquired with varying protocols, both with and without contrast, and
frommultiple anatomical regions. Additionally, the dataset spans awide temporal
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Table 3.6: Comparative performance of classification algorithms on the balanced
binary dataset.

Classifier Accuracy Precision Recall F1-score ROC-AUC

RandomForest 0.724 0.719 0.767 0.742 0.871
RandomTree 0.706 0.593 0.593 0.653 0.700
IBK 0.529 0.571 0.741 0.645 0.628
LWL 0.741 0.773 0.630 0.694 0.740
KStar 0.534 0.000 0.500
SVM 0.724 0.739 0.630 0.680 0.718
NaiveBayes 0.573 0.475 0.704 0.567 0.512
BayesNet 0.517 0.487 0.704 0.576 0.552
AdaBoostM1 0.672 0.654 0.630 0.642 0.781

range (2004-2023), capturing significant variability in MRI technology and acqui-
sition parameters. The sample size of 86 patients is a limitation and a constraint
in terms of the generalizability of the results. For this very reason, examinations
of different plans were used for each patient, thus obtaining 186 “Sarcoma” sam-
ples for classification. Future work will focus on validating the model on larger
datasets to improve robustness and generalizability.

Due to this high heterogeneity, the classification task was particularly chal-
lenging and required theuse of 849 out of 851 available radiomic features to achieve
robust performance. This underscores the generalizability of our approach across
diverse imaging conditions, which is a critical requirement for real-world clini-
cal applications. These findings are especially encouraging considering the com-
plexity of the task, which involves differentiating between pathological and non-
pathological tissue across a heterogeneous set of MRI acquisitions. The dataset in-
cludes various sarcoma types and imaging protocols, introducing significant vari-
ability in terms of anatomical location, acquisition parameters, and lesion appear-
ance. Despite these challenges, the model maintained robust and consistent pre-
dictive performance, further supporting its potential clinical applicability. Assess-
ing the contribution of individual MRI sequences could potentially enhance clas-
sification performance. However, conducting separate analyses for each modal-
ity would have resulted in a further reduction of the effective sample size, due to
the incomplete availability of all sequences for every patient. Given the already
limited dataset, such stratification would have compromised statistical power and
model reliability. For this reason, we opted to combine available sequences tomax-
imize the use of data and ensuremore stablemodel training. Furthermore, the ap-
plication of explainability techniques provided valuable insights into the model’s
decision-making process. These explainability analyses highlighted specific ra-
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diomic features, particularly wavelet-transformed first-order and texture metrics,
as influential predictors, enhancing the model’s transparency and potential clini-
cal trustworthiness.

This suggests that texture patterns captured via wavelet filtering play a crucial
role in distinguishing between healthy and sarcoma tissues. Several of the most
influential features were first-order statistics (such as mean, median, and skew-
ness), indicating that the distribution of voxel intensities within the segmented
regions carries significant discriminative information. Additionally, texture-based
features derived from GLDM, GLRLM, and GLCM were also prominent. These
features reflect spatial relationships and structural complexity within the tissue,
such as the presence of fine textures, low gray-level emphasis, and local inten-
sity variations. The combination of intensity-based and texture-based descriptors,
especially those extracted from wavelet domains, highlights the model’s reliance
on both global and localized image characteristics. This diverse feature set aligns
with the heterogeneous nature of sarcoma, which often exhibits complex and sub-
tle imaging patterns. Overall, the feature importance analysis supports the biolog-
ical plausibility of the model’s predictions and enhances confidence in its inter-
pretability.

Prioritizing the F1-score is especially justified in medical domain, where both
false positives and false negatives can have significant clinical consequences. The
F1-score, as the harmonic mean of precision and recall, provides a balanced mea-
sure that accounts for both types of errors. In healthcare applications, an overem-
phasis on either precision or recall alonemay lead to suboptimal patient outcomes,
such as missing true cases (low recall) or causing unnecessary interventions (low
precision). Bymaximizing the F1-score, we aim to achieve a clinically meaningful
balance between sensitivity and specificity, ultimately supporting safer and more
effective decision-making.

This approach ensures that performancemetrics accurately reflect themodel’s
generalization capability, minimizing the risk of overly optimistic estimates due
to selection bias or overfitting.

It is important to note that individual feature contributions were relatively
small (mostly in the range of ±0.01 to ±0.03), which is expected given that the
model’s decisions are based on a high-dimensional feature space comprising 849
radiomic features. In such cases, the overall decision is distributed across many
features, with no single attribute dominating the prediction.

Nevertheless, recent advances inmachine learning, particularly deep learning,
have significantly enhanced the analysis of radiological images for the diagnosis
and management of sarcomas as well as the quantification of the pathologists’
visual pattern for whole slide image diagnosis [99].

Our research group recently explored the use of artificial intelligence for for
sarcoma diagnosis and grading based on MRI scans and radiomics [100]. In par-
ticular, when focused on the binary classification (i.e., diagnosis of sarcoma), they
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achieved an accuracy of 76.02%. Although starting from the same dataset, the
main difference from this study is that the authors analyzed individual slices, thus
obtaining a larger dataset, whereas in the present work, volumes were considered
in their entirety. In addition, segmentation of healthy tissue was performed by ex-
cluding areas containing sarcoma and edema and including the rest of the image.
From a methodological standpoint, although Random Forest was also employed
in that study, validation was conducted by leave-one-out cross-validation. By con-
trast, in the study presented here, a portion of the dataset was isolated from the
beginning and used exclusively for final validation. The remaining dataset was
used formodel tuning, performed through nested k-fold cross-validation, and sub-
sequently for final training, in order to avoid any form of data leakage.

By contrast, several studies have focused on lipomas, which are benign fatty
tumors. For example, Gitto et al. analyzed 150 cases to differentiate lipomas from
atypical (low-grade sarcomas) lipomatous tumors using three models. Their best
model achieved 92% sensitivity but only 33% specificity, suggesting a high false
positive rate likely due to dataset imbalance [101]. In contrast, Malinauskaite et
al. evaluated 38 cases to distinguish lipomas from liposarcomas using fourmodels.
The Support Vector Machine (SVM) performed best, achieving an AUC of 0.926,
88% sensitivity, perfect specificity (100), and 92.7% accuracy [102]. Unlike these
studies, ourwork is based on a larger and balanced dataset comprising 361 patients
(186 with sarcoma and 175 healthy), allowing for more robust and generalizable
model training and evaluation.

The study by Dai et al. involved 172 patients and evaluated four different CNN
architectures for deep feature extraction, combined with a Random Forest clas-
sifier, to distinguish uterine sarcomas from atypical leiomyomas [103]. In their
approach, the authors based the analysis on only three MRI slices, whereas our
method leverages the entire tumor volume, providing a more comprehensive rep-
resentation of the lesion.

Collectively, these studies demonstrate that machine learning techniques can
enhance diagnostic accuracy and patient stratification in soft tissue tumors. How-
ever, their performance varies depending on the model used, sample size, and
complexity of the diagnostic task. In fact, the main difference between our work
and the cited studies is that we distinguish between healthy tissue and sarcomas,
encompassing nearly all types rather than focusing on a specific niche.

Although developed in a different domain, the approach proposed byNan et al.
[99] uses expert-derived information in the form of pathologists’ gaze patterns to
train deep learning models for histopathological diagnosis. In contrast, our model
relies on structured clinical data and confirmed diagnoses to produce interpretable
predictions at the time of referral. These represent complementary strategies for
integrating clinical expertise into decision-support systems.

Researchers are also exploring Generative Adversarial Networks (GANs) to
generate synthetic radiological images, addressing the challenge of limited train-
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ing data due to the rarity of sarcomas [104], [105]. A promising research direc-
tion involves integrating radiological features with other data modalities (such as
histopathological, transcriptomic, and genomic data) throughmulti-modal AI sys-
tems [106]–[108].

Despite the encouraging results, limitations including the relatively small dataset
size, variability in imaging planes, andmanual segmentation processes suggest the
need for further validation on larger, multi-center cohorts and the investigation
of automated segmentation methods. Moreover, the “black box” nature of deep
learning models poses interpretability challenges that may hinder clinical adop-
tion. However, as demonstrated in this study, Explainable AI techniques are being
explored to improve model transparency and foster trust in AI-driven decisions.

In conclusion, although technical and logistical barriers persist, machine learn-
ing is poised to transform radiological practice in sarcoma care, offering the poten-
tial for earlier diagnosis, more accurate prognostication, and truly personalized
therapy.

3.5 Conclusions

This study demonstrates the feasibility of using radiomic features fromMRI com-
bined with a Random Forest classifier to distinguish sarcoma from healthy tissue:

1. The model, optimized via nested cross-validation, achieved promising per-
formance on an independent test set (F1-score: 0.742), showing a balanced
trade-off between sensitivity and specificity.

2. The integration of explainability techniques, including global feature impor-
tance and LIME, offered valuable insights into the model’s decision-making
process, enhancing its transparency and clinical relevance. These findings
underscore the potential of radiomics and machine learning as impactful
tools in oncologic imaging.

Future work must focus on integrating multimodal imaging data and advanced
deep learning architectures to further enhance classification accuracy and model
robustness.
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Chapter 4

AMachine Learning Approach to
Sarcoma Diagnostics and Staging

4.1 Introduction

In the age of information and computing power improvements, machine learning
(ML) has seen drastic developments and has given us the tools needed to improve
many processes in modern society. ML has the potential to aid radiologists and
oncologists through data driven methodologies to assist with sarcoma diagnosis
and staging. Herein the methodologies and theories are defined, which result in a
pipeline to develop assistive tools in sarcoma diagnostics and staging.

4.1.1 Medical Imaging

Medical imaging is the process of obtaining detailed visual data of patient anatomy,
and is mandatory for the task of sarcoma diagnosis and treatment. Namely, the
ability to gather multiple image slices and stacking them to form a three dimen-
sional representation of anatomy has greatly improved diagnostics, treatments,
surgical preparation and data-driven techniques in these fields. With techniques
such asmagnetic resonance imaging (MRI), computed tomography (CT) andpositron
emission tomography (PET), the acquisition of any type of anatomical data is pos-
sible and has become straight forward in healthcare practices.

Segmentation is the process of highlighting specific regions of interest (ROI)
in an image. The highlighted regions are referred to as masks and label different
regions of anatomy e.g. bones, fat, soft tissue or specific organs. These masks and
images can then be used for further analysis in an attempt to find and explain
underlying patterns in anatomical structures.
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4.1.2 Radiomics

Radiomics is a rapidly evolving field that focuses on extracting quantifiable met-
rics from medical image data with the aim to characterize varying bodily tissue
through differences in visual features and is applied to solve clinical problems
programmatically[109]. A key feature in radiomics, is the standardized and auto-
mated extraction of quantitative features frommedical images that converts visual
information into structured numerical descriptors of tissue heterogeneity, inten-
sity, and morphology [110].

This approachdiffers fundamentally from traditional radiology, which is largely
qualitative and dependent on the subjective and often inconsistent interpretation
of image data by specialists [111]. Radiomics, however, enable reproducible and
objective data analysis, which can be integrated into computational workflows for
diagnostic and prognostic decision-making [112]. Radiomics-based approaches
have even been shown to be more effective than radiological assessments, in some
cases [111].

The motivation behind radiomics lies in its capacity to uncover subtle patterns
in image data that may correlate with underlying biology, treatment response, or
patient outcomes[109]–[112]. In clinical settings, radiomics has shown promise
in capturing anatomical heterogeneity at a much larger scale than biopsies, which
sample only localized tissue [109]. Radiomics therefore address a critical limi-
tation in conventional workflows by offering a whole-lesion, non-invasive, and
consistent assessment strategy.

4.1.2.1 GeneralWorkflow

The typical radiomics workflow consists of a sequential pipeline: image acquisi-
tion, segmentation of the ROI, radiomic feature extraction, and post-processing
or modeling. Standard imaging modalities such as CT, MRI, or PET are used to
acquire images, often under strict protocols to ensure data quality [112]. These
images are then segmented using tools such as 3D Slicer [112] orMaterializeMIM-
ICS[51].

The extracted features, often numbering in the hundreds or thousands, are
then structured into featurematrices that can be input intomachine learningmod-
els or statistical pipelines [110]. This post-processing step may include normal-
ization, dimensionality reduction, and modeling via classifiers such as Random
Forests or Support Vector Machines [110], [112]. Dimensionality reduction tech-
niques like LASSO regression are also commonly applied to avoid overfitting in
predictive models [109].
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4.1.2.2 Feature Classes

Radiomic features are typically classified into first-order statistics (FO), shape-
based, and texture-based categories. First-order features quantify intensity distri-
butions within the ROI and include measures such as mean, variance, skewness,
and kurtosis [109]. Shape features describe the 3D morphology of lesions, includ-
ing volume, compactness, and sphericity [110].

Texture features capture spatial patterns and heterogeneity within the tumor.
These includemetrics derived from theGray-LevelCo-OccurrenceMatrix (GLCM),
Gray-Level Run-Length Matrix (GLRLM), Gray-Level Size Zone Matrix (GLSZM),
Neighbourhood Gray-Tone Difference Matrix (NGTDM), and Gray-Level Depen-
dence Matrix (GLDM) [110], [112]. Each texture class offers a unique method
for characterizing anatomical complexity: for instance, GLCM describes pairwise
intensity relationships, while GLSZM captures the size of homogeneous regions.
These descriptors form the foundation of radiomic analysis by enabling nuanced
quantification of anatomy beyond human perception.

4.1.2.3 Image Transforms

Image transforms are sets of mathematical operations applied to images to accen-
tuate or emphasize certain details in an image, often times used in conjunction
with radiomics to extract more information from an image than the raw image
could produce alone[113]. Transforms have been shown to potentially boost clas-
sification performance in radiomics tasks when compared to using raw images
alone[114]. With a plethora of available image transforms tested in radiomic tasks,
the potential applications increase drastically and offersmany opportunities for re-
search. Figure 4.1 displays an example of multiple image transformations applied
to a slice of an MRI image of a sarcoma tumor, the figure shows the potential of
image transforms’ ability to emphasize different details of an image, which can be
regarded as new, additional information available for further analysis.

4.1.2.4 Quantitative Capacity and Data Integration

Radiomics transformsunstructuredmedical images into structured, high-dimensio-
nal numerical data, making it inherently compatible with data mining and ma-
chine learning techniques [109]. Its quantitative nature allows for seamless inte-
gration with complementary clinical data types, including genomics, histopathol-
ogy, and demographic variables [112]. This integrative capacity is particularly vital
in precision medicine, where radiomics can augment traditional biomarkers and
contribute to the generation of multi-modal disease signatures.

The value of such integration has been highlighted in studies where radiomic
features are combined with clinical parameters to significantly improve model
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Figure 4.1: An example of image transforms applied to a slice of an MRI scan of a
sarcoma tumor.

performance for outcome prediction in head and neck cancers [110], [112]. Fur-
thermore, radiogenomics (linking radiomic descriptors to underlying gene expres-
sion) has emerged as a promising subfield demonstrating the biological validity of
imaging-derived data [109].

4.1.2.5 Applications in Oncology and Beyond

Radiomics has shown notable utility in various oncologic tasks including tumor
classification, treatment response prediction, recurrence risk stratification, and
survival estimation. In non-small cell lung cancer, specific PET/CT-derived ra-
diomic features have been associated with gene expression signatures and epider-
mal growth factor receptormutation status [109]. Similarly, in gliomas, PET-based
NGTDM features have proven capable of distinguishing tumor grades [109].

These applications underscore the potential of radiomics not only as a stan-
dalone biomarker strategy but as a synergistic element in multi-omics pipelines
[110]. In head and neck cancer, models that combine radiomic and clinical data
outperform those based on clinical features alone for predicting locoregional re-
currence and distant metastases [110].

4.1.2.6 Challenges and Considerations

Despite its promise, radiomics faces several challenges. One of the most critical is
the variability introduced by differences in image acquisition and reconstruction
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protocols across institutions and scanners. Factors such as voxel size, contrast
agent timing, and motion artifacts can all impact feature reproducibility [109],
[112].

Standardization efforts such as the Image Biomarker Standardisation Initia-
tive (IBSI) aim to harmonize feature definitions and extraction protocols [109],
but widespread adoption remains limited. Additionally, radiomic models are sus-
ceptible to overfitting due to the high dimensionality of the data relative to typical
sample sizes, necessitating careful feature selection and validation practices [109].
These issuesmust be addressed before radiomics can reliably translate into routine
clinical practice.

4.1.2.7 Emergence of Machine Learning

Machine learning has become an integral component of radiomics workflows,
particularly in tasks such as outcome prediction and risk stratification. Models
such as random forests, support vector machines, and deep neural networks are
employed to uncover complex, non-linear associations between imaging features
and clinical endpoints [110], [112]. The ability to integrate radiomics withML has
shown improved predictive performance in retrospective cohorts, but prospective
studies are still needed for clinical validation [112].

4.1.2.8 Empirical Applications of Radiomics

Tomaszewski et al.[115] extracted 164 radiomic features and combined it with his-
tological classification and smoking history to improve selection criteria for clin-
ical trials of a treatment for soft tissue sarcoma; the study shows that the clini-
cal trial SARCO21 could have met the survivability requirement had this type of
model been used. Gangil et al.[112] showed that radiomics coupled with clini-
cal data boosted machine learning model performance and generalization when
compared to clinical data alone by up to 21% for certain tasks. Vallières et al.[110]
demonstrated the large potential for radiomics in risk assessments for head and
neck cancer, concluding that it could have an important clinical impact on the
personalisation of medical treatments.

4.1.3 Tumor Habitat Analysis

Tumor habitat analysis is a relatively newmethod for analyzing tumor heterogene-
ity and has seen applications in cancer diagnostics [116]–[118]. The main idea be-
hind it, is to split up a tumor volume into extremely small volume segments on the
order of a few cubic millimeters, and clustering together these volume segments
into habitats, based on similarity measures from radiomics feature values. Gener-
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(a) (b)

(c)

Figure 4.2: The general radiomics feature extraction method. (a) displays the raw
image (b) the highlighted areas represent: healthy region in blue, sarcoma in green
and the edema in red (c) the numerical results acquired from extracting 4 features
from the different highlighted areas.

ally, the number of habitats is quite small, around 3-4, and these habitats can be
analyzed in a few different ways.

The behavior of habitats can tell much about the heterogeneity of tumors, if
habitats are generally disconnected and spread out, then the tumor is more het-
erogeneous. Heterogeneity has been correlatedwith cancer severity, and therefore
correlations between tumor heterogeneity and sarcoma grademight exist. Studies
have also shown the efficacy of performing radiomics extraction on habitat vol-
umes with success [116]–[118].

4.1.3.1 GeneralWorkflow

Starting with medical image scans and masks of the ROI, an unsupervised algo-
rithm such as simple linear iterative clustering (SLIC) is applied on the masked
region of the medical image to split the mask into small super pixel (SP) volumes.
Specific radiomics features are extracted that correlate with the class trying to be
predicted, and the extracted feature values are used to cluster together individual
SPs into howevermany habitats are desired, using a clusteringmethod such as the
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K-means clustering algorithm. This forms the baseline habitats that can be used
for subsequent analysis.

Habitat interactions can be captured using the multi-regional spatial interac-
tion (MSI)matrix [116], which quantifies heterogeneity by counting the number of
pixels in a habitat that border another habitat. TheMSImatrix is then a 𝐾×𝐾ma-
trix, where 𝐾 is the number of habitats, and statistical measures can be extracted
from it, e.g. mean, standard deviation, kurtosis, skewness, etc. Each patient scan
then provides a single data-point that can be used for machine learning training.

Another approach is to utilize the habitats as masks for radiomics feature ex-
tractions [119]. In this case, habitats are treated as masks and radiomics feature
extraction is performed directly on it. The extracted data is then used as the input
for ML model training.

4.1.3.2 Applications

Wu et al. [116] analyzed intratumoral spatial heterogeneity of breast cancer pa-
tients’ MRI scans with an aim to predict recurrence-free survival (RFS). They di-
vided tumors into three spatially segregated, phenotypically consistent habitats,
based on perfusion MRI parameters. Next, they calculated the MSI matrix for
each tumor followed by the extraction of 22 features. The results showed corre-
lation between tumor aggression and a larger volume of specific habitats, as well
as interaction between poorly and moderately perfused habitats and surrounding
parenchyma.

Wei et al. [117] explored the application of habitats to discriminate between
adult-type grade 4 astrocytoma and glioblastoma. They extracted radiomics fea-
tures frommanually segmented masks as well as from generated habitats. The re-
sult showed that automatically clustered habitats performed comparably to man-
ually segmented habitats in classification accuracy.

Wu et al. [118] review habitat analysis as an extension of radiomics in the liter-
ature. They found evidence in the literature that support the notion that habitats
can be applied in certain tasks like tumor grading, differentiation, gene expres-
sion predictions and therapy response assessment, especially when coupled with
multi-modal imaging and ML approaches.

Xing et al. [120] utilized maps of the apparent diffusion coefficient (ADC)
and 𝑇2 relaxation to calculate the diffusion-weighted MRI (dwMRI) of soft tissue
sarcoma (STS) patients. By applying calculated parameters to generate 5 distinct
habitats, they were able to accurately estimate tumor sub-regions such as necrosis.

The extension of radiomics to include habitat analysis showsmuch promise in
the literature and has a wide potential for aiding in the assessment and diagnostics
of sarcoma.
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4.1.4 Machine Learning

Machine Learning (ML) is an ever developing field that can be applied in almost
all disciplines. Although it has been around since the middle of the 20𝑡ℎ century,
ML began to blossom in the 1990s and has become an integral part in everyday
life in the present[121]. ML employs mathematical learning models that aim to
predict outcomes or values based on a set of input data by training on data where
the outcome is known. These models are very complicated sets of statistical equa-
tions with a multitude of parameters that are tweaked during the training process
using computer algorithms, optimizing for decreasing the error of the calculated,
predicted output compared to the actual ground truth[122].

The field of medicine has seen a surge in ML applications such as personal-
ized medicine, by leveraging the vast amount patient data available to hospitals
and institutions, predictive models can be trained to more confidently draft a per-
sonalized diagnostic and treatment path as they can grasp slight variations in pa-
tients which may cause them to be phenotypically distinct from the norm[123].
Zhao Ting et al.[124] collected clinical data of children suffering from epilepsy
and applied it to predict the steady-state serum concentration of levetiracetam, to
better administer the correct dosage of medicine with success. Fisher et al.[125]
managed to predict the trajectory of Alzheimer’s disease prognosis by using 18-
month trajectories of 44 clinical variables for individual patients with success. In
the field of bioinformatics, Chatzianastasis et al.[126] managed to identify cancer
genes with higher accuracy than conventional models using explainable multi-
layer graph neural networks. Dhudum et al.[127] compiled a review of research
in the field of drug discovery using ML. Researchers are using ML to, for exam-
ple, classify cells, creating new compounds, calculating compound attributes and
a variety of other tasks.

4.1.4.1 ML Pipeline

The general implementation of ML on a data-set is not too complicated. The first
task is to structure the data in such a way that it is compatible with the desiredML
model. If working with numerical data: the data must be structured in a consis-
tent format usually in the form of a table with columns representing the different
features and the rows individual data points or samples. Computer vision tasks
require a dataset of consistently labelled images or masks. It can be argued that
the quality of the structured data-set is the most important task, as inconsisten-
cies will result in non-robust models. The second task is model training, where
the aim is to generate a model that can generalize to new data. This step typically
involves splitting data into training and testing sets, where the model learns the
training set and tries to generalize to the unseen test set. The choice of models
is vast and ever enlarging, therefore choosing the best model often times requires
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simply testing out differentmodels and analysing the results. The final step is opti-
mization, wherein the aim is to slightly tweak the specific parameters of themodel
to boost performance. Feature selection is applied in this step as some features do
not necessarily correlate with task that the model is trying to learn, and therefore
an optimal feature set is desired. The mathematics behind ML models is very di-
verse and therefore require the tuning of different parameters between the applied
models and although today’s models are good at optimizing for these parameters
depending on the input data, small tweaks may offer performance boosts.

4.1.4.2 ML in Sarcoma Research

ML and radiomics have gained increasing attention in sarcoma research, offer-
ing tools to support diagnosis, grading, and prognostication through quantitative
imaging analysis. Tagliafico et al. [62] investigated the potential of MRI-based
radiomics in soft tissue sarcoma (STS) by analyzing scans from 11 adult patients.
They identified four features significantly correlated with tumor severity and an-
other four correlated with tumor size, demonstrating that radiomic descriptors
could effectively differentiate between healthy and pathological tissue. Their find-
ings supported the feasibility of integrating radiomics into routine diagnosticwork-
flows for STS assessment.

Zhang et al. [63] developed a radiomics-based model to distinguish between
low- and high-grade STS usingMRI. By selecting five discriminative features, they
constructed a classifier that achieved a predictive accuracy of 88% in grade dif-
ferentiation. This work highlighted the role of targeted feature selection in max-
imizing classification performance and reinforced the potential of radiomics for
non-invasive tumor grading in clinical settings.

Similarly, Corino et al. [64] applied radiomic analysis to apparent diffusion
coefficient (ADC) maps derived from diffusion-weighted MRI of 19 patients with
STS. Using first-order statistics and texture-based features (GLCM and GLRLM),
they identified as few as three features capable of distinguishing intermediate-
from high-grade tumors, achieving an accuracy of 88% and high AUC values in
both validation and test sets. The study demonstrated that robust grading perfor-
mance could be achieved using a minimal, carefully selected radiomic feature set.

Gao et al. [128] addressed the challenge of differentiating osteosarcoma (OS)
fromchondrosarcoma (CS) usingMRI sequences, fat-suppressedT2-weighted imag-
ing (T2WI-FS) and contrast-enhanced T1-weighted imaging (CET1). From 530
extracted radiomic features, LASSO regression identified 15 T2WI-FS and 8 CET1
features most relevant for classification. Their logistic regression-based radiomics
model achieved AUC values of up to 0.97 in the training set and 0.90 in validation,
showing that MRI-based radiomics can provide a non-invasive, accurate alterna-
tive to biopsy in distinguishing between OS and CS.
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Hu et al. [65] explored computer-aided diagnosis of OS using texture features
extracted from bone computed radiography (CR) images. By applying wavelet
transforms (Sym4 and Db4) and gray-level co-occurrence matrices (GLCM), fol-
lowed by support vector machine classification, they achieved recognition accu-
racies of 93.44% for epiphyseal OS and 96.25% for diaphyseal OS. Their findings
demonstrated the advantage of multi-resolution wavelet-based feature extraction
over conventional texture descriptors for OS detection.

Chen et al. [67] combined MRI-derived radiomics features with clinical vari-
ables to perform a survival analysis in 62 patients with extremity and trunk STS.
Their model identified radiomic signatures associated with disease-free survival,
showing that imaging biomarkers could serve not only for diagnosis and grading
but also for prognostication. This integration of quantitative imaging data into
survival modeling illustrated the expanding role of radiomics in personalized sar-
coma care.

Xu et al. [129] developed a preoperative MRI-based radiomics and machine
learning framework to predict histopathologic grades in soft tissue sarcoma (STS).
UsingT1-weighted and fat-suppressedT2-weightedMR images from105histologi-
cally confirmed STS cases, they extracted a comprehensive set of radiomic features
and applied 11 feature selection methods in combination with seven classifiers.
The most effective approach, applied least absolute shrinkage and selection op-
erator (LASSO) for feature selection coupled with a random forest classifier and
achieved an AUC of 0.92 and accuracy of 91.43% in the validation set. This ap-
proach addressed the frequent underestimation of tumor grade in biopsy speci-
mens due to intratumoral heterogeneity, demonstrating that noninvasive, image-
based grading can improve preoperative decision-making and supplement histopatho-
logic evaluation.

Building on the integration of quantitative imaging and advanced analytics,
Zhou et al. [130] applied a deep learning-enhanced radiomics pipeline to distin-
guish between benign and malignant bone tumors, including osteosarcoma and
Ewing sarcoma, on MRI. Their method combined automated tumor segmenta-
tion with convolutional neural networks (CNNs) for feature extraction, followed
by a gradient boosting classifier to perform final predictions. By leveraging CNN-
derived deep features alongside traditional radiomic descriptors, the hybridmodel
achieved superior diagnostic performance, with AUC values exceeding those of
conventional radiomics alone. The results illustrated how combining deep learn-
ing with classical machine learning methods can enhance tumor characterization
accuracy, paving the way for fully automated, high-throughput diagnostic tools in
sarcoma imaging.
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4.1.5 Research Aims

The overall goal of this research is to develop a pipeline which can assist health
care professionals in diagnosis and grading of sarcoma. This is carried out through
the collection of MRI image data from the IceSG database and the subsequent
radiomics based datamining to create a feature data table representation of patient
data. The table is then used to trainmultipleMLmodels to complete the following
tasks:

1. Distinguish healthy tissue from pathological.

2. Predict the severity or grade of the sarcoma tumor.

3. Predict the sarcoma sub-group, soft tissue sarcoma (STS) or bone sarcoma
(BS).

The underlying aim of this research is to further techniques for non-invasive
sarcoma diagnostics using predictive algorithms, as this reduces the number of
tests conducted on patients and could reduce the time from the appearance of
symptoms to treatment, which improves patient survival rate.

In summary, this research exploresmultiple techniques of data extraction, from
viewing and analyzing sub-segments of tumor morphology, to viewing and ana-
lyzing the tumor as a whole. The results of different techniques are subsequently
compared and discussed and conclusions are proposed.



74 Chapter 4. A Machine Learning Approach to Sarcoma Diagnostics and Staging

4.2 Materials andMethods

This research has a three main objectives: to apply machine learning (ML) to clas-
sify between healthy and pathological tissue, classify sarcoma grade (FNCLCC)
and classify sarcoma sub-group (STS and BS). The overall, high level workflow is
depicted in figure 4.3. The DICOM images of the IceSG database are segmented to
masks of specific regions of interest. The masks are then used to extract descrip-
tive features from the distinct regions. This is followed by a step of feature ranking
and feature selection. All feature sets are then tested by training different classi-
fication models. The models are tested and performance metrics are calculated.
The results are then analyzed and discussed.

Figure 4.3: The overall workflow methodology in the research, depicting a high-
level description.

4.3 DICOM Image Dataset

The database employed for this research is the Icelandic Sarcoma Group (IceSG)
database. The data available consists of computed tomography (CT), magnetic
resonance imaging (MRI), X-ray images and positron emission tomography (PET)
scans from 212 sarcoma patients of all sub-types. These data consist of all sarcoma
patients in Iceland from 2004 to 2023. Only MRI image sets are considered in this
research as a way of standardizing the imaging modality and for their ability to
capture soft tissue details, the literature also has a tendency towards MRI when it
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comes to sarcoma [63], [67], [117], [120], [129]. Therefore, out of the 212 patients
in the database, only 101 are considered.

It should be noted that there was no standardization in the MRI protocol be-
tween patients and scans, therefore all contrast media, weighting and other vari-
ables pertaining to the imaging are considered. The database also contains images
which have become corrupted over the years, these are also included as a chal-
lenge, as it may reflect real world conditions.

The data is obtained through a web portal and is served as a set of digital imag-
ing and communications in medicine (DICOM) files. The files contain raw image
slices of the region of interest, often times from multiple perspectives: coronal -
front view, sagittal - side view and axial - top down view.

Table 4.1 shows the distribution of the patient cohort in regards to sarcoma
sub-type, severity and gender. The most prevalent sub-type is STS making up 65
out of 101 cases. There are 59males and 42 females in the patient cohortmirroring
the trend that males tend to develop sarcoma at a slightly higher rate than females
[131]. There are 19 instances of grade 1 sarcoma, 16 of grade 2 and 66 of grade 3,
introducing a large imbalance which could manifest difficulties in analysis.

The use of this data has been approved by Landspítali Ethics Committee (5/
2024). The research has been approved by the Landspitali Scientific Research
Committee (01/2024 - no 93). The World Health Organization (WHO) recognizes

Table 4.1: Dataset demographics. Included sarcoma subtypes are chondrosarcoma
(CS), dermatofibrosarcoma protuberans (DFSP), ewing sarcoma (ES), giant cell
tumor of bone (GCTB), osteosarcoma (OS) and soft tissue sarcoma (STS).

Age Group 0–19 20–39 40–59 60–79 80+ Total
Subtype
STS 4 10 19 22 10 65
OS 10 0 3 1 0 14
CS 0 1 6 0 1 8
ES 5 4 1 1 0 11
DFSP 0 1 0 0 0 1
GCTB 1 0 1 0 0 2
Grade
1 3 0 10 3 3 19
2 1 2 3 8 2 16
3 16 14 17 13 6 66
Sex
Male 12 8 17 14 8 59
Female 8 8 13 10 3 42
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the applicability and need of AI use in healthcare and has set ethical guidelines
[132]. They outline 6 core principles for the ethical use of AI in healthcare: pro-
tect human autonomy, promote human well-being, safety and public interest, en-
sure transparency, explainability and intelligibility, foster responsibility and ac-
countability, ensure inclusiveness and equity, and to promote AI that is responsive
and sustainable. This research aims to fulfill these principles to the fullest extent
through secure anonymous data use, clearly reporting drawbacks and constraints
and thereby not using models in clinical practices, until all 6 principles are in full
compliance with WHO standards.

4.3.1 Segmentation

Segmentation is the process of marking areas on an image into different labeled
sub-regions called masks. Segmented into separate masks are: the sarcoma, sur-
rounding edema, all healthy tissue and tissue of a comparable healthy region, the
software used for segmentation is Materialise MIMICS 25 (Materialise NV, Leu-
ven, Belgium). The sarcoma mask contains the boundaries surrounding the sar-
coma tumor. Edema is the biproduct of an expanding mass in tissue, as there is
more internal pressure on the anatomy surrounding the tumor, it often times cre-
ates regions of high response in MRI around the tumor. The visibility of edema
is dependent on many factors including MRI protocol, tumor location and size,
and is therefore not always visible. The healthy tissue is the remaining anatomy
outside of the sarcoma and edema regions. The healthy tissue of a comparable
region is manually chosen as a region in the anatomy that resembles the tissue of
the tumor region, such as healthy bone for bone sarcoma, or healthymuscle tissue
for soft tissue sarcoma. This is the image set used in chapter 3 and consists of 86
patients.

Many patients in the data-set have multiple scans available, and therefore seg-
mentations are carried out for all distinct available perspectives (axial, coronal and
sagittal).

After this step, the resulting masks are directly fed into feature extraction (see
section 4.3.4). They are also processed further.

4.3.2 Image andMask Post-Processing

This step includes all of those processes required to standardize imaging data across
the whole IceSG database and the steps required for processing images andmasks
for subsequent applied methodologies.
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4.3.2.1 Normalization

To get accurate and comparable values from images and their masks, normaliza-
tion steps are very important. Depending on the machine and imaging parame-
ters, the pixel values can range significantly. This is a method to standardize pixel
intensities across the dataset, which inturn should make all patients more compa-
rable.

Another normalization technique is called resampling. As theheight andwidth
of a pixel in millimeters is not standardized across machines and scans, they will
result in different scales across the DICOM image dataset. Resampling uses inter-
polation of pixel values to standardize height, width and depth of a pixel, increas-
ing comparability of size scale differences between patients and tumors.

4.3.2.2 SLIC

Simple linear iterative clustering (SLIC) is an algorithmic function which splits
an image into smaller regions called super pixels (SP) [52]. This method is used
to split each image slice into multiple sub-regions allowing for a deeper analysis
on the inner anatomy of all tissue regions. The SPs are computed separately on
the sarcoma region and the healthy region, such that a SP can never contain both
sarcoma and healthy tissue, see Appendix B for a more detailed explanation of
SLIC.

The parameters of the SLIC algorithm are:

• Compactness: how uniform in shape the SP should be, a higher value gives
more square and uniform SPs, a lower value gives more weight to the image
colors and intensities when grouping pixels.

• No. pixels per SP: approximately how many pixels are desired for each SP.

• Maximum number of iterations: the maximum amount of iterations while
waiting for the algorithm to converge.

• Minimum/Maximumsize factor: howmuch larger or smaller a SP is allowed
to be than the defined norm.

The SLIC algorithm is applied twice to the masks. The first pass aims to split
masks into 2D segments, independently for each slice, aiming to produce segments
of size approximately 400 pixels, compactness was set to 5, maximum number of
iterations to 50 and the minimum and maximum size factors set to 0.8 and 1.2 re-
spectively. The 2D SLIC segments are then fed to the feature selection component
(see section 4.3.4). The second pass works in 3D, with an aim to split a sarcoma
volume into very small volumes of size approximately 40𝑚𝑚3, with a compact-
ness of 0.05, maximum number of iterations of 10, and minimum and maximum
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Figure 4.4: The general workflow for generating habitats.

size factors of 0.5 and 3 respectively. These SP segments are processed further into
habitats.

4.3.3 Habitat Generation

Anothermethod is also introduced to analyze fine details and tumor sub-region in-
teraction, thismethod creates what are referred to as habitats. Thismethod groups
together SPs into clusters or habitats based on similarity measures and allows for
analysis on the interaction the habitats have one another. To calculate the habi-
tat boundaries, the input DICOM images and sarcoma masks are resampled such
that each voxel, a pixel in 3D, has the same dimensions of 1 𝑚𝑚3. The image in-
tensity is then normalized on the mask region, all pixels above the 99𝑡ℎ and below
the 1𝑠𝑡 percentiles are not included in the normalization calculations, as they of-
ten times reflect corruption or noise in the image, voxels outside of this range are
therefore set to the upper and lower bounds. After normalization, SLIC is applied
on themasked region of the image, the aim is to define segment sizes in cubic mil-
limeters, since resampling was done such that each voxel is 1𝑚𝑚3, the number of
pixels equals the volume of the segment in cubic millimeters, the target volume
was set to 40𝑚𝑚3, which should offer a good trade off of having small enough SPs
to create descriptive habitats, but not so many that compilation time is too high.
The high level workflow for habitat generation is depicted in figure 4.4.

The next step is to group together newly generated SPs based on a similar-
ity measure, this is done by extracting specific radiomics features known to have
responsiveness in tumor biology for each SP. These include the mean, standard
deviation, inter-quartile range, 10𝑡ℎ percentile value and 90𝑡ℎ percentile value of
the voxel intensities [133], themean gradient of the segment, the histogram values
of the local binary pattern split into 65 bins, and contrast, homogeneity, angular
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Figure 4.5: The overall radiomic feature extraction protocol.

second momentum and dissimilarity of the gray level co-occurrence matrix [134].
See section 4.3.4 for more details on radiomic features.

Once feature calculations have been completed for all patients, they are nor-
malized globally across all patients, such that the habitats are meaningful and
comparable globally. The final step is to cluster together those SPs that are similar.
This is done by defining the number of habitats to a constant number 𝐾, chosen to
be 3 based on other works [116]. Then a K-means clustering algorithm is applied
that groups all similar SPs together and labels them to its corresponding habitat
[117]. The anatomy surrounding the tumor is also considered, therefore there are
4 effective habitats. It should be noted that the numbering of habitats is arbitrary,
meaning habitat 1 of patient 1 is not necessarily comparable to habitat 1 of patient
2. This arbitrary numbering therefore requires metrics that too are independent
of habitat numbering, this is addressed in section 4.3.4.

4.3.4 Feature Extraction

Feature extraction is the method of obtaining quantifiable information from some
source, that isn’t directly available. In the case of this research, quantifiable pa-
rameters are extracted from MRI images, affectively reducing an image to a set
of numerical features. Information can be obtained in many ways, through sim-
plemathematical operations, complex protocols withmultiple layers of operations
before obtaining values or even automatically as is done in many artificial neural
networks, known as latent features. Feature extraction in this research uses only
easily understandable and explainable features, meaning features quantified and
calculated through operations verified by the literature, not latent features.

4.3.4.1 Radiomic Feature Extraction

Radiomic feature extraction is the method for extracting numerical information
from medical images, masks and SPs on MRI scans in this case, that have corre-
lation with underlying pathologies and prognostic indicators [133]. PyRadiomics
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Table 4.2: Types of image transforms applied in the research.

Image Transform Highlighted Details
Original The raw image
Wavelet Horizontal, vertical and diagonal details
Laplacian of Gaussian Enhances edges
Square Squares the pixel intensities
Square Root Takes the square root of image intensities
Logarithm Calculates the logarithm of each pixel
Exponential Calculates the exponential of the intensity 𝑒𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦

Gradient Emphasizes intensity changes between pixels
Local Binary Pattern Captures local texture information

[55] is a package available for the popular programming language Python (Python
version 3.9 [135]) which allows for in depth radiomics feature extraction from im-
age masks.

Image transforms aremathematical operations performed on images to accen-
tuate or dampen specific details and often times highlight details not otherwise
visible in raw images. The research explores the image transforms outlined in ta-
ble 4.2, it displays the applied image transformations and the details emphasized
by them, these transformswere chosen and tested due to their availability and ease
of use in PyRadiomics. Detailed mathematical formulations of the applied image
transforms can be found inAppendix A. Thewavelet transformhas seenmuch use
inML applications in oncology with success especially in tumors known to be het-
erogeneous [56], [65], [66], [136]. The LoG transform has been applied somewhat
in radiomics analyses in oncology [137], [138], and has been shown to increase
predictive performance [139]. The LBP of medical images is widely used in ra-
diomics, due to its ability to capture pixel intensity patterns which are correlated
with heterogeneity of tumors [140]. Gradient based features have been applied
in radiomic oncology analyses and have shown to improve predictive robustness
[141]. Other transforms such as square, square root, logarithm and exponential,
although not explicitly explored individually on their impact on predictive mod-
els in radiomics, have been used and analyzed in radiomics tasks in oncology and
may offer valuable information for predictiveness of sarcoma [142].

There are seven types of feature classes, each with a subset of extractable ra-
diomics features and are outlined in table 4.3. First order (FO) statistics contains
19 features, shape contains 10 2-dimensional and 16 3-dimensional features, Gray
Level Co-occurrenceMatrix (GLCM) contains 24 features, Gray Level Run Length
Matrix (GLRLM) contains 16 features, Gray Level Size ZoneMatrix (GLSZM) con-
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Table 4.3: Feature classes and their description

Feature Class Description
FO Statistical variables that describe the distribu-

tion of intensities.
Shape Descriptive features regarding the shape and

outline of the region of interest.
GLCM Comparisons of pixels with other single pixels

in the region.
GLRLM Features measuring the number of consecutive

identical pixels.
GLSZM A comparison of regions with identical pixel in-

tensities.
NGTDM Features comparing gray values to neighbours

within a distance 𝛿.
GLDM Quantifies the dependence of a region a dis-

tance 𝛿 from pixel to said pixel.

tains 16 features, Neighbouring Gray Tone Difference Matrix (NGTDM) contains
5 features and Gray Level Dependence Matrix (GLDM) contains 14 features. De-
tailed descriptions and mathematical equations regarding the individual features
can be found in the PyRadiomics documentation [55]. Each transform produces
93 features to add to the pool, the wavelet transform does four passes of high and
low pass filter combinations to extract horizontal, vertical, diagonal and approx-
imation features resulting in a total of 1116 features to analyze. After this step,
all calculated feature and SP data are saved in a structured query language (SQL)
database, the chosen database type is Python’s built in SQLite3 [135]. To speed
up loading times, the database is also compiled to a parquet file, this is a file for-
mat designed to load quickly, the drawback is that it cannot be queried, best used
in those cases where a dataset or subset is frequently loaded. The resulting table
containing numerical results of the feature extraction process are referred to as
feature data tables.

Shape features are omitted from this research, as SP shape is decided algo-
rithmically not from anatomy and could skew results. To keep the feature space
consistent between different processing pipelines, they are also omitted from full
mask analyses.
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Figure 4.6: Workflow for extracting features from the generated habitats.

4.3.4.2 Habitat Feature Extraction

The feature extraction protocol differs slightly for habitat analysis. Instead of ex-
tracting radiomic feature values, the extracted features represent measures of in-
teractions between the formed habitats within the region of interest. The multi-
regional spatial interaction (MSI) matrix, ℒ, is defined as the count of how many
pixels of habitat 𝑖 touch or border habitat 𝑗.

ℒ =
⎡
⎢
⎢
⎢
⎢
⎣

0 𝐶1,2 𝐶1,3 ⋯ 𝐶1, 𝐾
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(4.1)

ℒ𝑛𝑜𝑟𝑚 = ℒ
∑𝑖<𝑗ℒ𝑖𝑗

(4.2)

Where 𝐾 is the number of habitats, 𝐶𝑖,𝑗 represent the number of times habitat
𝑖 touches habitat 𝑗, therefore the matrix ℒ is symmetric. ℒ represents the absolute
count of touching habitats and ℒ𝑛𝑜𝑟𝑚 the normalized counts, such that the sum
of the upper triangle of ℒ𝑛𝑜𝑟𝑚 is 1, the diagonal is set to 0 as habitat self-touching
is not quantifiable. MSI matrices in their raw form can be thought of as a mea-
sure of heterogeneity, the more heterogeneous the tumor the more disconnected
the individual habitats become, increasing the number of border pixels. In the
normalized form, it represents the distribution of habitat contacts.

With 3 tumor habitats and 1 habitat for the surroundings, the resulting MSI
matrix is used for extracting statistical features, outlined in table 4.4.

Row strength, entropy and MaxFrac along with rim exposure and RowFrac
are habitat dependent and give 1 value per habitat, as habitat numbering is to be
arbitrary, the vector containing those features are operated on to make number-
ing arbitrary by taking the STD, mean, skewness, kurtosis, minimum value and
maximum value. The total number of features collected from the MSI matrix is
therefore 52. This data table is considered the feature data table for habitat tasks
going forward, and follows the same pipeline as the radiomic feature table tasks.
The question answeredwith thismethod iswhether or not heterogeneitymeasures
alone can accurately predict sarcoma severity and sub-group. The parameters of
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Feature Definition Description
Pair Sum ∑𝑖<𝑗ℒ𝑖𝑗 Total mixing across all pairs
Balanced STD std{ℒ𝑖𝑗 ∶ 𝑖 < 𝑗} Variation in pairwise mixing
Edge Entropy −∑𝑖<𝑗 𝑝𝑖𝑗 log𝑝𝑖𝑗 Diversity of pairwise interactions
Dominant Pair argmax𝑖<𝑗ℒ𝑖𝑗 Habitat pair with strongest mixing
Dominant Value max𝑖<𝑗ℒ𝑖𝑗 Strength of dominant pair
Rim Total ∑𝑖≥1ℒ𝑖0 Total tumor background mixing
Size Mix Corr 𝜌(𝑠𝑖, size𝑖) Correlation of size and mixing
Size Weighted Mix ∑𝑖<𝑗ℒ𝑖𝑗

size𝑖+size𝑗
∑𝑘 size𝑘

Mixing weighted by habitat sizes

Edge NearZero #{𝑖<𝑗∶ℒ𝑖𝑗<10−6}

(𝐾2)
Fraction of negligible edges

Row Strength 𝑠𝑖 = ∑𝑗ℒ𝑖𝑗 Total exposure of habitat 𝑖
Row Entropy −∑𝑗 𝑝𝑖𝑗 log𝑝𝑖𝑗 Diversity of 𝑖’s neighbor contacts
Row MaxFrac max𝑗 𝑝𝑖𝑗 Dominant neighbor fraction for 𝑖
Rim Exposure ℒ𝑖0 Habitat background mixing
Rim RowFrac ℒ𝑖0/𝑠𝑖 Fraction of exposure at rim

Table 4.4: Summary of features extracted from normalized MSI matrices ℒ.

table 4.4 are extracted both for theMSImatrixℒ andℒ𝑛𝑜𝑟𝑚, brining the total num-
ber of extracted features to 104.

4.3.5 Learning Models

Learning models (LMs) are the computer algorithms trained on input data with
an aim to predict some discrete class or continuous value. Each type has multiple
varying input parameters and their efficacy depends heavily on data structure and
specific use cases. The models applied here are

• Random Forest (RF)
• XGBoost (XGB)
• Light GBM (LGBM)
• Cat Boost (CB)
• Logistic Regression (LR)
• Ridge Classifier (RC)
• SGD Classifier (SGDC)
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The models can be obtained through Python’s Sci-Kit Learn package [58] or
through the python package installer Pip.

Classification refers to the action of labelling a data sample to a specific discrete
group or class. Binary classification is the classification of 2 classes and they are
often referred to as the positive and negative class. Multi-class classification is the
classification of any number of classes (>2).

Model training is the process of fitting a predictive function to the underly-
ing structure of a dataset. The approach differs substantially between linear and
tree-basedmodels. Decision trees are trained through a recursive process inwhich
potential splits along feature thresholds are evaluated at each node. These splits
are assessed using impurity measures such as information gain for classification
or squared error reduction for regression. The branch corresponding to the best
split is expanded, and this procedure continues until predefined stopping condi-
tions, such as maximum depth or minimum samples per leaf, are reached. In con-
trast, linear models are trained by optimizing parameters that minimize a chosen
loss function, which quantifies the discrepancy between predictions and ground
truths. Depending on the formulation, this optimization may be solved in closed
form, as in ordinary least squares, or iteratively using gradient-based methods
when dealing with logistic or regularized variants.

4.3.6 Feature Selection

Feature selection is a very important step, as not all radiomics features correlate
with the objectives and may therefore introduce noise, reducing model perfor-
mance [143]. Also, different types of LMs do not handle highly correlated features
and low variance features adequately. It is also possible to achieve very positive
results with few features, if they correlate well with the classes being predicted.
Initially all features with variance less than 0.01 are removed [144] along with one
feature of a correlated pair with correlation greater than 0.99 [145]. Many papers
use other correlation thresholds e.g. 0.85 [144], however the feature elimination
step is also designed to remove redundant features.

4.3.6.1 SHAP

The Shapley Additive Explanations (SHAP) is a method for ranking the impor-
tance of features [146], based on a concept from cooperative game theory. The
creator, Shapley, desired to answer how to distribute a payout fairly among play-
ers, based on their contribution to the game outcome. Given𝑁 players, a subset of
players 𝑆 ⊆ 𝑁, a value function of 𝑣(𝑆) which is the total sum of payoffs, the fair
payoff for player 𝑖 is then given by
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𝜙𝑖(𝑣) = ∑
𝑆⊆𝑁∖{𝑖}

|𝑆|!(𝑛 − |𝑆| − 1)!
𝑛! (𝑣(𝑆 ∪ {𝑖}) − 𝑣(𝑆)) (4.3)

In modern day ML tasks, the players are features and the payoffs are their im-
portance, a high Shapley value indicates that a feature correlates highly with the
positive class, and a negative value correlates more with the negative class. The
ranking therefore consists of calculating the Shapley value of each feature, with
the aim of selecting the feature set with values furthest from 0. The power of this
method comes from its versatility, it can be easily applied tomultiple types of mod-
els. Due to the inherent mathematical differences between learning models and
the fact that feature interactions can be highly complex, especially with large fea-
ture sets, feature rankingsmay vary between selectedmodels. The benefit of SHAP
is that it ismodel dependent,meaning that the ranking algorithm requires an input
model in order to complete ranking calculations. SHAP was chosen as the feature
ranking algorithm for this reason, as one function can rank features for all models,
reducing risks of human error while coding and standardizing the methodology.

4.3.6.2 Recursive Feature Elimination

Recursive Feature Elimination (RFE) is a process of feature selection. Starting
with the entire feature list, excluding highly correlated and low variance features,
all features are ranked based on a subset of the entire dataset, the radiomics orMSI
feature data tables. Once the features are ranked, remove some ratio of the lowest
ranked features and repeat feature ranking, this is done iteratively until the desired
number of minimum features is reached. Features are ranked on every iteration,
because the interaction between features can be very complex and the removal
of a feature can change the balance of feature interactions [147]. This process
needs to be applied to everymodel and dataset independently, sincemodels behave
differently and utilize features in different ways, therefore the ranking of a feature
might vary across different types of models.

It was decided to remove 10% of features on each feature ranking iteration and
remove 10 features at a time once 100 features remain. This was deemed as a
good balance of having enough samples to see how models behave with a specific
amount of features, without compilation times being too long, as SHAP calcula-
tions are very difficult and can take a long time based on the number of features
and the number data samples. The remaining set of features after each iteration of
ranking and elimination are saved for testing, they are referred to as feature sub-
sets. Due to few features (104) extracted from the MSI matrices and the fact that
habitats are generated per tumor (not per slice or segment) the number of samples
is equivalent to the number of available scans, which is 195. Therefore compila-
tion times are not an issue and one feature is removed at a time after each ranking
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Figure 4.7: The trainingworkflow for all tasks. The only differences between tasks
are what the prediction aim is and the initial full feature data table: extracted fea-
tures from the full sarcoma mask, extracted features from the SLIC segments and
statistical features extracted from the MSI matrices of generated habitats. SHAP
ranks features, feature elimination removes the bottom ranked features, remain-
ing features are trained and tested on for all models, this is done recursively until
few features remain. Result metrics are calculated at each recursion iteration.

iteration. The feature rankings are analyzed to quantify the feature groups and
image transforms that have the most positive effect on performance.

To analyze feature selection behaviour the Jaccard index is used, and is defined
by

𝐽(𝐴, 𝐵) =
|𝐴 ∩ 𝐵|
|𝐴 ∪ 𝐵| (4.4)

Where 𝐴 and 𝐵 are the two feature subsets being compared, the equation is cal-
culating the number of features shared between the two sets divided by the total
number of features in the sets. A value closer to 1 means that the sets are similar,
andmore dissimilar if the value is close to 0. The Jaccard index is used to compare
the similarities of feature sets between models and datasets, datasets are defined
in section 4.3.7 and in table 4.6. First, for each dataset, the top 100 selected fea-
tures are compared between the models, to get an understanding of how feature
selection varies between the models. Then for each dataset, the top 100 features
of each model are pooled into a super-set and are compared to the other datasets,
giving an intuitive measure of how different features are selected depending on
the classification and mask post-processing steps.



4.3. DICOM Image Dataset 87

Figure 4.8: Amore detailedworkflowof themodel training and testing component
(see figure 4.7 for an overview). Patients are split into folds, based on criteria set
by the training task (sarcoma vs. healthy, grade and sub-group classifications)

4.3.7 Model Training and Testing

When talking about model training, it is important to define the training and test-
ing sets. The training set is used for updating model parameters, this is the set of
data that the models learn from. The testing set is the subset of data where the
model applies its learned information to see how well it can generalize to unseen
data. This research employed a cross-validation (CV) approach [148]: the data
is split into a number of subsets called folds and each fold is used as the testing
set once, while the rest are used as the training set, then the test set is changed
until all folds have had a chance to be the test set. This ensures that the results
are not affected by a fold randomly being too easy or difficult to train or test on.
Each fold contains approximately 10 patients therefore patients cannot be in both
the training and testing sets, this ensures no data-leakage between the sets. Data-
leakage is when similar data is in both training and test-sets, which often times
increases model metrics, but decreases generalization as, in a real-world scenario,
amodel is not trained on a newpatient’s data that it is analyzing. The folds are kept
identical throughout the experiments such that an accurate result of model perfor-
mance is achieved across different processing steps. Other benefits of CV include
increased robustness, reduced bias, prevention of overfitting and works well with
limited data. Although CV increases training times drastically, it is performed for
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all models at all stages in the training process.
As has been discussed the MRI image data go through various pipelines and

each results in different feature data tables, e.g. masks processed using SPs result
in different feature data tables than those processed without. The varying feature
data tables are referred to as datasets.

Imbalance is inherent in IceSG database, the distribution of grades is severely
skewed towards grade 3, same goes for sarcoma sub-types as most are STS and
there is generally orders of magnitude more non-pathological tissue than patho-
logical. Due to this, balancingmethods are implemented in the formof calculating
an imbalance ratio, defined as the number of samples of theminority class divided
by the number of samples in the majority class, for binary classification. For mul-
ticlass classification, the imbalance ratio for class 𝑖 is the total number of samples
divided by the product of the number of classes and the number of samples be-
longing to class 𝑖, this provides an imbalance vector. This gives more weight to
minority classes during classification to avoid the majority class bias, where mod-
els simply predict a single class and report abnormally high accuracy due to large
imbalances. The imbalance metrics are then provided to the learning models, and
they can then train to avoid the majority bias.

Once the ranking of all features and feature subsets has been achieved, amodel
is trained multiple times to approximate the optimal number of features that give
the highest score. The metric optimized for is the area under the curve (AUC)
of the receiving operating characteristics (ROC) curve, abbreviated to AUC-ROC.
The AUC-ROC score is a measure of a givenmodels ability to distinguish between
classes, meaning how well it can generate a separation of classes. A high AUC-
ROC score generally means that the model can generalize better to new unseen
data.

The metrics extracted to rate model performance are accuracy, AUC-ROC, F1-
score, precision, recall see table 4.5 for metric definitions. The metrics are calcu-
lated per fold. Macro and micro averaged metrics are calculated. Micro-averaging
computes metrics based on the absolute contribution of all classes, meaning that
larger classes have larger weight. Macro-averaging computes metrics indepen-
dently for each class and takes a simple mean of the results, ensuring that each
class has equal weight in the results. Metric calculations as well as metric averag-
ing is handled by functions provided by the Sci-Kit Learn package [58]. The output
of model testing are a list of predictions and a list of the probability that it belongs
to the predicted class. In the prediction vector, each value is the predicted class
of the input sample, the prediction vector is compared to the ground truth vector,
if the 𝑖𝑡ℎ value of the ground truth is identical to the 𝑖𝑡ℎ value of the predictions
vector, then prediction is correct, otherwise it is incorrect. In the probability vec-
tor, each value represents the likelihood that the respective sample belongs to a
class, for binary classification it is a single value for the probability of the positive
class, in multiclass classification each value is a vector with the probability that
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the sample belongs to one of the 𝐾 classes. If ̂𝑝𝑘(𝑥) is the probability of sample 𝑥
belonging to class 𝑘, then the AUC-ROC score is given by

𝑅𝑂𝐶𝐴𝑈𝐶𝑘 =
1

𝑛𝑘𝑛−𝑘
∑

𝑖∶𝑦𝑖=𝑘
∑

𝑗∶𝑦𝑗≠𝑘
P( ̂𝑝𝑘(𝑥𝑖) > ̂𝑝𝑘(𝑥𝑗))+

1
2P( ̂𝑝𝑘(𝑥𝑖) = ̂𝑝𝑘(𝑥𝑗)) (4.5)

Where

P(condition) = {
1, if the condition is true,
0, if the condition is false.

(4.6)

In Layman terms, sum over all samples (𝑖) belonging to class 𝑘 and all samples
(𝑗) not in class 𝑘 if the probability that the 𝑖𝑡ℎ samples belongs in class 𝑘 is greater
than the probability of sample 𝑗 belonging to class 𝑘 then the function P is 1, if the
probabilities are equivalent add 1/2. The total sum is then divided by the product
of the total number of samples belonging to class 𝑘: 𝑛𝑘, and the total number
of samples not belonging in class 𝑘: 𝑛−𝑘. This is repeated for all 𝐾 classes and
therefore the AUC-ROC score is a vector when the number of classes is greater
than 2, for binary classification the AUC-ROC is calculated only for the positive
class. To rank a run where the number of classes exceeds 2, the macro averaged
AUC-ROC score is used as the main metric for assessment.

Precision measures, for class 𝑘, how many predictions of class 𝑘 are correct:

Precision𝑘 =
𝑇𝑃𝑘

𝑇𝑃𝑘 + 𝐹𝑃𝑘
(4.7)

Here 𝑇𝑃𝑘 and 𝐹𝑃𝑘 denote true and false positives for class 𝑘, respectively. Recall
measures, for class 𝑘, how many of the true instances of class 𝑘 were identified:

Recall𝑘 =
𝑇𝑃𝑘

𝑇𝑃𝑘 + 𝐹𝑁𝑘
(4.8)

where 𝐹𝑁𝑘 denotes false negatives for class 𝑘. The F1-score for class 𝑘 is the har-
monic mean of its precision and recall:

F1𝑘 = 2 ⋅
Precision𝑘 ⋅ Recall𝑘
Precision𝑘 + Recall𝑘

(4.9)

A high F1-score requires both high precision and high recall.
Overall accuracy represents the fraction of correctly classified samples:

Accuracy =
∑𝐾

𝑘=1 𝑇𝑃𝑘
𝑁 , (4.10)

where𝑁 is the total number of samples and∑𝑘 𝑇𝑃𝑘 corresponds to the sum of cor-
rectly classified samples. To give equal weighting to each class, macro averaging



90 Chapter 4. A Machine Learning Approach to Sarcoma Diagnostics and Staging

computes the mean of the per-class metrics. This approach reduces the influence
of class imbalance and ensures thatminority classes contribute equally to the over-
all score.

Precisionmacro =
1
𝐾

𝐾
∑
𝑘=1

Precision𝑘 (4.11)

Recallmacro =
1
𝐾

𝐾
∑
𝑘=1

Recall𝑘 (4.12)

F1macro =
1
𝐾

𝐾
∑
𝑘=1

F1𝑘 (4.13)

The macro recall is another method to measure class balanced accuracy, giving a
more robust representation of imbalance independent accuracy. To capture over-
all performance across the dataset, micro averaging aggregates true positives, false
positives, and false negatives across all classes before computing the metric. This
approach reflects how the model performs on all predictions, where larger classes
contribute proportionally more to the result.

Precisionmicro =
∑𝐾

𝑘=1 𝑇𝑃𝑘
∑𝐾

𝑘=1(𝑇𝑃𝑘 + 𝐹𝑃𝑘)
(4.14)

Recallmicro =
∑𝐾

𝑘=1 𝑇𝑃𝑘
∑𝐾

𝑘=1(𝑇𝑃𝑘 + 𝐹𝑁𝑘)
(4.15)

F1micro = 2 ⋅
Precisionmicro ⋅ Recallmicro
Precisionmicro + Recallmicro

(4.16)

In multi-class classification problems where each sample belongs to exactly
one class, themicro-averaged precision, recall, and F1-score all reduce to the same
value, which is equivalent to accuracy. Macrometrics highlight performance equally
across classes, while micro metrics reflect overall performance weighted by the
size of each class. Refer to table 4.5 for definitions on calculated metrics.

Figures 4.7 and 4.8 depict the standardized training workflow for all tests. One
of the processed feature tables is fed into the SHAP ranking function and outputs
features and their relative ranking, bottom ranked features are eliminated and the
remaining features enter the model training and testing block, from which model
assessment metrics are extracted. The detailedmodel training and testing consists
of generating patient folds from the list of patients to create a training and test sets,
and to perform CV. Once the model has been initialized, the feature data table
is filtered based on the current iteration of training patients and current feature
subset. The model is trained on the subset feature data table, and then tested on
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Table 4.5: Metrics used for the assessment of model performance and their respec-
tive definitions.

Metric Definition

Accuracy Proportion of all samples that are classified correctly.
Precision Share of predicted class members that truly belong to that

class.
Recall Share of actual class members that are correctly identified.
F1-score Balance between precision and recall, expressed as their har-

monic mean.
CM Table showing correct classifications and misclassifications

for each class.
AUC-ROC Measure of how well the model separates classes across deci-

sion thresholds.
Macro average Average across classes, giving each class equal weight.
Micro average Computed over all predictions, giving larger classes more in-

fluence; equal to accuracy in multi-class tasks.

the testing patients (with the same feature subset, of course) from which model
assessment metrics are calculated.

Training is carried out using both central processing unit (CPU) and graph-
ics processing unit (GPU) compatible code. Generally, GPU training is faster and
more desirable as the processing unit is designed for faster matrix and tensor cal-
culations and higher memory bandwidth, however due to many tree-based mod-
els’ architecture of creating branches, which introduce irregular memory access
patterns, CPUs are more adaptive for these tasks. A range of CPUs and GPUs
were used in the processing of calculations in this research, GPUs include: NVidia
5090, NVidia A100 and NVidia 4060TI. CPUs used were: Intel XeonW-1350, Intel
XeonGold 6248R (16 and 48 core) andAMD9950X3D.Workloadswere distributed
among the array of available CPUs and GPUs, with multithreading enabled to
speed up all heavy calculation tasks such as model training and feature extraction.
GPU trained models are: CatBoost, LightGBM and XGBoost; CPU trained models
are: RandomForest, LogisticRegression, Ridge Classifier and SGD Classifier.

4.3.7.1 Tissue Classification

This classification task aims to discriminate healthy tissue against sarcoma tissue.
Figure 4.9 depicts the tests made in tissue classification. First tested, is the ability
to classify sarcoma against all healthy tissue (SvAH dataset), this test includes no
processing of masks. The next test is the same as the first, but SLIC is applied over
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Figure 4.9: A depiction of the tests made for classifying healthy vs. pathological
tissue.

sarcoma and healthymasks separately (SvAH-SP dataset), turning eachmask into
multiple smaller segment masks. Simply put, given a small segment of tissue, is
it possible to distinguish between sarcoma and healthy tissue? The next test aims
to distinguish sarcoma tissue from tissue in a comparable pathology-free region
(SvCH dataset), using the full mask of both regions. The final test aims to do the
same as the previous but by applying SLIC to the two masked regions (SvCH-SP
dataset).

In an attempt to increase the amount of data, a publicly available dataset of STS
[149]was added to the IceSG database. Available are 50 patients, alongwithmasks
of sarcoma and the surrounding edema, healthy tissue masks were subsequently
segmented manually and added to the SvAH and SvAH-SP datasets. The patients
are split into 10 folds for CV.

4.3.7.2 Grade Classification

Grade classification aims to diagnose the grade of the sarcoma of the patient: 1,
2 or 3 according to the FNCLCC guidelines. As has been discussed in section 1.4,
the grading of sarcoma can be subjective and prone to human error, therefore it
could be of great help to the diagnostics field to have a supporting algorithm tohelp
conceptualize visual features to a sarcoma grade. As there are 19 instances of grade
1, 16 of grade 2 and 66 grade 3 sarcomas, the dataset is imbalanced. This issue is
tackled by using a class weights, giving higher weight to the underrepresented
classes.

CV is implemented in a similar manner to the tissue classification splitting
patients across 10 folds, with the added caveat that each fold has a similar dis-
tribution of grades. Again, patients cannot be in both the training and test sets,
to avoid data-leakage and to improve model robustness. Grade is predicted using
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Figure 4.10: A depiction of the tests made for classifying sarcoma grade.

Figure 4.11: A depiction of the tests made for classifying sub-groups.

full masks (Grade dataset), by using SPs (Grade-SP dataset) and through habitat
analysis (Grade-H dataset).

4.3.7.3 Sub-Group Classification

This classification aims to predict which sub-group the sarcoma belongs to: soft
tissue sarcoma (STS) or bone sarcoma (BS). Due to a lack of patients belonging
to each specific sub-type in the dataset and a majority of patients (65) being di-
agnosed with STS, all patients diagnosed with osteosarcoma, giant cell tumor of
bone and ewing sarcoma were pooled together to form the BS sub-group. The to-
tal number of patients belonging to the the BS group is 27. The total number of
patients considered in this step is therefore 92.

CV is performed by designating patients across 9 folds with approximately 10
patients per fold, ensuring that there is an even distribution of the minority group
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in each fold. Sub-group predictions are made using full masks (SG dataset), SPs
(SG-SP dataset) and through habitats (SG-H).

Table 4.6: A list of all ML tests applied in the research. Note: each of the 10 tests
go through the feature ranking, feature selection, feature elimination and cross-
validation independently.

Classification Dataset Abbreviation
Tissue Sarcoma vs. All healthy (SvAH)

Sarcoma vs. Comparable healthy (SvCH)
Sarcoma vs. All healthy with SPs (SvAH-SP)
Sarcoma vs. Comparable healthy with SPs (SvCH-SP)

Grade Sarcoma Region Only (Grade)
Sarcoma Region Only with SPs (Grade-SP)
Sarcoma Habitat (Grade-H)

Sub-group Sarcoma Region Only (SG)
Sarcoma Region Only with SPs (SG-SP)
Sarcoma Habitat (SG-H)
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4.4 Results

The results of feature selection and model training show that radiomics and habi-
tat methods have good correlation with predicting different diagnostics and stag-
ing components of sarcoma. Tissue classification of all healthy tissue against sar-
coma tumors show that models can easily distinguish between healthy and patho-
logical anatomy (althoughwith caveats). When viewing comparable regions against
sarcoma, there is also very high discriminative ability, hinting that radiomics has
much potential in sarcoma diagnostics. Even though classifying sarcoma grade
didn’t obtain great results, theywere above chance level showing that there is some
correlation between specific radiomics features and sarcoma grade. Predicting sar-
coma sub-group, BS or STS, showed very promising results, given the limitations
of the dataset. Interestingly, habitat generation and MSI matrix feature extraction
was also positively correlated with sarcoma grade and sub-group, showing that
heterogeneity could be used as a measure when diagnosing sarcoma. Different
models opted for different features, shown through low Jaccard index of feature
sets, showing how models may grasp different information and perform similarly
even though they use different features.

Although, dataset sizes are rather dynamic, making comparisons a bit diffi-
cult, they do capture quantifiable information relating to the classes being pre-
dicted. Even with limitations, such as, unstandardized imaging protocols, image
corruption, low representation of specific classes, techniques to combat this were
effective and gave positive results.

The results are set up to mirror the methodology. Starting with segmentation
and considerations, pitfalls and other details relating to it. Mask pre-processing re-
sults are stated and discussed, alongwith parameters used, caveats and limitations.
Feature extraction and RFE show the results of the best feature sets of each model
and the feature selection behavior between models and datasets. Model training
and testing is presented separately for each classification set: tissue, grade, sub-
group and habitat classifications.

4.4.1 DICOM Image Dataset and Segmentation

Mask segmentations were carried out over a 6 month period, during this time,
the segmentations were approved by a medical professional. Many segmentations
were very difficult due to MRI parameters giving little contrast between the sar-
coma region and non-pathological surroundings, image corruption, blurry, grainy
or noisy images, fused slices and uneven lighting distribution.

Figure 4.12 shows two examples of a corrupt image in the dataset. In these
cases, segmentation was carried out to try and avoid including corrupt pixels in
the mask, but in some cases corruption was so rampant that it was included. The
thought process behind keeping the corrupt pixels was that excluding the corrupt
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(a) (b)

(c) (d)

Figure 4.12: (a) An example of a corrupt image in the IceSG dataset (b) the mask
of the sarcoma and healthy regions on a corrupt image. (c) Another example of a
corrupt image (d) The resulting mask of the second corrupt image.

pixels, could skew the data to be less reflective of real world scenarios, especially
if the corrupt pixels are within the tumor. Also, training models on difficult data
has been shown to improve model resilience and robustness [150]. Lastly, it may
represent real world cases, perhaps computer errors result in a corrupt scan that
must be analyzed, which might create a use case for models that can handle ex-
treme cases, although this has become significantly less common.

Figure 4.13 shows an example of segmentations where the contrast between
the sarcoma tumor and surrounding anatomywas not great. These are caseswhere
one would speculate great difficulty in classification, as for example, figure 4.13(a)
where the sarcoma resembles greatly the surrounding bone, and in figure 4.13(c)
where the tumor mimics the surrounding fatty tissue. To the untrained eye, noth-
ing looks too out of the ordinary, but with an understanding of sarcoma and its
presentations in MRI scans and general anatomical knowledge, this can be seg-
mented and offers an interesting challenge for the learning models.

Figure 4.14 shows some cases of other difficult segmentations. There were
cases of images being blurred together, almost as if 2 slices were fused. There were
instances of artefact lines displayed on top of the MR images. Many scans were
rather noisy and grainy. Uneven lighting across images also causes difficulties as
normalization across the pixel intensities would be skewed and non-reflective of
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(a) (b)

(c) (d)

Figure 4.13: (a) An example of a bone sarcoma, where the border of the tumor is
very unclear (b) The resulting mask (c) Another example of a sarcoma appearing
very similar to surrounding anatomy (d) The resulting mask.

true pixel intensity distributions.
Despite some scans increasing the complexity of the dataset, the majority of

scans and images were clean with no visual drawbacks as the ones discussed from
figures 4.12 to 4.14. The 101 patients used for training the SvAH, Grade and SG
datasets, resulted in 2883 image slices of sarcoma regions and 6003 non patholog-
ical image slices. The 86 patients used in the SvCH dataset, resulted in 2184 image
slices of sarcoma and healthy regions.

4.4.2 Image andMask Post-Processing

The image and mask post-processing pipeline turned out to be robust and gave
good results. Compilation times varied greatly, especially when SLIC was applied
to all healthy anatomy along with sarcoma. It resulted in a total of 1,402,939 sam-
ples, 72,749 of whichwere tumor super pixels (SP) and 1,330,190 non-pathological
SPs, for the SvAH-SP,Grade-SP and SG-SPdatasets. Compilation timeswere greatly
managed bymultithreading calculations, reducing run times by a factor of approx-
imately 5. Figure 4.15 displays an example of the segmentation and SP generation
on an input image.

Habitats were also successfully generated after all resampling and normaliza-
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(a) (b)

(c) (d)

Figure 4.14: Examples of other difficulties in the segmentation process. (a) An
MRI slice that seems to be a mix of two slices (b) Visual artefacts in an image
slice (c) An example of a relatively noisy and grainy image (d) Uneven lighting or
response throughout the image.

(a) (b) (c)

Figure 4.15: An example of a raw image slice and resulting SLIC processed super
pixels on masks. (a) displays the original raw image slice (b) displays the masks;
green is healthy, red is sarcoma and blue is edema (c) the resulting SPs.
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(a) (b) (c)

Figure 4.16: An example of a generated habitat (a) the original raw image slice of
only the sarcoma (b) the SPs generated from the SLIC process, with an approxi-
mate volume of 30𝑚𝑚3, displayed in color due to the large number of SPs gener-
ated in this step (c) the resulting habitat generated.

tion steps. Figure 4.16 display an example of a generated habitat, displayed is only
a single slice, the habitats do however span in all 3 dimensions.

4.4.3 Feature Extraction and RFE

Presented in this section are results from the feature extraction and recursive fea-
ture elimination (RFE) steps for radiomics and habitat features.

4.4.3.1 Radiomic Feature Space

The image and mask post-processing steps were slightly different. The first step
was to filter out all features with variance less than 0.01 and one of the pairs of
features with correlation at or above 0.99, thus the number of features filtered
varied slightly between datasets. The SvAH, Grade and SG datasets contained 740
features after the filtering step. The SvAH-SP, Grade-SP and SG-SP dataset had 823
features remaining after filtering. The SvCH dataset was reduced to 796 features
and the SvCH-SP dataset had 818 features remaining after the preliminary filtering
step.

Due to the number of runs and resulting tables, the results of RFE resulting in
the best score is displayed in tables 4.7 to 4.13. The ”Total” columns in the tables
show the total number of features selected from each type of image transform and
total number of features selected from each feature group. Interestingly, nearly,
all image transforms have representation in the optimal feature sets for all runs,
the same goes for feature groups. See section 4.4.4 for figures of scores for each
model and respective number of features tested.
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Table 4.7: Selected features for highest scoring set of features for binary classifi-
cation for all healthy against sarcoma masks. Best model was LogisticRegression
with 100 features and a AUC-ROC score of 0.999.

FO GLCM GLDM GLRLM GLSZM NGTDM Total

Original 5 3 2 2 1 0 13
Exponential 2 5 2 6 1 1 17
Gradient 1 1 1 3 1 2 9
LBP-2D 3 4 1 0 1 0 9
LoG 5 0 0 0 3 0 8
Logarithm 2 3 0 0 0 1 6
Square 2 1 0 3 1 0 7
Square Root 1 2 0 1 2 1 7
Wavelet-HH 0 1 3 0 2 0 6
Wavelet-HL 1 1 1 2 1 0 6
Wavelet-LH 0 0 0 2 0 0 2
Wavelet-LL 1 0 3 1 3 2 10
Total 23 21 13 20 16 7 100

Table 4.8: Selected features for highest scoring set of features for binary classifi-
cation for all healthy against sarcoma masks processed with SPs. Best model was
CatBoost with 90 features and a AUC-ROC score of 0.885.

FO GLCM GLDM GLRLM GLSZM NGTDM Total

Original 1 0 0 1 1 0 3
Exponential 0 1 4 5 0 1 11
Gradient 2 3 1 0 0 0 6
LBP-2D 0 2 0 5 2 0 9
LoG 2 2 1 2 0 0 7
Logarithm 5 2 0 1 1 0 9
Square 2 0 0 0 0 0 2
Square Root 3 2 0 0 2 0 7
Wavelet-HH 2 1 5 2 2 0 12
Wavelet-HL 3 3 2 0 0 0 8
Wavelet-LH 3 2 3 1 0 0 9
Wavelet-LL 1 2 0 1 2 1 7
Total 24 20 16 18 10 2 90
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Table 4.9: Selected features for highest scoring set of features for binary classifica-
tion for comparable healthy against sarcoma masks. Best model was RidgeClassi-
fier with 247 features and a AUC-ROC score of 0.974.

FO GLCM GLDM GLRLM GLSZM NGTDM Total

Original 5 6 4 5 1 0 21
Exponential 9 6 2 3 1 1 22
Gradient 7 3 4 5 1 0 20
LBP-2D 6 11 4 4 2 0 27
LoG 4 9 1 4 2 0 20
Logarithm 7 11 1 1 3 1 24
Square 5 9 5 8 1 1 29
Square Root 4 6 4 5 3 0 22
Wavelet-HH 1 1 0 1 0 0 3
Wavelet-HL 5 3 5 6 1 0 20
Wavelet-LH 7 6 2 6 0 0 21
Wavelet-LL 1 7 3 4 3 0 18
Total 61 78 35 52 18 3 247

Table 4.10: Selected features for highest scoring set of features for binary classi-
fication for comparable healthy against sarcoma masks processed with SPs. Best
model was LogisticRegression with 100 features and a AUC-ROC score of 0.865.

FO GLCM GLDM GLRLM GLSZM NGTDM Total

Original 6 4 0 1 0 0 11
Exponential 3 3 3 1 0 0 10
Gradient 3 3 3 3 0 0 12
LBP-2D 1 2 3 3 2 0 11
LoG 0 2 0 1 0 0 3
Logarithm 1 2 1 0 1 0 5
Square 2 1 1 1 0 0 5
Square Root 2 3 1 4 0 1 11
Wavelet-HH 0 0 1 1 0 0 2
Wavelet-HL 0 4 0 1 0 0 5
Wavelet-LH 3 2 1 3 0 0 9
Wavelet-LL 0 6 2 7 1 0 16
Total 21 32 16 26 4 1 100
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Table 4.11: Selected features for highest scoring set of features for grade classi-
fication for whole masks. Best model was SGDClassifier with 60 features and a
AUC-ROC score of 0.690.

FO GLCM GLDM GLRLM GLSZM NGTDM Total

Original 2 1 1 1 1 0 6
Exponential 4 2 3 2 0 0 11
Gradient 0 0 0 1 1 0 2
LBP-2D 0 0 1 1 0 1 3
LoG 0 1 0 1 0 0 2
Logarithm 0 0 0 2 1 1 4
Square 4 2 1 3 0 0 10
Square Root 1 2 1 1 0 1 6
Wavelet-HH 0 0 0 1 0 0 1
Wavelet-HL 1 1 1 3 0 0 6
Wavelet-LH 0 1 1 2 0 0 4
Wavelet-LL 0 1 1 2 1 0 5
Total 12 11 10 20 4 3 60

Table 4.12: Selected features for highest scoring set of features for grade classi-
fication for masks processed with SPs. Best model was RidgeClassifier with 10
features and a AUC-ROC score of 0.670.

FO GLCM GLDM GLRLM GLSZM NGTDM Total

Original 1 0 0 0 0 0 1
Exponential 0 0 0 0 0 0 0
Gradient 0 1 0 0 0 0 1
LBP-2D 0 0 0 0 0 0 0
LoG 1 0 0 0 0 0 1
Logarithm 0 0 0 0 0 0 0
Square 1 0 0 0 0 0 1
Square Root 0 0 0 0 0 0 0
Wavelet-HH 0 0 0 0 0 0 0
Wavelet-HL 0 0 1 1 0 0 2
Wavelet-LH 0 0 1 1 0 0 2
Wavelet-LL 0 2 0 0 0 0 2
Total 3 3 2 2 0 0 10
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Table 4.13: Selected features for highest scoring set of features for sub-group clas-
sification for whole masks. Best model was RidgeClassifier with 149 features and
a AUC-ROC score of 0.863.

FO GLCM GLDM GLRLM GLSZM NGTDM Total

Original 3 3 1 4 1 1 13
Exponential 3 5 0 0 1 2 11
Gradient 4 5 3 2 1 0 15
LBP-2D 2 7 0 1 1 1 12
LoG 2 4 0 3 2 0 11
Logarithm 3 5 0 5 1 0 14
Square 6 4 1 4 0 0 15
Square Root 2 6 0 3 1 0 12
Wavelet-HH 2 2 1 1 1 0 7
Wavelet-HL 4 2 0 3 0 0 9
Wavelet-LH 5 5 1 4 2 0 17
Wavelet-LL 1 6 0 3 2 1 13
Total 37 54 7 33 13 5 149

Table 4.14: Selected features for highest scoring set of features for sub-group clas-
sification for masks processed with SPs. Best model was SGDClassifier with 100
features and a AUC-ROC score of 0.802.

FO GLCM GLDM GLRLM GLSZM NGTDM Total

Original 2 1 0 0 0 0 3
Exponential 3 5 1 5 1 0 15
Gradient 3 3 2 2 0 0 10
LBP-2D 5 2 1 1 1 0 10
LoG 4 0 1 0 0 0 5
Logarithm 3 3 1 1 1 1 10
Square 3 3 1 0 0 0 7
Square Root 0 2 0 0 1 0 3
Wavelet-HH 1 1 2 3 0 0 7
Wavelet-HL 1 1 3 2 0 0 7
Wavelet-LH 3 6 1 7 0 0 17
Wavelet-LL 1 5 0 0 0 0 6
Total 29 32 13 21 4 1 100
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Table 4.15: The Jaccard index of the top 100 for all models of the SvAH dataset.

LGBM XGB SGDC RC CB LR RF

LGBM 1.000 0.538 0.198 0.053 0.504 0.130 0.351
XGB 0.538 1.000 0.170 0.058 0.408 0.111 0.290
SGDC 0.198 0.170 1.000 0.105 0.205 0.242 0.190
RC 0.053 0.058 0.105 1.000 0.058 0.124 0.064
CB 0.504 0.408 0.205 0.058 1.000 0.111 0.493
LR 0.130 0.111 0.242 0.124 0.111 1.000 0.105
RF 0.351 0.290 0.190 0.064 0.493 0.105 1.000

Table 4.16: The Jaccard index of the top 100 for all models of the SvAH-SP dataset.

LGBM XGB SGDC RC CB LR RF

LGBM 1.000 0.653 0.093 0.036 0.613 0.081 0.316
XGB 0.653 1.000 0.105 0.053 0.587 0.105 0.290
SGDC 0.093 0.105 1.000 0.290 0.105 0.333 0.117
RC 0.036 0.053 0.290 1.000 0.064 0.307 0.117
CB 0.613 0.587 0.105 0.064 1.000 0.081 0.307
LR 0.081 0.105 0.333 0.307 0.081 1.000 0.124
RF 0.316 0.290 0.117 0.117 0.307 0.124 1.000

The Jaccard index was also analyzed to see how feature selection behavior var-
ied between models, datasets and classifications. Table 4.15 shows the similarity
of the top 100 features, between models for tissue classification using the SvAH
dataset. Table 4.16 displays the Jaccard index of the top 100 features between vary-
ing models of the SvAH-SP dataset. Table 4.17 displays the Jaccard index of the
top 100 features between varying models of the SvCH dataset. Table 4.18 displays
the Jaccard index of the top 100 features between varying models of the SvCH-SP
dataset.

The Jaccard index for grade classificationusing theGrade andGrade-SPdatasets
is presented in tables 4.19 and 4.20, respectively. It is similarly shown for sub-
group classification for the SG and SG-SP datasets in tables 4.21 and 4.22, respec-
tively. Finally, the similarity behavior of the top 100 features pooled together for
eachmodel for each classification and dataset is displayed in table 4.23, comparing
how different classification tasks and different mask post-processing affect feature
selection behavior.
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Table 4.17: The Jaccard index of the top 100 for all models of the SvCH dataset.

LGBM XGB SGDC RC CB LR RF

LGBM 1.000 0.626 0.124 0.036 0.626 0.087 0.399
XGB 0.626 1.000 0.124 0.053 0.562 0.093 0.379
SGDC 0.124 0.124 1.000 0.183 0.124 0.575 0.099
RC 0.036 0.053 0.183 1.000 0.047 0.183 0.070
CB 0.626 0.562 0.124 0.047 1.000 0.099 0.460
LR 0.087 0.093 0.575 0.183 0.099 1.000 0.099
RF 0.399 0.379 0.099 0.070 0.460 0.099 1.000

Table 4.18: The Jaccard index of the top 100 for all models of the SvCH-SP dataset.

LGBM XGB SGDC RC CB LR RF

LGBM 1.000 0.613 0.070 0.036 0.575 0.053 0.429
XGB 0.613 1.000 0.053 0.036 0.626 0.047 0.351
SGDC 0.070 0.053 1.000 0.290 0.053 0.460 0.075
RC 0.036 0.036 0.290 1.000 0.036 0.399 0.064
CB 0.575 0.626 0.053 0.036 1.000 0.047 0.379
LR 0.053 0.047 0.460 0.399 0.047 1.000 0.053
RF 0.429 0.351 0.075 0.064 0.379 0.053 1.000

Table 4.19: The Jaccard index of the top 100 for all models of the G dataset.

LGBM XGB SGDC RC CB LR RF

LGBM 1.000 0.504 0.047 0.042 0.379 0.047 0.242
XGB 0.504 1.000 0.020 0.036 0.389 0.020 0.170
SGDC 0.047 0.020 1.000 0.250 0.042 0.439 0.058
RC 0.042 0.036 0.250 1.000 0.026 0.266 0.075
CB 0.379 0.389 0.042 0.026 1.000 0.047 0.242
LR 0.047 0.020 0.439 0.266 0.047 1.000 0.064
RF 0.242 0.170 0.058 0.075 0.242 0.064 1.000



106 Chapter 4. A Machine Learning Approach to Sarcoma Diagnostics and Staging

Table 4.20: The Jaccard index of the top 100 for all models of the G-SP dataset.

LGBM XGB SGDC RC CB LR RF

LGBM 1.000 0.600 0.053 0.058 0.429 0.058 0.351
XGB 0.600 1.000 0.047 0.047 0.429 0.036 0.299
SGDC 0.053 0.047 1.000 0.290 0.042 0.429 0.099
RC 0.058 0.047 0.290 1.000 0.026 0.449 0.087
CB 0.429 0.429 0.042 0.026 1.000 0.036 0.258
LR 0.058 0.036 0.429 0.449 0.036 1.000 0.087
RF 0.351 0.299 0.099 0.087 0.258 0.087 1.000

Table 4.21: The Jaccard index of the top 100 for all models of the SG dataset.

LGBM XGB SGDC RC CB LR RF

LGBM 1.000 0.515 0.075 0.070 0.460 0.105 0.258
XGB 0.515 1.000 0.070 0.070 0.429 0.075 0.266
SGDC 0.075 0.070 1.000 0.235 0.099 0.493 0.081
RC 0.070 0.070 0.235 1.000 0.064 0.235 0.081
CB 0.460 0.429 0.099 0.064 1.000 0.105 0.351
LR 0.105 0.075 0.493 0.235 0.105 1.000 0.093
RF 0.258 0.266 0.081 0.081 0.351 0.093 1.000

Table 4.22: The Jaccard index of the top 100 for all models of the SG-SP dataset.

LGBM XGB SGDC RC CB LR RF

LGBM 1.000 0.575 0.111 0.058 0.587 0.087 0.379
XGB 0.575 1.000 0.111 0.053 0.504 0.070 0.316
SGDC 0.111 0.111 1.000 0.266 0.111 0.399 0.149
RC 0.058 0.053 0.266 1.000 0.075 0.389 0.130
CB 0.587 0.504 0.111 0.075 1.000 0.081 0.408
LR 0.087 0.070 0.399 0.389 0.081 1.000 0.130
RF 0.379 0.316 0.149 0.130 0.408 0.130 1.000
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Table 4.23: The Jaccard index from the top 100 features pooled from each model
of a dataset compared amongst datasets.

Dataset SvAH SvAH-SP SvCH SvCH-SP Grade Grade-SP SG SG-SP

SvAH 1.000 0.272 0.273 0.239 0.350 0.277 0.310 0.260
SvAH-SP 0.272 1.000 0.312 0.460 0.277 0.414 0.275 0.391
SvCH 0.273 0.312 1.000 0.338 0.288 0.300 0.317 0.275
SvCH-SP 0.239 0.460 0.338 1.000 0.288 0.382 0.258 0.353
Grade 0.350 0.277 0.288 0.288 1.000 0.316 0.335 0.283
Grade-SP 0.277 0.414 0.300 0.382 0.316 1.000 0.265 0.431
SG 0.310 0.275 0.317 0.258 0.335 0.265 1.000 0.273
SG-SP 0.260 0.391 0.275 0.353 0.283 0.431 0.273 1.000

Table 4.24: Jaccard index when comparing top 10 ranking habitat features for all
models when classifying sarcoma grade.

LR SGDC RC RF CB LGBM XGB

LR 1.000 0.538 1.000 0.176 0.111 0.176 0.176
SGDC 0.538 1.000 0.538 0.250 0.176 0.176 0.176
RC 1.000 0.538 1.000 0.176 0.111 0.176 0.176
RF 0.176 0.250 0.176 1.000 0.538 0.538 0.538
CB 0.111 0.176 0.111 0.538 1.000 0.538 0.667
LGBM 0.176 0.176 0.176 0.538 0.538 1.000 0.667
XGB 0.176 0.176 0.176 0.538 0.667 0.667 1.000

4.4.3.2 Habitat Feature Space

Extracted from the 4x4 habitat matrices were a total of 104 statistical features. For
grade classification, filtering out highly correlated features (≥ 0.99) and low vari-
ance (≤ 0.01) features resulted in only 28 remaining features, showing that most
extracted variables are useless. 7 features remained from the unnormalized MSI
matrix, and 21 remain from the normalized MSI matrix. Table 4.24 displays the
Jaccard index of the top 10 ranking features for grade classification using habitats.

Similarly for sub-group classification using habitats, 29 out of the 104 features
remain after correlation and variance filtering. The difference in feature count
after filtering differs slightly fromgrade classification as the patient sets are slightly
different. 21 features remain from the normalizedMSImatrix, and 8 features from
the raw MSI matrix. Table 4.25
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Table 4.25: Jaccard index when comparing top 10 ranking habitat features for all
models when classifying sarcoma sub-group.

LR SGDC RC RF CB LGBM XGB

LR 1.000 0.667 0.818 0.176 0.176 0.176 0.111
SGDC 0.667 1.000 0.538 0.250 0.250 0.250 0.176
RC 0.818 0.538 1.000 0.250 0.176 0.111 0.111
RF 0.176 0.250 0.250 1.000 0.538 0.429 0.538
CB 0.176 0.250 0.176 0.538 1.000 0.667 0.818
LGBM 0.176 0.250 0.111 0.429 0.667 1.000 0.818
XGB 0.111 0.176 0.111 0.538 0.818 0.818 1.000

4.4.4 Model Training and Testing

The main results of model training and testing are presented in this section. More
detailed tables and graphs of results and metrics are provided in Appendix C. The
results are simply stated and discussed in more detail in the discussion, section
4.5.6.

4.4.4.1 Tissue Classification

The resulting AUC-ROC score for each run of the tissue classification for the 4
slightly different processing pipelines and the ROC curve of the best performing
model are displayed in figures 4.17 to 4.23. Further results on model metrics can
be found in the figures and tables of Appendix C. Figure 4.17 shows the AUC-ROC
score for tissue classification using the SvAHdataset, results are extremely promis-
ing. Although it should be noted that this classification is quite straight forward as
healthy anatomy is orders of magnitude larger than pathological, and sizes can be
indirectly inferred through GLCM features and LBP transform. This is mitigated
when processing with SPs, and noticeable drops in AUC-ROC score can be seen
in figure 4.19, where the AUC-ROC score is presented for the SvAH-SP dataset.
The SvCH dataset’s AUC-ROC score can be seen in figure 4.21 where the models
use comparable regions as healthy samples instead of the entire anatomy. The re-
sults of the AUC-ROC score of the SvCH dataset show that classifying sarcoma
against similar or comparable healthy regions provide very good results, and in
this case differences in input mask sizes is not an issue, as the healthy and patho-
logical masks are nearly identical, only in different regions. Similar performance
drops are noticeable for the SvCH-SP dataset when viewing the AUC-ROC scores
in figure 4.23.
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Figure 4.17: AUC-ROC score against the number of feature applied for eachmodel
using the SvAH dataset.

Figure 4.18: ROC curve of the highest scoring run: logistic regression at 100 fea-
tures for tissue classification using the SvAH dataset. The 95% confidence interval
of the AUC-ROC score is shown in the legend.
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Figure 4.19: AUC-ROC score against the number of feature applied for eachmodel
using the SvAH-SP dataset.

Figure 4.20: ROC curve of the highest scoring run: CatBoost at 90 features for
tissue classification using the SvAH-SP dataset. The 95% confidence interval of
the AUC-ROC score is shown in the legend.



4.4. Results 111

Figure 4.21: AUC-ROC score against the number of feature applied for eachmodel
using the SvCH dataset.

Figure 4.22: ROCcurve of the highest scoring run: logistic regression at 90 features
for tissue classification using the SvCHdataset. The 95% confidence interval of the
AUC-ROC score is shown in the legend.
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Figure 4.23: AUC-ROC score against the number of feature applied for eachmodel
using the SvCH-SP dataset.

Figure 4.24: ROC curve of the highest scoring run: logistic regression at 100 fea-
tures for tissue classification using the SvCH-SP dataset. The 95% confidence in-
terval of the AUC-ROC score is shown in the legend.
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4.4.4.2 Grade Classification

The resulting AUC-ROC score for each run of grade classification, processed with
and without SPs are presented in figures 4.25 and 4.27. The ROC curve for the
best runs of the two tasks can be found in figures 4.26 and 4.28. Further results of
metrics can be found in Appendix C. Figure 4.25 shows the results for grade clas-
sification using whole masks, and performance is noticeably better than when the
classifying use SPs (figure 4.27), although by a small margin. The AUC-ROC re-
sults show some extent of discriminative capability between the 3 grades, although
it is not high enough to use reliably in a clinical setting.

Figure 4.25: AUC-ROC score against the number of feature applied for eachmodel
for grade classification.
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Figure 4.26: ROC curve of the highest scoring run: SGD Classifier at 60 features
for grade classification using the grade dataset. The 95% confidence interval of the
macro averaged AUC-ROC score is shown in the title.

Figure 4.27: AUC-ROC score against the number of feature applied for eachmodel
for grade classification using SPs.
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Figure 4.28: ROC curve of the highest scoring run: ridge classifier at 10 features
for grade classification using the grade-SP dataset. The 95% confidence interval of
the macro averaged AUC-ROC score is shown in the title.

4.4.4.3 Sub-Group Classification

The resulting AUC-ROC score for each run of sub-group classification, processed
with and without SPs is displayed in figures 4.29 and 4.31. The ROC graphs of the
best runs for sub-group classification processedwithout andwith SPs can be found
in figures 4.30 and 4.32, respectively. Furthermetrics can be found in Appendix C.
Figure 4.29 shows that classifying sub-group using full masks has relatively high
discriminative abilities, although there ismuch variance between themodels, pos-
sibly due to the ratio of number of features to samples, which is not inherent when
classifying using SPs, figure 4.31. There is however a drop in discriminative abil-
ity when processing using SPs, which is to be expected as there is less information
contained within each sample. The stability between models can be partially ex-
plained by the much higher ratio of samples to number of features compared to
sub-group classification using only masks.
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Figure 4.29: AUC-ROC score against the number of feature applied for eachmodel
for sub-group classification.

Figure 4.30: ROC curve of the highest scoring run: ridge classifier at 149 features
for sub-group classification using the SG dataset. The 95% confidence interval of
the AUC-ROC score is shown in the legend.
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Figure 4.31: AUC-ROC score against the number of feature applied for eachmodel
for sub-group classification using SPs.

Figure 4.32: ROC curve of the highest scoring run: SGD classifier at 100 features
for sub-group classification using the SG-SP dataset. The 95% confidence interval
of the AUC-ROC score is shown in the legend.
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4.4.4.4 Habitat Classification

The resulting AUC-ROC score for each run of grade and sub-group classification
using habitats can be found in figures 4.33 and 4.35 respectively. Further metrics
can be found in Appendix C. Grade classification using habitats had slightly worse
AUC-ROC thanwhen processing using radiomic feature data, although therewere
some instances of relatively good AUC-ROC scores with few features, see XG-
Boost at 4 features and LightGBM at 5 features in figure 4.33. This shows that
few features can have large potential in sarcoma grade staging. Sub-group classifi-
cation using the habitats was quite erratic between themodels, see figure 4.35, but
do show some discriminative ability between the two classes, soft tissue sarcoma
(STS) and bone sarcoma (BS). This shows that there is some potential in using
heterogeneity measures to classify grade and sub-group.

Figure 4.33: AUC-ROC score against the number of feature applied for eachmodel
for grade classification using habitats.
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Figure 4.34: ROC curve of the highest scoring run: SGD classifier at 14 features
for grade classification using habitats. The 95% confidence interval of the macro
averaged AUC-ROC score is shown in the title.

Figure 4.35: AUC-ROC score against the number of feature applied for eachmodel
for sub-group classification using habitats.
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Figure 4.36: ROC curve of the highest scoring run: SGD classifier at 18 features for
sub-group classification using habitats. The 95% confidence interval of the AUC-
ROC score is shown in the legend.



4.5. Discussion 121

4.5 Discussion

4.5.1 DICOM Image Database and Segmentation

The database used in the classification is a very interesting one and should be dis-
cussed. Generally, anatomy is considered to be quite complex and heterogeneous
in nature, making classification tasks more difficult. On top of that, sarcomas
are considered to be a heterogeneous, diverse group of malignancies with mul-
tiple sub-types and presentations [46]. Given this, it should be emphasized that
the patient cohort may not provide enough instances of sarcoma to allow for ef-
fective generalization of sarcoma tissue, or for model performance to extend re-
liably beyond the results presented here, especially when MRI protocols are not
standardized throughout all scans. Differences in MR weighting, contrast, and fat
suppression protocols can have a profound effect on the appearance of the region
of interest [151]. As seen in figure 4.37, even scans of the same anatomy can look
very different depending on the imaging protocol. Scans of all orientations: ax-
ial, coronal, and sagittal, were included which increases both the variance and the
complexity that the learning model must overcome. Tumors sometimes appear
homogeneous and at other times heterogeneous, and varying the weighting and
use of contrast media affects whether the tumor appears brighter or darker in the
images, this can be seen in figures 4.37 and 4.38. MRI protocols can also influence
whether surrounding edema is visible or not [151]. One way to mitigate these ef-
fects could be to include protocol-specific feature columns in the processed data
table, whichmight help themodel generalize better to the different appearances of
sarcoma tumors. Another important consideration is that gray-value ranges differ
drastically between patients, and standardization of intensity values to a repre-
sentative scale depends on multiple metadata factors and machine specifications
[152]. This, inturn, adds yet another level of complexity for learningmodels tasked
with classification.

Another important limitation is the uneven representation of sarcoma sub-
types in the dataset. Subtle differences exist between different sarcoma types, but
when only a handful of cases are available for certain sub-types, these nuances are
easily lost. For example, there is only a single case of dermatofibrosarcoma pro-
tuberans (DFSP) in the dataset. With no comparable examples to learn from, it is
not realistic to expect a model to accurately grade that one DFSP case. In contrast,
themajority of cases are soft tissue sarcomas (STS), meaning themodels primarily
learn to distinguish and grade STS.When asked to classify or grade an underrepre-
sented type such as DFSP, themodel inevitably tries to interpret it through the lens
of STS, which raises questions about whether it is even possible to meaningfully
grade these rare cases with such a limited dataset.

During the segmentation phase, all non-pathological tissue was grouped to-
gether as healthy tissue. However, biological tissue in the human body is highly
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(a) (b)

Figure 4.37: MRI slices: (a) shows a case of OSwhere themachine uses specific set-
tings and contrast media to brighten the tumor region and suppress fat response.
(b) displays another patient, liposarcoma in this case, where the tumor region is
dark in contrast and fat tissue is not suppressed.

diverse in both appearance and behavior, which can pose difficulties when cer-
tain healthy tissues resemble pathological regions. In general, training a model
on a greater number of tissue classes can improve classification of the patholog-
ical region, as it reduces the likelihood of false positives. By grouping all non-
pathological tissue into a single class, the distribution of feature values in the
“healthy” space can become so broad that it overlaps with the pathological fea-
ture space, ultimately making sarcoma classification more difficult. This effect is
exemplified in figure 4.38.

The sarcoma and edema regionswere fully segmented in 3D segmentation soft-
ware. As a result, in some slices, small remnants of pathological tissue remain vis-
ible, often appearing as very small and homogeneous regions. Training a model
on such small areas can be problematic, as they closely resemble healthy fat tissue
and, without broader spatial context, may easily lead to misclassification.

Image quality was not standardized across patients, as shown in figure 4.39.
Some MR scans appear grainy, slightly out of focus, or with variable pixel density.
Such inconsistencies increase the variance of the dataset, but without necessarily
improving generalization. While larger and more diverse datasets often benefit
fromhigher variance bymakingmodelsmore robust [150], [153], in a small dataset
this additional variance can instead harm performance, as the model struggles
to distinguish noise from meaningful variation. Compounding this issue, many
images were corrupted (although not a significant amount), with entire regions of
slices rendered unusable. This is particularly detrimental if the corrupted areas
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overlap with the pathological region of interest, as crucial diagnostic information
is lost.

4.5.2 Image AndMask Post-Processing

Thepost-processing of images andmasks require amultitude of parameters, where
the range of viable values can be large. For example when deciding the size of SPs,
one might speculate which size is the best, small SPs might lack enough pixel in-
tensity variation to bemeaningful, and too large results in spatial averaging which

Figure 4.38: An example of how healthy and pathological tissue can overlap in
terms of appearance. Left two images showhealthy tissue, rightmost image shows
a tumor region.

(a) (b) (c)

Figure 4.39: Variance in image quality: (a) Shows a grainy slice, with relatively
high noise (b) Displays a corrupted image (c) An example of uneven lighting dis-
tribution.
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dampen fine grained details. Also, due to the drawbacks that the IceSG database
presents, normalization could be heavily affected by noise, image artefacts and
corruption, even though measures such as normalizing only between the 1𝑠𝑡 to
99𝑡ℎ percentiles were taken to dampen these effects. Nevertheless, decisions had
to be taken on values on all parameters, and slightly different values will have a
trickle-down effect all the way down to classification results. Proving that the pa-
rameter values chosen are the most optimal ones is a very difficult process, as it
cannot be confirmed until results are acquired, which is unfortunately not feasible
in the presented pipelines due to computational restraints.

Although, finding and testing the optimal values for parameters is next to im-
possible, different values were tested such as the size of SPs and the value chosen
was deemed a good trade off of speed, size and overall results. The compactness
variable of the SLIC function was also tested slightly, a lower compactness gives
image gradients a larger weight when deciding borders, which seems perfect for
heterogeneous tumors such as sarcoma, but the drawback is that the SPs become
extremely irregular, causing more problems further down the pipeline, most no-
tably was that the differences in sizes had much more variance, making SPs less
comparable. This could partly be tackled by increasing the parameter for the max-
imumnumber of iterations of the SLIC algorithm, but it is quickly seen how only 3
parameters can have a large affect on the overall results, as multiple combinations
of parameters would require testing.

The SLIC clustering method is not perfect, and iterations have been made
to improve the algorithm such as the differentiable SLIC algorithm [154] which
solves the issue of the non-differentiability of the original SLIC method. This al-
lows for easier integration with classical neural network models. These newer
SLIC algorithms have shown improved performance [154], [155], and could in-
crease performance if integrated into the pipeline. It should be mentioned that
these studies base SLIC performance on its segmentation abilities, not on classifi-
cation of specific SPs.

Therefore, the parameter values chosen can be improved, probably with di-
minishing returns, but the results of model performance was adequate enough to
be able to draw some conclusions.

4.5.3 Habitat Generation

Habitat analysis is a relatively new method, with the earliest found application
emerging in a 2010 article [156], and not many articles exist that detail the work-
flow. There is much room for optimizations in this component, such as which fea-
tures create the best habitat clusters, that best represent heterogeneity of sarcoma
in the current database. Generally, in the literature, authors used standardizedMR
protocols, since pixel intensities of different anatomy vary under different MRI
protocols [109], [112]. Also, different features aid in discriminating sub-groups
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and grades, meaning that a feature set used for generating habitats for grade clas-
sificationmay not perform as well for sub-group classification. This research used
the same features and generated habitats for classifying sarcoma grade and sub-
groups.

It could be possible to follow the grade classification pipeline to obtain the fea-
ture sets that best correlate with sarcoma grade, and use these features to cluster
SPs based on similarity in the K-means clustering step. This process by itself is also
time consuming, as it requires much testing to find the best clustering features to
predict grade or sub-group.

4.5.4 Feature Extraction

The radiomic feature extraction was the most straight forward as it was mainly
handled by PyRadiomics, which has been tested and approved by the community.
The thought process behind the radiomics extractions was to simply extract every-
thing possible, even thoughmany extracted values were irrelevant. It was decided
to go into the feature extraction in an unbiased manner, even though many clues
exist in the literature of which features might perform the best. It needs to be
confirmed whether the same features are applicable in the IceSG database. It was
rather decided to trust the feature selection for filtering out unnecessary features.
This has its drawbacks however, Jiarpakdee et al. [157] tested how metrics were
selected at different correlation and variance filtering thresholds, and found, using
their feature ranking algorithm (not SHAP), that the best feature sets varied with
different thresholds for feature filtering. Therefore, different thresholds for corre-
lation and variance filtering should be tested to see which gives the best results.

Habitat feature extractions were also straight forward, and followed the same
philosophy as the radiomic feature extraction: extract everything possible and let
the feature selection filter out redundant features. This inturn ensures a less biased
feature set, ultimately used for classification tasks.

4.5.5 Feature Selection

Feature selection is one of the most important steps in the workflow, as it has the
responsibility for creating the best possible model-dependent feature subsets and
removing redundant features. Out of the total 1116 radiomic features extracted,
after the correlation and variance filtering, generally, around 300 features were
immediately removed. The best performingmodels, tables 4.7 to 4.14, also showed
that the best models performed on 60 to 183 features, even less in some cases.
Although, many models did perform well on few features such as most models
with only 10 features in tissue classification for all datasets.

What was extremely interesting, were the results of the Jaccard Index of the
top 100 performing features pooled across models for datasets. When comparing
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the pooled feature space of SvCH and SvAH, the Jaccard index was only 0.273,
meaning that the two datasets only share 27.3% of their features. This is to be
somewhat expected as the SvAH dataset containsmuchmore anatomywithmuch
more variance in radiomic feature data, explaining to some degree the low simi-
larity of chosen features. Although, this did increase to 46% identical features
when processed with super pixels. The Jaccard index does not take into account
the correlations of features, meaning that although the features might have been
different, correlation between selected features might be high or quantify similar
information.

It was also interesting to look at how features were selected betweenmodels in
the same dataset. For tissue classification, and the top 100 features, of the SvAH
dataset no features were selected by all models, 11 features were selected by 6 out
of the 7 models, 13 by 5, 29 by 4, 35 by 3, 76 by 2 and 182 selected by a single
model. This trend is quite similar for all datasets and classification tasks, where
few features are chosen bymanymodels andmost features are shared by 1-3 mod-
els. This trend shows the complexity of how models apply their chosen features
to predict the classes. Also, when viewing the selected features of the top 20 fea-
tures between models, there was an even larger gap between the chosen features,
for all datasets and classifications, no single feature was ever shared by all models
and most features chosen were unique to a single model. Meaning there was no
convergence to an optimal feature set, but model results at 20 features were very
good in many cases, showing that models utilize different details and informa-
tion to create associations to the predicted class. This has powerful implications.
The fact that models utilize different features and arrive at similar results, means
that there is a potential for decision pooling where different models process in-
formation and cast a vote as to their predictions, another abstract form of saying
ensemble methods can be applied to pool together varying results.

4.5.6 Model Training and Testing

Overall discussion of the results of the model training and testing step are pre-
sented in this section. Model performance in specific cases is displayed and dis-
cussed in section 4.5.7, highlighting where performance was good and where it
wasn’t.

4.5.6.1 Tissue Classification

For the SvAH dataset, the best results were obtained with the SGD Classifier at
50 features, achieving an AUC-ROC of 0.999 with similarly high accuracy. Even
with as few as 20 features, XGBoost reached a score of 0.998, which demonstrates
the overall strength of this classification task. This outcome is not unexpected, as
size information can be indirectly captured through LBP andGLCM features, even
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though explicit shape features were not included. Metrics shown in figures C.1 to
C.7 further confirm that performance across allmodels was consistently very high,
both in macro and micro measures.

Whenmoving to the SvAH-SPdataset, performance dropped compared to SvAH,
although scores remained strong. The maximum AUC-ROC values across models
ranged from 0.867 to 0.885, with CatBoost being the top performer, at 90 features.
Interestingly, CatBoost also achieved a score of 0.863 with only 10 features, sug-
gesting that in some cases it may be more efficient to use fewer features since in-
ference requires fewer computational resources. As seen in figures C.8 to C.15,
accuracy and balanced accuracy remained fairly stable across models and feature
counts, hovering around 80%. Precision, however, likely suffered due to class im-
balance, as more healthy samples were misclassified as tumor than the number of
tumor samples in the database. Nonetheless, the ratio of correctly to incorrectly
classified samples was favorable, and overall performance remained very good.
These results highlight that it is possible to classify even very small segments of
masks as healthy or pathological, which opens the possibility of scanning through
MRI volumes to quickly locate regions most likely to contain tumors.

For the SvCH dataset, results were slightly worse than those of SvAH. This
is partly because size is no longer implicitly captured, since the masks for the two
classes are of equal size. The dataset is also somewhat biased, as masks wereman-
ually translated to a healthy region, which limits realism. Despite these limita-
tions, all metrics pointed to strong generalization and robustness, with overall ac-
curacy and balanced accuracy consistently above 80%, and somemodels exceeding
90%. AUC-ROC scores, table C.3, are extremely promising, themaximum score for
each model ranged from 0.928 to 0.974, with CatBoost scoring 0.947 with only 10
features. These findings suggest that discriminating healthy tissue from patholog-
ical tissue is achievable with acceptable accuracy. Metrics are visualized in figures
C.16 to C.23.

Finally, the SvCH-SP dataset showed performance patterns similar to those
observed when comparing SvAH and SvAH-SP. Here, precision did not decline as
much, likely because this dataset is balanced with equal numbers of samples from
each class. Performance was generally stable across models and feature counts,
with differences usually within 10% across all metrics. Accuracy and balanced
accuracy were slightly lower compared to the SvAH-SP dataset, but this may be
explained by the fact that SvAH-SP containsmore patients, and thusmore training
data, which aids generalization. Metrics are visualized in figures C.24 to C.31.

Taken together, these results demonstrate that sarcoma can be distinguished
from healthy tissue at multiple scales, ranging from very small segments many
times smaller than the tumor itself to full tumor masks spanning an entire image
slice.
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4.5.6.2 Grade Classification

For the Grade dataset, the highest AUC-ROC score was achieved by the SGDClas-
sifier at 0.690 using 60 features. These scores are not nearly as high as those ob-
tained for tissue classification, this is not surprising given the greater difficulty of
the task. The amount of training data is much smaller: tissue classification in-
cluded at least twice as many samples across all cases. Class imbalance further
complicates learning, with only 19 grade 1 cases and 16 grade 2 cases compared to
66 grade 3 cases. With so few examples of grades 1 and 2, the models may not be
able to capture or explain the variance between classes. The dataset structure also
adds difficulty, as data are split slice-wise; at the edges of the tumor volume, slices
may contain little or no useful information for grading. Importantly, FNCLCC
grading is strongly dependent on biopsy results, which are not included here and
cannot be directly inferred from image transforms or radiomic features. Neverthe-
less, there is some evidence of correlation: model accuracy and balanced accuracy
consistently exceeded chance levels, as shown in figures C.32 and C.33. Macro
metrics (figures C.34 to C.36) also show that F1-score, precision, and recall were
often above the baseline of 0.33. Still, the overall performance is not sufficient to
draw strong conclusions beyond noting that extracted radiomic features do carry
some information related to FNCLCC grade that can be partially explained and
used by different models for classification.

For the Grade-SP dataset, the highest AUC-ROC score was again achieved by
the SGDClassifier, reaching 0.670 at 10 features. While this score is modest, it sug-
gests that models can still explain some variance between grades using radiomic
features alone. Interestingly, most models performed best at 10 features. Per-
formance varied considerably across models, as shown in figures C.40 to C.47,
with accuracy differences of up to 20% between the best and worst performing
approaches. The highest balanced accuracy was obtained by RidgeClassifier at 10
features, reaching 51.5%, though its overall accuracy was similar to other models.
Conversely, LightGBM reached the best overall accuracy of 70.5%with 10 features,
but its balanced accuracy dropped to 37.6%, suggesting a clear bias toward thema-
jority class.

Overall grade classification has proven to be very difficult given the input data
and the task. The extracted radiomics features fromMRI scans of sarcoma tumors
are not sufficient for diagnosing grade reliably. There are possible explanations
for this. FNCLCC grade is heavily dependent on biopsy results, that information
is not inferred or deduced from image transform and radiomic features, using the
described pipeline of this research. The diagnosed grade is not necessarily 100%
accurate, as has been discussed [35]–[37], grading is very subjective and prone to
error, errors in gradingwould propagate down the pipeline and could be detrimen-
tal to classification metrics.

The studies discussed in section 4.1.4.2 found better correlation with severity
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and grade than these results. Possible explanations include the general use of stan-
dardized imaging protocols, relatively small patients cohorts, and fact thatmost re-
search focuses on a single sarcoma type. As different sarcoma types have different
radiomic signatures, as is evident from the sub-group classifications, constraining
the pipelines to specific types could result in different optimal feature sets to per-
forming grading. The potential benefits are that trainedmodels would not need to
generalize and explain variance of all sarcoma, but could focus on explaining dif-
ferences between phenotypically similar sarcoma. The literature shows that often
times fewer than 10 features were needed to accurately and robustly discriminate
patient grade, not evident in the presented results, as often times model metrics
suffered at 10 features.

4.5.6.3 Sup-Group Classification

For sub-group classification using whole masks (SG dataset), performance was
notably stronger than for grade classification, though still below the very high lev-
els seen in tissue classification. Across models, AUC-ROC scores ranged between
0.790 and 0.863 depending on the number of features (table C.7). Logistic Regres-
sion and Ridge Classifier achieved the top results, with logistic regression peaking
at 0.848 with 134 features and Ridge Classifier reaching the highest score over-
all at 0.863 with 149 features. Other models, including XGBoost and CatBoost,
consistently performed above 0.80, while Random Forest generally trailed slightly
lower.

Accuracy results (figure C.48) were stable across models, typically around 70-
80%. Balanced accuracy (figure C.49) highlighted class imbalance effects, with
Ridge Classifier maintaining values near or above 75% while most other models
hovered closer to 70%. Macro-averaged F1-scores and precision/recall values (fig-
ures C.50-C.52) support this pattern, showing that models differed in how well
they captured minority versus majority sub-groups.

For sub-group classification using masks processed with super pixels (SG-SP
dataset), performance was slightly lower but broadly consistent across models.
The best AUC-ROC values for each model (table C.8) ranged from 0.750 to 0.802,
with the strongest results coming fromSGD classifier (0.802 at 100 features), Ridge
Classifier (0.0.792 at 206 features), and logistic regression (peaking at 0.793 at 149
features). Accuracy (figure C.56) and balanced accuracy (figure C.57) both stabi-
lized around 70-72%, with less variation between models than in the SG dataset.
Macro-averagedmetrics (figures C.58-C.60) showed that themodels handled class
imbalance relatively evenly, though without the higher peaks observed for Ridge
Classifier in the whole-mask setting. As in the SG dataset, several models per-
formed well, even with relatively few features, reinforcing the idea that subgroup
classification dependsmore on a small set of discriminative radiomic features than
on the full feature space.
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Overall, these results suggest that sub-group classification is feasible but re-
mains challenging. Whole-mask classificationusing the SGdataset achieved stronger
performance, with AUC-ROC values peaking above 0.85 and accuracy levels near
80%. The approach using the SG-SP dataset produced slightly lower results, with
AUC-ROC values mostly below 0.80 and overall accuracy closer to 70-72%. While
both approaches demonstrate that radiomic features containmeaningful informa-
tion for distinguishing sarcoma sub-groups, the difference highlights a trade-off:
whole-mask features capture more global characteristics useful for classification,
whereas super-pixel features offer finer granularity but may dilute the global sig-
nals needed for robust subgroup prediction.

4.5.6.4 Habitat Classification

Grade predictions using habitat features performed slightly worse overall com-
pared to the standard radiomics-based approaches. The highest AUC-ROC score
was achieved by SGD classifier with 14 features at 0.591 (table C.9). LightGBM
also performed competitively, peaking at 0.579 with 5 features. Although these
scores remainmodest, they consistently exceeded randombaseline, indicating that
habitat-derived features do capture some signal related to tumor grade.

The evaluation metrics in figures C.66-C.68 highlight considerable variation
between models. XGBoost, in particular, often achieved stronger micro-averaged
performance at low feature counts, suggesting that it was able to capture more of
the dominant class signal compared to other models. LightGBM, random forest
andCatBoost also showed relatively stablemicro F1-scores and recall values across
different feature subsets.

The large spread in performance across models and feature counts points to
instability in predictions and emphasizes the difficulty of the task. Unlike tissue
classification or subgroup prediction, grade is inherently tied to histological prop-
erties (e.g., mitotic index, necrosis, cellularity) that are not directly captured by
imaging features alone. Still, the fact that several models consistently performed
above chance demonstrates that habitat-level information encodes biologically rel-
evant signals related to grade, even if insufficient for clinically reliable predictions
in the present dataset.

Sub-group classification showed somewhat better results using habitats com-
pared to grade classification. The best performing model was the SGD Classifier
using 18 features, achieving anAUC-ROC score of 0.707. Othermodels performed
comparatively at few features, random forest displayed the worst performance.
Reviewing the metrics in Figures C.72 to C.79, it is clear that XGBoost and Light-
GBMgenerally outperformed the othermodels acrossmostmetrics, particularly in
micro-averaged F1-score and precision, where they consistently remained above
baseline. Balanced accuracy peaked at 64.0%, which is still relatively low for clin-
ical applicability and lower than radiomic sub-group classification results. These
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results highlight that habitats capture meaningful patterns relevant to sub-group
differentiation, though the signal remains weak.

Overall, habitats do show potential for application in sarcoma diagnostics, but
their effectiveness appears sensitive to the choice of features and dataset charac-
teristics. In this work, the features used to generate habitats were selected based
on prior literature, which often builds on datasets collected under standardized
imaging protocols and single sarcoma type. These conditions can emphasize cer-
tain radiomic properties that may not generalize directly to the IceSG database,
where acquisition protocols and patient variability introduce additional variance.
As a result, the chosen features may not represent the optimal set for constructing
habitats in this context. Incorporating feature sets identified through systematic
feature selection analyses could therefore improve habitat grade classification per-
formance. Similarly, sub-group habitats were derived using the same feature set
as for grade classification, even though the underlying biological distinctions be-
tween sub-groups may rely on different imaging characteristics. A dedicated fea-
ture selection workflow tailored specifically to sub-group prediction could yield
more informative habitats and lead to stronger model performance.

4.5.6.5 Final Take

There are several limitations inherent to the IceSG database that likely contributed
to the challenges observed in classification. The most pressing is the small sample
size, which results in poor representation of FNCLCC grades 1 and 2. Grade 3
tumors are also generally larger, meaning that on average they contribute more
slices and super pixels per patient. This exacerbates the imbalance, as the models
are exposed to disproportionatelymore grade 3 data compared to the lower grades.
A similar issue is present in sub-group classification, where there were 65 soft
tissue sarcoma (STS) cases but only 27 bone sarcoma (BS) cases, again biasing the
dataset toward one class.

Another factor is the lack of standardized imaging protocols. Variability in
acquisition introduces differences in texture, intensity, and resolution that are un-
related to grade or subtype, and have been shown to create issues in comparing
radiomics feature values [109], [112]. This additional variance reduces the ability
of classifiers to generalize. Image corruption, scanner noise, motion artefacts, and
other technical drawbacks further degrade robustness by obscuring or distorting
relevant tumor information.

Itmust also be noted that sarcoma behavior and severity are heavily influenced
by gene expression, which is not captured by radiomic features alone. For exam-
ple, one patient in the IceSG dataset was initially diagnosed as FNCLCC grade 1
but experienced multiple relapses; the grade was later manually revised to grade 3
to reflect its clinical severity. This case highlights both the imperfection of the FN-
CLCC systemand the risk of label noise in small datasets, where just a fewmisclas-
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sified patients can strongly impact model training and evaluation. Incorporating
genetic data could address this issue, as several studies have demonstrated associ-
ations between gene signatures and sarcoma aggressiveness [43]–[45]. Similarly,
image-derived features from biopsy samples could complement radiomic features
by providing the histological information that FNCLCC explicitly relies on.

Given these limitations, it may be worth questioning whether FNCLCC grade
itself is the optimal prediction target. One alternative could be the development
of a severity index derived directly from clinical outcomes, such as overall sur-
vival, recurrence-free survival, and cause-specific mortality. Such an index could
serve as amore robust endpoint for training predictivemodels andmay yield better
generalizability than grading alone. Beyond grading, radiomic features could also
be leveraged for treatment guidance. By combining imaging features with demo-
graphic data and records of past treatment responses, machine learning models
could potentially support personalized therapy recommendations, aligning pre-
dictive modeling more directly with clinical decision-making.

With the introduction of more models than simply random forest [100], [158],
improvements were hard to miss. For tissue classification in the SvCH dataset, all
models had a higher AUC-ROC than random forest. There was no one model that
out performed the rest for all tasks, emphasizing the complexity of the datasets
and their inherent variance. This behaviour hints that specific models may be
more suited than others for performing specific tasks, although the degree of vari-
ance betweenmodel performance in the same classification task is often times very
minimal and not significantly large enough to draw any concrete conclusions.

Choosing optimal models can be a very subjective task and depends on many
variables, for simplicity one might choose a model that performs slightly worse,
but has fewer features making processing easier. The power of the robustness of
decision-tree models with few features is the low computational load required,
and can be run on nearly any CPU. Therefore with smaller models, the ease of
access can be a big selling point. Fewer features alsomake analyzing the respective
models a much simpler task, which tackles the general public’s issues with large
black boxes of machine learning models, where the inner workings are difficult to
explain in human terms.

4.5.7 SarcomaManager

The easiest way to quantify model performance is visually, as there are too many
patients, features and data to go through manually. Therefore, a small program
was designed in order to view data, the Sarcoma Manager. The program allows
the user to browse through all patient scans, displaying images, masks and super
pixels displayed after needs, as well as model classification results. Using this soft-
ware, it is much easier to see where models perform well and where they do not.
Figure 4.40 displays an open case, at the top the user can select the patient, per-
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spective and ML model that they want. The top left image displays the raw image
slice, to the right of the image, the user can toggle the visibility of different masks
and SPs. Patient information is displayed beneath the mask and SP toggle buttons
with predicted values displayed beneath the patient information. The prediction
section is set up to showhowdifferentmodels andmethods classify the patient. SP
means that the predictions were made using super pixels, otherwise they are pro-
cessed using masks. Pooled means that predictions were aggregated for all slices
and the mean was taken. Majority vote means that each prediction casts a vote to
the likeliest class and the most voted class is displayed. Slice means that informa-
tion was taken on a per slice basis, so only based on the image displayed.

𝐺𝑟𝑎𝑑𝑒(SP, pooled) = 1
𝑁 ∑

𝑠𝑙𝑖𝑐𝑒𝑠
∑
𝑆𝑃
𝑃(Grade 1) + 2𝑃(Grade 2) + 3𝑃(Grade 3) (4.17)

Figure 4.40: Sarcoma Manager.
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So, sum the probabilities of each grade for every SP in every slice and divide by the
number of samples.

𝐺𝑟𝑎𝑑𝑒(SP, slice) = 1
𝑁 ∑

𝑆𝑃
𝑃(Grade 1) + 2𝑃(Grade 2) + 3𝑃(Grade 3) (4.18)

Sum the probabilities of each grade for every SP on the current slice and divide
by the number of samples. These 2 metrics can be descriptive, as the show the
general distribution of sample classification, but due to lacking accuracy, are not
the best metrics to view for diagnosing grade.

Below themain image are 3more images, the leftmost image shows a heatmap
of the chosen tissue classifier. Blue shows low response to sarcoma tissue, and red
shows high response to sarcoma tissue. Viewing the classification in this man-
ner helps in seeing where the model performs well and where not, and has the
added benefit of showing the likelihood of a sarcoma tumor within regions. The
middle image shows the probabilities of the selected sarcoma grades in SPs and
the right image shows the generated habitat. After selecting a patient and per-
spective, pressing the ”Process” button inferences the different classifiers of the
selected model.

The software makes comparing different patients, perspectives, models, and
classifiers much easier. Figures 4.41 to 4.46 show examples of patients displayed
in the Sarcoma Manager program. Example 1 in figure 4.41 shows that the tissue
classifier often mistakes the outer layer of fat as sarcoma, as well as some of the
bone SPs, and there is very little response from the actual tumor region, the raw
image itself does not offer much contrast, and little heterogeneity is observed in
the tumor region. The sub-group classification was correct, except for the habitat
sub-group classification. The grade was accurately predicted using amajority vote
and using the whole sarcoma mask on the visible slice, but habitats and other
grade measures did not classify correctly.
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Figure 4.41: Example 1 of a patient viewed in the Sarcoma Manager program.

Figure 4.42: Example 2 of a patient viewed in the Sarcoma Manager program.
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Figure 4.43: Example 3 of a patient viewed in the Sarcoma Manager program.

Figure 4.44: Example 4 of a patient viewed in the Sarcoma Manager program.



4.5. Discussion 137

Figure 4.45: Example 5 of a patient viewed in the Sarcoma Manager program.

Figure 4.46: Example 6 of a patient viewed in the Sarcoma Manager program.
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Figure 4.42 shows a slightly better heat map, in this case the sarcoma region is
slightly more red than the surroundings, although there was again high response
with the outer fatty layers and sarcoma. The sub-group was incorrectly classified
in all cases and grade was correctly classified only using the current slice mask
and with habitats. Visually, the raw image slice is a bit blurred and the region
surrounding the tumor is quite visually similar to edema, possibly explaining the
high resonance to sarcoma in that region.

Figure 4.43 displays a case of grade 3 STS, the raw image has quite bad light-
ing and provides little visual heterogeneity in the tumor. The heatmap shows very
little resonance to sarcoma on the tumor region, although gradewas correctly clas-
sified by the majority vote, and the slice grade. Sub-group was also correctly clas-
sified for by the pooled SPs of the whole tumor and the pooled masks of the whole
tumor. Habitats did not correctly classify this patient’s scan.

Figure 4.44 displays a patient suffering from chondrosarcoma, a type of bone
sarcoma and a diagnosed grade of 3. Grade was correctly classified only by the
displayed slice’s mask and sub-groupwas correctly classified using SPs andmasks.
None of the other classifications were correct.

Figure 4.45 displays another case of chondrosarcoma, this time of grade 1. Vi-
sually, the raw image offers very much contrast between the region of interest
and surrounding tissue, although tumor sub-regions are relatively homogenous
in pixel intensity. The image has fat suppressed, and it can be seen that fat SPs
show little probability of being classified as sarcoma. The heatmap is very red in
the sarcoma region, showing very distinctly where the tumor lies. The grade was
not correctly predicted, all leaning towards grade 2. The sub-group was correctly
classified by the pooled SPs and by habitats.

Figure 4.46 shows a patient diagnosed with grade 2 STS. The heatmap shows
clear distinction from the surrounding tissue, although a few SPs with relatively
high intensity show high probability with being sarcoma SPs, likely explained by
their resemblance to edema. The grade was correctly classified in all cases, but
sub-group was misclassified in all cases.

These are a few examples of how the different classifiers for tissue, grade and
sub-group behaved given a single slice on 6 patients. It can be difficult to draw any
concrete conclusions from these images alone, but some patterns do emerge. Fat
suppression seems to help the model correctly classify outer fatty layers as healthy
anatomy, image quality seems to affect classification results. T1 weighted seems
to outperformT2 images, possibly explained by the difference in contrast and sub-
region quality of these examples. Contrast media usage cannot be displayed, as
this information must be manually fetched from images in the database. It is dis-
played only in some JPEG images of scans, but not consistently. Therefore, draw-
ing conclusion on contrast media usage is difficult, but generally it does add more
contrast and emphasis on the tumor region. The results of the classifiers hint that
if a study is designed with the intent to use machine learning to diagnose patients,
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Figure 4.47: The roadmap towards deployment.

then the best imaging protocol for gathering patient data would be T1 weighted
with fat suppression on for tissue classification. For grade and sub-group classifi-
cation, it appears that imaging protocols that emphasize tumor heterogeneity and
sub-regions fare better, at least when compared to those cases where little hetero-
geneity and sub-region contrast is visible.

4.5.8 Roadmap to Deployment

The current framework takes as input DICOM image files across multiple patients
and scans, coupled with associated patient metadata regarding their sarcoma di-
agnosis and staging. These data are processed into feature value tables through
the described pipelines, from which machine learning (ML) models are trained
to predict an output class: tissue, grade, or sub-group. Figure 4.47 outlines the
conceptual roadmap for deploying the trained models in a clinical setting.

By pushing all patients in the IceSGdatabase through the standardized pipelines,
a collection of trained ML models is obtained. When a new patient requires sar-
coma assessment, a trained professional would first produce the segmentation
masks for that patient’s scan. The raw DICOM images and corresponding masks
would then be passed through the post-processing steps described earlier to gen-
erate the same feature tables used duringmodel training. These tables would then
be forwarded to the appropriate ML models for inference, producing diagnostic
predictions that can assist in clinical decision making.

In practice, a new clinical protocol would be established for incoming patient
data. MRI acquisition parameters should follow the configuration that provided
the most consistent radiomic information during development, specifically, T1-
weighted sequences with fat suppression. Ensuring protocol consistency is essen-
tial for reliable feature extraction and cross-site reproducibility. As model perfor-
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mance improves, segmentation could transition from manual to semi-automatic
or fully automatic workflows. Once a robust tissue classifier is trained to clini-
cal standards, operator interaction could be limited to reviewing or approving the
automatically generated segmentation, while the remainder of the process runs
without user input.

For deployment in a clinical environment, the pipeline could be integrated di-
rectly with the PACS system via a DICOM interface. A local inference server or
containerized application could listen for new studies, automatically trigger pro-
cessing, and return results as secondary capture DICOM images or structured re-
ports viewable within existing radiology software. This type of setup would allow
clinicians to request a “sarcoma analysis” directly from the PACS viewer without
manually exporting data.

To assess readiness for clinical translation, inference speed should also be eval-
uated. The benefit of the many of the models such as XGBoost and logistic regres-
sion classifiers is that they are very lightweight and can be run on nearly any CPU,
this ensures thatmodel inference is fast and accessible. Optimizations such as pre-
caching imagemetadata, GPU-accelerated feature computation, or lightweight en-
semble models could further reduce latency.

Deployment, however, should only proceed once each ML model performs at
or above clinical competence for its respective classification task and has been val-
idated on independent, prospective cohorts. Even then, such tools should be used
cautiously, as decision-support systems rather than autonomous diagnostic tools,
since predictive errors can have clinical consequences. Continuous monitoring,
feedback loops, and periodic retraining with new patient data would be essential
parts of the deployment roadmap to maintain accuracy and reliability over time.
ML models should also be trained on more diverse data to reduce biases, as the
data used in this work is gathered only in Iceland it may not reflect international
demographics and may therefore be indirectly biased in classification. To ensure
unbiased and ethical practices, models must be trained on data with multiple in-
ternational points of origin.

4.5.9 Improvements

Many improvements can be made to all the pipelines and workflows presented in
this research. Including features for MRI protocol could help models grasp the
variance between tumor presentation in MR images, for example, models often
times misclassify fatty tissue as tumor instead of healthy anatomy when fat sup-
pression is turned off. Including a boolean feature for fat suppression could aid
models, as they would then expect certain response from fatty tissue which could
be more accurately classified. Also, contrast varies depending on the protocol, in-
cluding features for contrast would help models as they would expect a certain
type of contrast and therefore response of certain features. The tree based algo-
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rithms (XGBoost, LightGBM, CatBoost, RandomForest), could make splits early
on in the decision trees based on protocol features. Other meta data features such
as perspective could also aidmodels, as the appearance of anatomy is very different
depending on perspective, at least when comparing axial against coronal or sagit-
tal, currently the models must account for the differences using only numerical
features, this could decrease the load on the models.

Resampling the raw input images and respectivemasks for the radiomics com-
ponents could lead to better results. Resampling has been shown to significantly
improve model performance in radiomics [159], implementing resampling for the
radiomics based datasets could therefore improve model classification results of
these works and should be tested.

There are certainly many improvements that can be made in the habitat gen-
eration pipeline. A round of feature selection to find the best features that cor-
relate with grade could be included, by using the defined feature selection in the
radiomics section, but applied in 3D. Although, this could prove difficult as size
scales highlight different features as has been shownwhen comparing the selected
features with and without SPs. Using different feature sets could also potentially
improve sub-group classification. Overall, habitats show much potential in sar-
coma diagnostics, but need much work to improve model robustness.

None of the applied workflows took context into account, or what the sur-
roundings look like. Allmodels only have information containedwithin themasks
or habitats. If the neighborhood of the data were taken into account then mod-
els could be improved. For example, layers of fat often times appear on the outer
layers, closest to the skin, if models could see how far a specific SP is from the
edge of anatomy, it could classify with higher accuracy that the tissue is healthy.
Also, as different sarcoma sub-types develop in different regions of anatomy, hav-
ing knowledge of the surrounding region could help in classifying sub-groups, e.g.
bones have different radiomic values thanmuscle, if the tumor originates in bone,
then the neighbors should have high resonance with bone features, making clas-
sification easier.

Introducing more classes of anatomy could also improve model performance.
Currently, there is only healthy and pathological tissue masks, and healthy tissue
can often times visually resemble heterogeneous sarcoma tumors. That means
that the range in variance of healthy tissue is very high and may encapsulate the
radiomic feature ranges of sarcoma tissue in many cases. Including masks for
other anatomy can help models grasp the subtle differences in varying anatomical
structures and improve classification performance.

Combining radiomics features with habitat features could also improve per-
formance. From classification results, it can be seen that habitat and radiomic
classifiers are not always in agreement, hinting that they are grasping different in-
formation. Although, habitats work in 3D and radiomics in 2D, so whether or not
there is different information in habitats than in radiomics is difficult to confirm.
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The current workflows are also designed to work in only 2D or 3D, and therefore
would need to be reformulated in order to combine radiomics and habitats.

The use of other clinical data could improve model performance. The biopsy
images that are used for the FNCLCC grading guidelines contains vital informa-
tion to tumor grade, including these images and extracting radiomic features has
the potential to boost grade classification. Genomic data, has also been shown to
improve classification of sarcoma, and it would be interesting to see if its inclusion
could boost classification accuracy. Unfortunately, neither biopsy or genomic data
is available for the patients included in the IceSG database.

The radiomic workflows should also be tested in 3D. In the presented works,
all radiomic tasks were performed in 2D and on a slice-wise basis, it stands to rea-
son, that a single slice does not contain enough information to accurately diagnose
grade, but that isn’t necessarily true for the 3D case. Features would be extracted
from the tumor volume and go through a similar pipeline as described. It would
also make it easier to combine habitat data as the input images and masks are
identical and on the same scale. The difficulties in performing the method this
way is that there are only 195 scans available and more than a thousand features
to choose from, having such a low sample to feature ratio could introduce a lot of
difficulties in feature selection as models generally require orders of magnitude
more samples than features.

Model hyperparameter fine-tuning [160]was not implemented in this this pipe-
line. Somemeta explorations in fine-tuningmodels weremade and only produced
incremental improvements tomodelmetrics,< 2% andwas therefore not justified,
as tuning requires multiple training cycles and some classifiers such as random
forest train very slowly on many of the datasets. If model training time is reduced
and higher metrics are achieved through other improvements, then fine-tuning
becomes justifiable, especially if deployed in a clinical setting. In this case, a grid
search of ML model initialization parameters can be done in an attempt to boost
metrics. If models are used in clinical practice then even slight improvements can
only benefit the patients down the line and therefore fine tuning becomes imper-
ative.

Splitting the pipelines based on sarcoma types might also offer benefits. In
this case a model could focus on explaining the variance of phenotypically simi-
lar cases, instead of having to explain differences on the whole range of sarcoma.
Different feature sets might be selected depending on sarcoma type, resulting in
more specialized predictive capabilities.

4.5.10 Notable Attempts

Many attempts at different methods were tested, and not included in the works.
Combining grades 1 and 2 into a set and classifying grade against class 3 did not
have any noticeable improvements to overall metrics. There was an attempt to ex-
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tract habitat features in 2 dimensions which gave bad results, using the extracted
2D habitat features with radiomic features also gave bad results. Habitats worked
best in 3 dimensions, and therefore radiomic features should also be extracted in
3D and tested. There were early attempts at using artificial neural networks ap-
plied to the radiomic feature data, but those results were always outperformed by
tree methods. U-nets, neural network models designed for segmentation tasks,
were also attempted to see how well they could segment and classify healthy from
pathological tissue, but unfortunately lacked enough data to perform well at all
and required too much computing power to be deemed reasonable for use.
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Chapter 5

Conclusion and Future Directions

These works show that novel computer algorithms and technology has the po-
tential to support clinical diagnosis and staging of varying sarcoma. The results
indicate that it is possible to teach MLmodels to distinguish between healthy and
pathological tissue at different size scales, opening up the possibility of automated
pathways to anatomical searches for sarcoma. The results of FNCLCC grading
using ML models also hints at much potential, trained models performed ade-
quately enough to conclude that correlations exist between input radiomics data
and grade. The performance of models when predicting sarcoma sub-group also
shows potential, even with very few cases of the minority class, performance met-
rics were relatively high.

Overall, ML displays a large potential in the medical field. With the right
quality and magnitude of data, coupled with a robust pre-processing and training
pipeline, many factors can be predicted through non-invasive imaging techniques.
Although the performance may not be adequate for clinical implementation, de-
velopment in this field may soon lead to computer algorithms that can accurately
diagnose patients to an acceptable degree.

While the works presented establish a foundation for understanding diagnos-
tics, characterization and grading of sarcoma using AI, several opportunities exist
for further future development. These include:

• The addition of meta-data features such as the used MRI protocol for each
scan can help models account for visual differences caused by the MRI ma-
chines.

• Increasing thenumber of segmentationmask types to include other anatomy
such as fat, organs and bone.

• Incorporating more patients in minority classes such as grade 1 and 2, as
well as instances of bone sarcoma.
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• A deeper analysis on habitat building radiomic features.

• Developing amethod for analyzing patients and tumors using both radiomic
features and habitat features simultaneously.

• Improving and testing parameter choices for models and functions.

• Implementing spatial context into the learning models.

• Applying the pipelines to specific sub-groups independently.
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Appendix A

Image Transforms

Image transforms are the backbone of the feature generation step.

Wavelet Transform

The general wavelet transform is defined by equation A.1.

𝐹(𝑎, 𝑏) = ∫
inf

− inf
𝑓(𝑥)𝜓∗(𝑥)𝑑𝑥 (A.1)

In equation A.1, ∗ represents the complex conjugate and 𝜓 is some function
that follows certain rules. The specific wavelet function used is the discrete Haar
wavelet transform which is given by a sequence of equations. First the high- and
low-pass filters are defined as

Low-pass filter

ℎ = [ 1
√2

, 1
√2

] (A.2)

High-pass filter

𝑔 = [ 1
√2

,− 1
√2

] (A.3)

Example: low-pass filter applied to an arbitrary row

ℎ𝑟𝑜𝑤,𝑖 =
𝑓(𝑟𝑜𝑤, 2(𝑖 − 1)) + 𝑓(𝑟𝑜𝑤, 2𝑖)

√2
(A.4)

Where f(i,j) represent the pixel value in position (i, j) and ℎ𝑟𝑜𝑤,𝑖 represents the 𝑖𝑡ℎ
value of the low-pass filter vector if an arbitrary row. Similarly for the high-pass



168 Appendix A. Image Transforms

filter
𝑔𝑟𝑜𝑤,𝑖 =

𝑓(𝑟𝑜𝑤, 2(𝑖 − 1)) − 𝑓(𝑟𝑜𝑤, 2𝑖)
√2

(A.5)

The results from the first pass vertical pass of the filter is then applied horizontally
through the columns. Therefore, the resulting transformed image contains 1/4 of
the total pixels of the original image. The combination of high- and low-passes
therefore give 4 different quarter size images: high horizontal - high vertical, low
horizontal - low vertical, high horizontal - low vertical and low -horizontal - high
vertical, when considering 2-dimensional images.

Laplacian of Gaussian (LoG) Transform

The LoG transform is applied on an image stack, therefore given a pixel located
in position (x,y,z) of the stack and a smoothing parameter 𝜎 the LoG transform is
defined as

▽2𝐺(𝑥, 𝑦, 𝑧; 𝜎) = (
𝑥2 + 𝑦2 + 𝑦2 − 3𝜎2

𝜎4 ) ⋅ 𝐺(𝑥, 𝑦, 𝑧; 𝜎) (A.6)

where the Gaussian kernel 𝐺(𝑥, 𝑦, 𝑧; 𝜎) is given by

𝐺(𝑥, 𝑦, 𝑧; 𝜎) = 1
(𝜎√2𝜋)3

𝑒−
𝑥2+𝑦2+𝑧2

2𝜍2 (A.7)

Square Transform

The square transform of a pixel 𝑥 is given by

𝑓(𝑥) = (𝑐𝑥)2 (A.8)

Where
𝑐 = 1

√𝑚𝑎𝑥(|𝑥|)
(A.9)

Here𝑚𝑎𝑥(|𝑥|) denotes the value of the pixel with the highest intensity of the im-
age.

Square Root transform

The square root transform of a pixel with intensity 𝑥

𝑓(𝑥) = {
√𝑐𝑥 for 𝑥 ≥ 0
−√−𝑐𝑥 for 𝑥 < 0

(A.10)

Where
𝑐 = 𝑚𝑎𝑥(|𝑥|) (A.11)

Here𝑚𝑎𝑥(|𝑥|) denotes the maximum intensity of the transforming image.
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Logarithm Transform

Given a pixel with intensity 𝑥 of an image with highest intensity 𝑚𝑎𝑥(|𝑥|) the
logarithm transform is defined by

𝑓(𝑥) = {
𝑐 log(𝑥 + 1) for 𝑥 ≥ 0
−𝑐 log(−𝑥 + 1) for 𝑥 < 0

, where 𝑐 =
𝑚𝑎𝑥(|𝑥|)

log(𝑚𝑎𝑥(|𝑥|) + 1)
(A.12)

Exponential Transform

Given a pixel with intensity 𝑥 of an image with highest intensity 𝑚𝑎𝑥(|𝑥|) the
exponential transform is defined by

𝑓(𝑥) = 𝑒𝑐𝑥 , where 𝑐 =
log(𝑚𝑎𝑥(|𝑥|))
𝑚𝑎𝑥(|𝑥|)

(A.13)

Gradient Transform

Given a pixel in position (𝑥, 𝑦, 𝑧) and its intensity𝑓(𝑥, 𝑦, 𝑧), then the gradient trans-
form of an image is given by

|▽𝑓(𝑥, 𝑦, 𝑧)| =
√
(
𝜕𝑓
𝜕𝑥)

2
+ (

𝜕𝑓
𝜕𝑦 )

2
+ (

𝜕𝑓
𝜕𝑧 )

2
(A.14)

Where in the discrete format the partials are defined as

𝜕𝑓
𝜕𝑥 ≈

𝑓(𝑥 + 1, 𝑦, 𝑧) − 𝑓(𝑥 − 1, 𝑦, 𝑧)
2 (A.15)

and is similarly defined for 𝑦 and 𝑧.

Local Binary Pattern (LBP2D) Transform

The local binary pattern (LBP) transform is a method for encoding local texture of
an image through comparison of intensities in a fixed window, typically a 3 × 3
window.

For a central pixel with intensity 𝐼𝑐, and its surrounding 𝑃 neighbors 𝐼𝑝, the
binary comparison is defined as:

𝐿𝐵𝑃(𝑥, 𝑦) =
𝑃−1
∑
𝑝=0

𝑠(𝐼𝑝 − 𝐼𝑐) ⋅ 2𝑝 (A.16)

where

𝑠(𝑥) = {
1 if 𝑥 ≥ 0
0 if 𝑥 < 0

(A.17)
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Each comparison yields a binary digit, and the pattern formed is converted to
a decimal number by weighting each binary value with 2𝑝. The result is a local
texture descriptor value assigned to the central pixel.

For example, consider a 3 × 3 window:

[
50 55 52
49 53 54
51 50 48

]

Comparing each neighbor to the central pixel (53), the resulting binary pattern
is:

[
0 1 0
0 − 1
0 0 0

] ⇒ 010100002 = 8010

Where the subscripts denote the base system of the number: 2 for binary, 10 for a
base 10 system. The pattern of collecting the binary numbers is as follows:

[
𝑃0 𝑃1 𝑃2
𝑃7 𝐶 𝑃3
𝑃6 𝑃5 𝑃4

] ⇒ 𝑃0, 𝑃1, 𝑃2, 𝑃3, 𝑃4, 𝑃5, 𝑃6, 𝑃7

Where 𝑃𝑖 denotes a 1 or 0 determined by the intensity comparison. This LBP
is calculated for every pixel except border pixels, as a center pixel on a border will
not fulfill the required window size needed for the calculations. The resulting LBP
image contains the LBP code for each non-border pixel and serves as a compact
texture representation. LBP2D is especially useful for capturingmicro-texture pat-
terns in medical images and is invariant to monotonic grayscale changes.
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(a) Raw image (b) Wavelet-LL (c) Wavelet-LH

(d) Wavelet-HL (e) Wavelet-HH (f) LoG

(g) Square (h) Square Root (i) Logarithm

(j) Exponential (k) Gradient (l) LBP

Figure A.1: An example of all transforms applied to a single medical image slice
of sarcoma.
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Appendix B

Simple Linear Iterative Clustering
(SLIC)

SLIC is an algorithm used for segmenting an image or a mask on an image into
multiple sub regions based on five dimensions: 3 color channels, and 2 spatial
dimensions. The cluster search is limited by parameters to keep its search local,
making it a very efficient algorithm for generating super pixels (SP). Originally
developed by Achanta et al. in 2012 [53] it has seen much use and success in the
field of computer vision.

The algorithm takes in as an input a value 𝐾 which represents the number
of desired SPs from the image. With an image with a total of 𝑁 pixels, this gives
each SP a size of approximately𝑁/𝐾 pixels and also defines an approximate center
of each SP at 𝑆 = √𝑁/𝐾 intervals in both spatial dimensions fo the image. The
5-dimensional vector representing each pixel is given by

𝐶𝑖 = [𝑙𝑖, 𝑎𝑖, 𝑏𝑖, 𝑥𝑖, 𝑦𝑖]

Where the [𝑙, 𝑎, 𝑏] coordinates are a way to represent colors and intensity using 3
coordinates [161], and [𝑥, 𝑦] are the positions of each pixel. The SLIC algorithm
defines a 5D color-spatial distance 𝐷𝑆 as

𝑑𝑙𝑎𝑏 = √(𝑙𝑘 − 𝑙𝑖)2 + (𝑎𝑘 − 𝑎𝑖)2 + (𝑏𝑘 − 𝑏𝑖)2

𝑑𝑥𝑦 = √(𝑥𝑘 − 𝑥𝑖)2 + (𝑦𝑘 − 𝑦𝑖)2

𝐷𝑠 = 𝑑𝑙𝑎𝑏 +
𝑚
𝑆 𝑑𝑥𝑦

Where the parameter 𝑚 controls the weight given the spatial component the
distance measure, a low 𝑚 will group pixels of similar color together, whereas a
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Figure B.1: Example of the product of the SLIC algorithm applied to a medical
image

higher𝑚will createmore uniform (square) super pixels, this parameter is referred
to as the compactness factor. The subscripts 𝑖 in the equation represents an arbi-
trary pixel in the region of the cluster 𝐾.

The algorithm begins by initializing cluster centers 𝐶𝑘 = [𝑙𝑘, 𝑎𝑘, 𝑏𝑘, 𝑥𝑘, 𝑦𝑘] at
regular intervals (𝑆). Since, it is favorable to have intense edges in the image as the
boundary of SPs, the relative color gradients are calculated in a small 𝑛×𝑛 region
around the center 𝐶𝑘, where 𝑛 ≈ 𝑓𝑒𝑤 𝑝𝑖𝑥𝑒𝑙𝑠, and the spatial center is moved to
the position of the lowest gradient. Then for each cluster center, calculate the
best matching pixels in a 2𝑆 × 2𝑆 distance around the cluster center using 𝐷𝑠 and
recompute the new cluster centers and the residual error given by the L1 distance
between current and previous centers. This is repeated until a stable center is
found, or when the residual error is less than a defined threshold. Connectivity is
always enforced, meaning that each cluster produces only a single region. Figure
B.1 displays the end result of the slic algorithm applied to a medical image used in
these works, the red boundaries represents the boundaries of each SP.
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Results

C.1 Figures of Results

C.1.1 Tissue Classification

Figure C.1: Tissue classification accuracy: SvAH dataset
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Figure C.2: Tissue classification macro F1-score: SvAH dataset

Figure C.3: Tissue classification macro precision: SvAH dataset
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Figure C.4: Tissue classification macro recall: SvAH dataset

Figure C.5: Tissue classification micro F1-score: SvAH dataset
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Figure C.6: Tissue classification micro precision: SvAH dataset

Figure C.7: Tissue classification micro recall: SvAH dataset
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Figure C.8: Tissue classification accuracy: SvAH-SP dataset

Figure C.9: Tissue classification balanced accuracy: SvAH-SP dataset
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Figure C.10: Tissue classification macro F1-score: SvAH-SP dataset

Figure C.11: Tissue classification macro precision: SvAH-SP dataset
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Figure C.12: Tissue classification macro recall: SvAH-SP dataset

Figure C.13: Tissue classification micro F1-score: SvAH-SP dataset
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Figure C.14: Tissue classification micro precision: SvAH-SP dataset

Figure C.15: Tissue classification micro recall: SvAH-SP dataset
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Figure C.16: Tissue classification accuracy: SvCH dataset

Figure C.17: Tissue classification balanced accuracy: SvCH dataset
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Figure C.18: Tissue classification macro F1-score: SvCH dataset

Figure C.19: Tissue classification macro precision: SvCH dataset
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Figure C.20: Tissue classification macro recall: SvCH dataset

Figure C.21: Tissue classification micro F1-score: SvCH dataset
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Figure C.22: Tissue classification micro precision: SvCH dataset

Figure C.23: Tissue classification micro recall: SvCH dataset
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Figure C.24: Tissue classification accuracy: SvCH-SP dataset

Figure C.25: Tissue classification balanced accuracy: SvCH-SP dataset
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Figure C.26: Tissue classification macro F1-score: SvCH-SP dataset

Figure C.27: Tissue classification macro precision: SvCH-SP dataset
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Figure C.28: Tissue classification macro recall: SvCH-SP dataset

Figure C.29: Tissue classification micro F1-score: SvCH-SP dataset
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Figure C.30: Tissue classification micro precision: SvCH-SP dataset

Figure C.31: Tissue classification micro recall: SvCH-SP dataset
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C.1.2 Grade Classification

Figure C.32: Grade classification accuracy: G dataset

Figure C.33: Grade classification balanced accuracy: G dataset
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Figure C.34: Grade classification macro F1-score: G dataset

Figure C.35: Grade classification macro precision: G dataset
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Figure C.36: Grade classification macro recall: G dataset

Figure C.37: Grade classification micro F1-score: G dataset
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Figure C.38: Grade classification micro precision: G dataset

Figure C.39: Grade classification micro recall: G dataset
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Figure C.40: Grade classification accuracy: G-SP dataset

Figure C.41: Grade classification balanced accuracy: G-SP dataset
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Figure C.42: Grade classification macro F1-score: G-SP dataset

Figure C.43: Grade classification macro precision: G-SP dataset
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Figure C.44: Grade classification macro recall: G-SP dataset

Figure C.45: Grade classification micro F1-score: G-SP dataset



198 Appendix C. Results

Figure C.46: Grade classification micro precision: G-SP dataset

Figure C.47: Grade classification micro recall: G-SP dataset
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C.1.3 Sub-Group Classification

Figure C.48: Sub-group classification accuracy: SG dataset

Figure C.49: Sub-group classification balanced accuracy: SG dataset
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Figure C.50: Sub-group classification macro F1-score: SG dataset

Figure C.51: Sub-group classification macro precision: SG dataset
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Figure C.52: Sub-group classification macro recall: SG dataset

Figure C.53: Sub-group classification micro F1-score: SG dataset
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Figure C.54: Sub-group classification micro precision: SG dataset

Figure C.55: Sub-group classification micro recall: SG dataset
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Figure C.56: Sub-group classification accuracy: SG-SP dataset

Figure C.57: Sub-group classification accuracy: SG-SP dataset
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Figure C.58: Sub-group classification macro F1-score: SG-SP dataset

Figure C.59: Sub-group classification macro precision: SG-SP dataset
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Figure C.60: Sub-group classification macro recall: SG-SP dataset

Figure C.61: Sub-group classification micro F1-score: SG-SP dataset
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Figure C.62: Sub-group classification micro precision: SG-SP dataset

Figure C.63: Sub-group classification micro recall: SG-SP dataset
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Figure C.64: Grade classification accuracy using habitats

Figure C.65: Grade classification balanced accuracy using habitats
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Figure C.66: Grade classification macro F1-score using habitats

Figure C.67: Grade classification macro precision using habitats
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Figure C.68: Grade classification macro recall using habitats

Figure C.69: Grade classification micro F1-score using habitats
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Figure C.70: Grade classification micro precision using habitats

Figure C.71: Grade classification micro recall using habitats
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Figure C.72: Sub-group classification accuracy using habitats

Figure C.73: Sub-group classification balanced accuracy using habitats
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Figure C.74: Sub-group classification macro F1-score using habitats

Figure C.75: Sub-group classification macro precision using habitats
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Figure C.76: Sub-group classification macro recall using habitats

Figure C.77: Sub-group classification micro F1-score using habitats
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Figure C.78: Sub-group classification micro precision using habitats

Figure C.79: Sub-group classification micro recall using habitats
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C.2 Tables of Results

C.2.1 Tissue Classification

Table C.1: AUC-ROC score for all models and tested number of features for tissue
classification with all healthy against sarcoma masks. The highest score for each
model is in bold.

No. Features CB LGBM LR RF RC SGDC XGB

10 0.996 0.994 0.995 0.987 0.970 0.995 0.996
20 0.997 0.997 0.997 0.994 0.975 0.996 0.998
30 0.997 0.996 0.998 0.993 0.991 0.998 0.997
40 0.998 0.996 0.999 0.994 0.990 0.998 0.997
50 0.998 0.996 0.999 0.994 0.995 0.998 0.997
60 0.998 0.996 0.999 0.994 0.995 0.998 0.997
70 0.998 0.996 0.999 0.994 0.996 0.997 0.997
80 0.998 0.996 0.999 0.994 0.996 0.997 0.997
90 0.998 0.995 0.999 0.994 0.996 0.997 0.997
100 0.997 0.995 0.999 0.994 0.996 0.997 0.997
108 0.998 0.995 0.999 0.994 0.997 0.996 0.997
120 0.997 0.994 0.999 0.994 0.997 0.996 0.997
134 0.997 0.996 0.999 0.993 0.997 0.996 0.997
149 0.997 0.995 0.999 0.993 0.997 0.996 0.997
166 0.997 0.994 0.999 0.993 0.997 0.996 0.997
185 0.997 0.994 0.999 0.993 0.998 0.996 0.997
206 0.997 0.995 0.998 0.992 0.997 0.996 0.997
229 0.997 0.995 0.998 0.993 0.998 0.996 0.997
255 0.997 0.995 0.998 0.993 0.998 0.995 0.996
284 0.997 0.994 0.998 0.992 0.997 0.996 0.996
316 0.997 0.995 0.998 0.992 0.997 0.995 0.996
352 0.997 0.994 0.997 0.992 0.997 0.994 0.996
392 0.997 0.995 0.997 0.992 0.997 0.994 0.996
436 0.997 0.994 0.997 0.992 0.997 0.993 0.996
485 0.997 0.994 0.997 0.992 0.997 0.993 0.996
539 0.997 0.994 0.996 0.992 0.996 0.992 0.996
599 0.997 0.995 0.995 0.992 0.995 0.991 0.996
666 0.997 0.994 0.994 0.992 0.992 0.991 0.996
740 0.997 0.994 0.993 0.991 0.990 0.990 0.996
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Table C.2: AUC-ROC score for all models and tested number of features for tis-
sue classification with all healthy against sarcoma masks processed with SPs. The
highest score for each model is in bold.

No. Features CB LGBM LR RF RC SGDC XGB

10 0.863 0.860 0.838 0.838 0.811 0.815 0.852
20 0.874 0.877 0.844 0.856 0.826 0.846 0.865
30 0.883 0.878 0.848 0.863 0.831 0.858 0.876
40 0.883 0.878 0.855 0.864 0.846 0.868 0.878
50 0.884 0.879 0.861 0.866 0.851 0.870 0.880
60 0.884 0.880 0.862 0.867 0.858 0.872 0.880
70 0.884 0.880 0.866 0.867 0.860 0.873 0.882
80 0.885 0.879 0.872 0.867 0.861 0.872 0.880
90 0.885 0.879 0.873 0.866 0.863 0.874 0.879
100 0.884 0.880 0.875 0.866 0.864 0.874 0.878
108 0.884 0.880 0.875 0.866 0.868 0.874 0.879
120 0.883 0.880 0.875 0.866 0.867 0.874 0.877
134 0.883 0.879 0.877 0.866 0.871 0.874 0.878
149 0.882 0.878 0.876 0.865 0.873 0.874 0.879
166 0.882 0.878 0.878 0.865 0.872 0.873 0.879
185 0.882 0.879 0.879 0.865 0.874 0.872 0.878
206 0.881 0.878 0.878 0.865 0.875 0.876 0.877
229 0.881 0.877 0.879 0.865 0.875 0.874 0.878
255 0.881 0.878 0.880 0.865 0.875 0.871 0.879
284 0.880 0.878 0.880 0.864 0.875 0.873 0.877
316 0.881 0.877 0.881 0.864 0.876 0.870 0.878
352 0.881 0.877 0.880 0.864 0.878 0.870 0.877
392 0.881 0.878 0.879 0.864 0.878 0.866 0.876
436 0.880 0.877 0.879 0.864 0.878 0.871 0.876
485 0.880 0.877 0.879 0.863 0.879 0.872 0.876
539 0.881 0.877 0.879 0.862 0.879 0.876 0.876
599 0.880 0.877 0.878 0.863 0.878 0.873 0.877
666 0.880 0.877 0.879 0.862 0.878 0.867 0.876
740 0.880 0.877 0.878 0.862 0.877 0.871 0.876
823 0.881 0.876 0.877 0.862 0.877 0.869 0.876
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Table C.3: AUC-ROC score for all models and tested number of features for tissue
classification with comparable healthy against sarcoma masks. The highest score
for each model is in bold.

No. Features CB LGBM LR RF RC SGDC XGB

10 0.947 0.940 0.886 0.903 0.808 0.870 0.935
20 0.949 0.956 0.933 0.910 0.914 0.938 0.951
30 0.955 0.958 0.950 0.928 0.947 0.946 0.955
40 0.958 0.957 0.960 0.926 0.952 0.942 0.956
50 0.957 0.958 0.963 0.927 0.957 0.948 0.957
60 0.957 0.958 0.970 0.925 0.962 0.964 0.957
70 0.957 0.959 0.971 0.924 0.962 0.967 0.957
80 0.957 0.957 0.973 0.926 0.961 0.971 0.957
90 0.957 0.955 0.974 0.926 0.964 0.969 0.959
100 0.957 0.956 0.972 0.927 0.969 0.964 0.958
104 0.958 0.957 0.972 0.927 0.968 0.963 0.957
116 0.955 0.955 0.974 0.922 0.973 0.963 0.958
129 0.954 0.956 0.972 0.925 0.972 0.965 0.957
144 0.954 0.954 0.972 0.924 0.974 0.967 0.956
161 0.953 0.954 0.972 0.919 0.973 0.963 0.954
179 0.953 0.954 0.973 0.918 0.971 0.964 0.953
199 0.952 0.951 0.971 0.918 0.971 0.964 0.954
222 0.951 0.951 0.972 0.918 0.971 0.965 0.952
247 0.951 0.951 0.972 0.916 0.974 0.955 0.953
275 0.950 0.949 0.973 0.919 0.973 0.958 0.948
306 0.952 0.948 0.971 0.916 0.971 0.962 0.948
340 0.950 0.947 0.969 0.913 0.968 0.955 0.947
378 0.950 0.947 0.968 0.911 0.965 0.956 0.947
421 0.949 0.947 0.965 0.911 0.962 0.953 0.948
468 0.949 0.946 0.962 0.907 0.960 0.950 0.945
521 0.947 0.946 0.960 0.908 0.958 0.939 0.945
579 0.948 0.945 0.953 0.905 0.955 0.931 0.946
644 0.946 0.945 0.947 0.902 0.949 0.925 0.948
716 0.946 0.945 0.941 0.906 0.943 0.920 0.948
796 0.945 0.946 0.936 0.905 0.938 0.913 0.945
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Table C.4: AUC-ROC score for all models and tested number of features for tissue
classificationwith comparable healthy against sarcomamasks processedwith SPs.
The highest score for each model is in bold.

No. Features CB LGBM LR RF RC SGDC XGB

10 0.820 0.836 0.784 0.826 0.743 0.771 0.814
20 0.847 0.848 0.809 0.820 0.783 0.790 0.840
30 0.849 0.848 0.816 0.825 0.823 0.825 0.840
40 0.853 0.849 0.849 0.827 0.832 0.842 0.845
50 0.855 0.850 0.852 0.823 0.841 0.849 0.847
60 0.857 0.852 0.855 0.827 0.844 0.846 0.847
70 0.855 0.853 0.857 0.828 0.842 0.852 0.847
80 0.857 0.852 0.860 0.829 0.845 0.855 0.846
90 0.855 0.850 0.861 0.825 0.846 0.856 0.847
100 0.856 0.851 0.865 0.827 0.848 0.855 0.847
106 0.856 0.852 0.864 0.827 0.848 0.854 0.845
118 0.856 0.851 0.863 0.826 0.848 0.853 0.846
132 0.855 0.851 0.864 0.826 0.848 0.831 0.847
147 0.854 0.850 0.863 0.825 0.853 0.827 0.844
164 0.855 0.852 0.865 0.826 0.852 0.829 0.846
183 0.854 0.850 0.865 0.826 0.854 0.865 0.844
204 0.854 0.851 0.863 0.824 0.856 0.855 0.846
227 0.853 0.849 0.863 0.824 0.859 0.852 0.842
253 0.853 0.849 0.865 0.824 0.859 0.852 0.845
282 0.853 0.849 0.864 0.824 0.859 0.848 0.843
314 0.852 0.849 0.863 0.823 0.857 0.849 0.840
349 0.853 0.849 0.863 0.823 0.857 0.847 0.843
388 0.852 0.849 0.862 0.821 0.856 0.848 0.842
432 0.852 0.847 0.861 0.823 0.856 0.847 0.841
481 0.852 0.848 0.859 0.820 0.855 0.845 0.843
535 0.851 0.847 0.859 0.820 0.854 0.842 0.840
595 0.850 0.848 0.856 0.819 0.852 0.835 0.840
662 0.851 0.846 0.854 0.819 0.850 0.835 0.841
736 0.851 0.846 0.852 0.819 0.848 0.829 0.840
818 0.851 0.846 0.849 0.818 0.847 0.833 0.839
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C.2.2 Grade Classification

Table C.5: AUC-ROC score for all models and tested number of features for grade
classification with whole masks. The highest score for each model is in bold.

No. Features CB LGBM LR RF RC SGDC XGB

10 0.603 0.616 0.582 0.598 0.584 0.493 0.627
20 0.618 0.608 0.663 0.630 0.624 0.526 0.608
30 0.613 0.607 0.674 0.622 0.651 0.651 0.620
40 0.597 0.619 0.680 0.622 0.660 0.658 0.626
50 0.592 0.604 0.677 0.615 0.667 0.671 0.624
60 0.587 0.602 0.682 0.607 0.661 0.690 0.610
70 0.586 0.607 0.673 0.601 0.666 0.673 0.621
80 0.592 0.610 0.661 0.607 0.653 0.649 0.612
90 0.585 0.611 0.672 0.597 0.661 0.641 0.607
100 0.585 0.608 0.668 0.597 0.657 0.658 0.620
108 0.583 0.600 0.658 0.599 0.654 0.651 0.614
120 0.581 0.591 0.654 0.591 0.668 0.671 0.602
134 0.575 0.586 0.656 0.582 0.666 0.659 0.609
149 0.566 0.586 0.647 0.586 0.660 0.647 0.598
166 0.567 0.581 0.641 0.589 0.669 0.637 0.597
185 0.557 0.572 0.637 0.570 0.660 0.622 0.591
206 0.548 0.574 0.620 0.577 0.658 0.628 0.590
229 0.553 0.571 0.629 0.571 0.655 0.591 0.594
255 0.544 0.562 0.622 0.576 0.654 0.641 0.577
284 0.549 0.555 0.629 0.575 0.640 0.629 0.574
316 0.547 0.558 0.614 0.567 0.627 0.592 0.564
352 0.544 0.546 0.605 0.558 0.632 0.586 0.561
392 0.544 0.543 0.591 0.563 0.622 0.601 0.554
436 0.536 0.541 0.586 0.553 0.601 0.597 0.547
485 0.540 0.540 0.571 0.549 0.590 0.593 0.545
539 0.530 0.530 0.557 0.558 0.572 0.553 0.553
599 0.531 0.532 0.545 0.545 0.553 0.544 0.551
666 0.532 0.529 0.528 0.549 0.530 0.502 0.537
740 0.526 0.520 0.516 0.548 0.514 0.508 0.539
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Table C.6: AUC-ROC score for all models and tested number of features for grade
classification with masks processed with SPs. The highest score for each model is
in bold.

No. Features CB LGBM LR RF RC SGDC XGB

10 0.627 0.623 0.645 0.638 0.670 0.643 0.620
20 0.621 0.610 0.654 0.650 0.651 0.650 0.606
30 0.619 0.614 0.652 0.653 0.645 0.631 0.602
40 0.618 0.615 0.649 0.652 0.644 0.664 0.597
50 0.610 0.609 0.650 0.653 0.649 0.652 0.600
60 0.608 0.613 0.651 0.651 0.649 0.634 0.597
70 0.606 0.610 0.650 0.653 0.645 0.613 0.600
80 0.613 0.607 0.644 0.651 0.646 0.640 0.596
90 0.611 0.611 0.642 0.654 0.643 0.620 0.598
100 0.607 0.611 0.643 0.655 0.641 0.612 0.592
108 0.608 0.608 0.652 0.654 0.641 0.603 0.599
120 0.607 0.608 0.647 0.657 0.641 0.631 0.597
134 0.607 0.608 0.642 0.655 0.636 0.663 0.598
149 0.606 0.608 0.645 0.652 0.633 0.663 0.596
166 0.608 0.607 0.646 0.649 0.636 0.631 0.596
185 0.603 0.608 0.641 0.647 0.634 0.642 0.596
206 0.605 0.607 0.647 0.649 0.637 0.628 0.593
229 0.603 0.605 0.647 0.649 0.638 0.629 0.589
255 0.602 0.606 0.643 0.645 0.640 0.609 0.590
284 0.603 0.602 0.644 0.646 0.636 0.648 0.588
316 0.604 0.602 0.643 0.645 0.639 0.617 0.586
352 0.602 0.601 0.640 0.644 0.634 0.606 0.587
392 0.601 0.600 0.637 0.643 0.632 0.628 0.584
436 0.601 0.599 0.630 0.643 0.630 0.600 0.587
485 0.602 0.595 0.625 0.641 0.626 0.561 0.586
539 0.600 0.595 0.622 0.639 0.623 0.578 0.586
599 0.596 0.598 0.618 0.638 0.621 0.601 0.584
666 0.597 0.597 0.613 0.634 0.615 0.598 0.585
740 0.599 0.596 0.609 0.633 0.612 0.597 0.583
823 0.600 0.596 0.604 0.633 0.608 0.568 0.580
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C.2.3 Sub-Group Classification

Table C.7: AUC-ROC score for all models and tested number of features for sub-
group classification with whole masks. The highest score for each model is in
bold.

No. Features CB LGBM LR RF RC SGDC XGB

10 0.788 0.775 0.772 0.772 0.775 0.735 0.790
20 0.800 0.794 0.751 0.788 0.779 0.728 0.812
30 0.807 0.797 0.823 0.784 0.811 0.715 0.822
40 0.803 0.794 0.828 0.790 0.806 0.759 0.811
50 0.809 0.804 0.812 0.779 0.795 0.798 0.815
60 0.804 0.811 0.840 0.780 0.820 0.786 0.808
70 0.803 0.811 0.838 0.775 0.822 0.749 0.804
80 0.803 0.802 0.834 0.778 0.818 0.825 0.798
90 0.795 0.808 0.839 0.775 0.839 0.799 0.802
100 0.796 0.795 0.844 0.774 0.850 0.809 0.782
108 0.798 0.796 0.832 0.776 0.859 0.837 0.789
120 0.792 0.793 0.846 0.769 0.860 0.826 0.790
134 0.781 0.790 0.848 0.778 0.858 0.825 0.770
149 0.780 0.782 0.842 0.762 0.863 0.801 0.770
166 0.778 0.779 0.841 0.772 0.858 0.787 0.780
185 0.776 0.782 0.840 0.761 0.860 0.822 0.773
206 0.774 0.772 0.829 0.764 0.852 0.710 0.778
229 0.772 0.767 0.827 0.754 0.848 0.801 0.772
255 0.765 0.766 0.817 0.753 0.841 0.798 0.765
284 0.769 0.756 0.818 0.757 0.829 0.798 0.765
316 0.766 0.766 0.821 0.751 0.829 0.820 0.763
352 0.761 0.761 0.817 0.747 0.824 0.746 0.752
392 0.757 0.758 0.802 0.747 0.829 0.802 0.757
436 0.754 0.758 0.790 0.745 0.818 0.739 0.749
485 0.750 0.756 0.776 0.737 0.823 0.772 0.740
539 0.756 0.751 0.763 0.739 0.821 0.764 0.736
599 0.745 0.739 0.743 0.740 0.792 0.724 0.742
666 0.743 0.739 0.732 0.738 0.780 0.690 0.745
740 0.741 0.739 0.724 0.737 0.747 0.696 0.744
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Table C.8: AUC-ROC score for all models and tested number of features for sub-
group classification with masks processed with SPs. The highest score for each
model is in bold.

No. Features CB LGBM LR RF RC SGDC XGB

10 0.769 0.762 0.724 0.733 0.675 0.713 0.741
20 0.766 0.760 0.778 0.759 0.685 0.769 0.736
30 0.763 0.762 0.781 0.754 0.739 0.762 0.750
40 0.761 0.763 0.777 0.756 0.768 0.775 0.741
50 0.763 0.760 0.782 0.762 0.779 0.794 0.745
60 0.760 0.757 0.786 0.759 0.776 0.792 0.746
70 0.758 0.760 0.785 0.761 0.775 0.792 0.743
80 0.756 0.756 0.786 0.759 0.781 0.790 0.744
90 0.757 0.756 0.784 0.757 0.784 0.794 0.743
100 0.760 0.756 0.790 0.758 0.782 0.802 0.747
108 0.756 0.758 0.791 0.753 0.779 0.800 0.740
120 0.758 0.756 0.788 0.756 0.779 0.792 0.740
134 0.756 0.758 0.786 0.754 0.775 0.791 0.744
149 0.754 0.757 0.793 0.755 0.781 0.778 0.739
166 0.754 0.757 0.791 0.754 0.782 0.778 0.737
185 0.752 0.757 0.787 0.754 0.787 0.792 0.738
206 0.751 0.753 0.789 0.753 0.792 0.780 0.740
229 0.751 0.751 0.786 0.754 0.789 0.779 0.739
255 0.750 0.750 0.786 0.750 0.788 0.777 0.740
284 0.750 0.752 0.783 0.751 0.787 0.750 0.739
316 0.746 0.750 0.781 0.749 0.785 0.752 0.739
352 0.747 0.749 0.777 0.749 0.783 0.758 0.737
392 0.746 0.749 0.775 0.747 0.783 0.785 0.737
436 0.746 0.748 0.770 0.747 0.780 0.769 0.739
485 0.744 0.746 0.769 0.745 0.776 0.762 0.737
539 0.744 0.742 0.768 0.745 0.775 0.744 0.737
599 0.744 0.744 0.765 0.745 0.771 0.752 0.733
666 0.744 0.747 0.760 0.742 0.768 0.708 0.737
740 0.744 0.743 0.756 0.742 0.762 0.720 0.732
823 0.744 0.744 0.751 0.740 0.758 0.729 0.736
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C.2.4 Habitat Classification

Table C.9: AUC-ROC scores obtained fromhabitat analysiswhen predicting grade.

No. Features CB LGBM LR RF RC SGDC XGB

1 0.480 0.466 0.471 0.477 0.464 0.433 0.500
2 0.533 0.518 0.506 0.520 0.516 0.477 0.515
3 0.539 0.548 0.532 0.514 0.497 0.522 0.539
4 0.546 0.543 0.532 0.503 0.495 0.462 0.578
5 0.561 0.579 0.509 0.499 0.541 0.522 0.575
6 0.544 0.565 0.548 0.504 0.531 0.499 0.575
7 0.547 0.565 0.548 0.497 0.565 0.495 0.538
8 0.542 0.577 0.547 0.491 0.558 0.464 0.492
9 0.544 0.566 0.533 0.509 0.549 0.536 0.528
10 0.514 0.538 0.526 0.499 0.536 0.494 0.510
11 0.488 0.515 0.520 0.471 0.536 0.497 0.500
12 0.499 0.532 0.518 0.492 0.537 0.485 0.492
13 0.491 0.525 0.511 0.473 0.529 0.536 0.484
14 0.490 0.513 0.503 0.463 0.517 0.591 0.481
15 0.463 0.509 0.519 0.458 0.509 0.542 0.492
16 0.450 0.523 0.508 0.458 0.501 0.495 0.470
17 0.448 0.531 0.498 0.460 0.503 0.491 0.476
18 0.452 0.521 0.498 0.458 0.493 0.564 0.486
19 0.443 0.489 0.495 0.451 0.516 0.562 0.462
20 0.439 0.494 0.496 0.446 0.508 0.472 0.472
21 0.447 0.468 0.491 0.415 0.502 0.486 0.461
22 0.440 0.475 0.482 0.428 0.483 0.491 0.473
23 0.446 0.452 0.479 0.408 0.475 0.564 0.468
24 0.440 0.462 0.474 0.428 0.474 0.488 0.480
25 0.417 0.462 0.457 0.424 0.475 0.451 0.464
26 0.425 0.452 0.449 0.436 0.474 0.453 0.455
27 0.427 0.454 0.447 0.433 0.456 0.475 0.443
28 0.431 0.452 0.438 0.416 0.447 0.432 0.464
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Table C.10: AUC-ROC scores obtained from habitat analysis when predicting sub-
group.

No. Features CB LGBM LR RF RC SGDC XGB

1 0.546 0.505 0.576 0.442 0.580 0.449 0.514
2 0.544 0.560 0.656 0.550 0.664 0.566 0.551
3 0.624 0.622 0.658 0.548 0.660 0.520 0.598
4 0.654 0.625 0.689 0.566 0.653 0.545 0.594
5 0.641 0.609 0.657 0.577 0.679 0.553 0.597
6 0.629 0.577 0.651 0.535 0.628 0.546 0.652
7 0.609 0.559 0.659 0.559 0.680 0.585 0.604
8 0.610 0.616 0.627 0.585 0.669 0.613 0.604
9 0.596 0.619 0.624 0.560 0.661 0.629 0.605
10 0.608 0.616 0.623 0.568 0.654 0.655 0.596
11 0.593 0.611 0.647 0.510 0.658 0.640 0.600
12 0.583 0.587 0.639 0.516 0.659 0.658 0.603
13 0.579 0.572 0.645 0.528 0.651 0.578 0.598
14 0.569 0.575 0.657 0.514 0.673 0.682 0.584
15 0.565 0.604 0.642 0.501 0.665 0.619 0.574
16 0.566 0.569 0.643 0.526 0.677 0.572 0.556
17 0.560 0.584 0.638 0.525 0.678 0.608 0.571
18 0.550 0.571 0.649 0.554 0.672 0.707 0.547
19 0.540 0.557 0.644 0.545 0.671 0.634 0.566
20 0.542 0.542 0.637 0.536 0.661 0.608 0.543
21 0.543 0.541 0.634 0.473 0.657 0.627 0.545
22 0.546 0.546 0.626 0.493 0.649 0.587 0.551
23 0.534 0.554 0.623 0.514 0.639 0.518 0.536
24 0.533 0.541 0.619 0.501 0.638 0.686 0.537
25 0.539 0.533 0.615 0.506 0.638 0.633 0.536
26 0.525 0.524 0.610 0.477 0.628 0.548 0.537
27 0.535 0.528 0.608 0.480 0.625 0.638 0.547
28 0.531 0.530 0.601 0.494 0.616 0.606 0.516
29 0.526 0.536 0.584 0.526 0.604 0.573 0.529
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