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Alzheimer’s disease (AD) is a progressive neurodegenerative disorder in which early
detection is critical for targeted intervention. This thesis evaluates the prognostic
value of structural magnetic resonance imaging (sMRI) volumetry, high-dimensional
radiomics, and cognitive assessments, independently and in combination, for predict-
ing the progression from mild cognitive impairment (MCI) to AD approximately two
years after baseline.
Participants were classified as stable MCI (sMCI) and progressive MCI (pMCI)
based on a two-year diagnostic follow-up. T1-weighted MRI scans and cognitive
assessments from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) were an-
alyzed. Automated segmentation and radiomic extraction pipelines were developed
to extract volumetric and radiomic features. Explainable machine learning models
based on logistic regression with elastic net regularization were trained using nested
cross-validation and evaluated on an independent hold-out test set.
The results demonstrated that both sMRI-derived biomarkers and cognitive assess-
ments contain valuable prognostic information. Evaluated on the independent test
set, the region of interest (ROI) radiomic model achieved the highest predictive per-
formance among the sMRI models (AUC=0.79). However, radiomic models did not
demonstrate statistically significant improvements over the conventional volumet-
ric model (AUC=0.73, DeLong’s test p=0.087). While the best performance was
achieved by a multimodal model combining ROI radiomic features and cognitive
assessments (AUC=0.82), the model combining standard volumetric features with
cognitive assessments (AUC=0.80) was identified as the optimal, most clinically
practical solution.
The findings suggest that volumetric features and cognitive assessments remain prac-
tical and effective biomarkers for AD prognosis. Furthermore, the developed compu-
tational pipeline demonstrates the potential for integrating explainable prognostic
models into future clinical decision support systems for risk stratification of MCI
patients.
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1 Introduction

The global burden of dementia due to Alzheimer’s disease (AD) is increasing rapidly.

In 2019, approximately 57 million people were living with dementia in the world.

Current estimations suggest that by the year 2030, the number of individuals world-

wide suffering from various forms of dementia will reach 75 million. AD is recognized

as one of the most prevalent subtypes of dementia, accounting for 60–80% of all di-

agnosed cases. [1], [2] It has also been estimated that the cost of dementia care

will rise to 2 trillion US dollars worldwide by 2030 [1]. According to a review and

meta-analysis published in 2023, the annual cost of treating mild dementia in the

Nordic countries is approximately 20,000–21,000 euros per patient [3]. Increase in

life expectancy due to progress in medicine and technology has been accompanied

by rising cases of neurocognitive disorders such as AD. [4]

While advanced age represents the primary risk factor for developing AD, the

disease’s etiology is highly complex and multifactorial. The precise contribution of

each of these contributing factors remains unclear, making accurate prediction of

disease onset and progression exceptionally difficult. Currently, there is no cure for

AD [2], although various treatment options exist [5].

Preventive medication for AD should be started as early as possible, but this

is not always the case [4]. A critical stage in the progression of AD is mild cog-

nitive impairment (MCI), which is characterized by measurable cognitive decline

that does not yet have a significant impact on daily life [6]. Individuals with MCI
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have increased risk of progressing to AD, although not all patients will progress [7].

Accurate prediction of which individuals will progress to AD within a clinically rel-

evant timeframe is essential for treatment planning, because preventive medication

is most beneficial for this group [4], [7]–[9].

As the global prevalence and treatment costs of dementia due to AD increase,

it is necessary to identify the most cost-effective and reliable prognostic biomarkers

capable of predicting the progression from MCI to AD. Non-invasive and widely

accessible methods, such as structural magnetic resonance imaging (sMRI) and cog-

nitive assessments hold significant clinical value compared to expensive and invasive

positron emission tomography (PET) imaging or cerebrospinal fluid (CSF) analyses.

Structural MRI has become a standard tool for evaluating and tracking neurode-

generative changes in AD. [10]–[12] Traditional sMRI approaches often use mea-

surements of brain volume to detect brain atrophy, especially in regions such as the

medial temporal lobes. These measurements are well-validated imaging biomarkers

of early AD [10], [13], [14], but they may not capture all structural changes related

to the pathological picture. Extracting more complex structural metrics, for exam-

ple, textural features, has the potential to reveal subtle, tissue-level abnormalities

of the MCI stage.

More recently, radiomics has been proposed as an approach for cancer research to

extract complex quantitative features from medical images and lately this imaging

analysis technique has spread to other research fields of medical imaging [15], [16].

Radiomic features are imaging biomarkers that provide detailed information about

a specific region of interest (ROI), characterizing image properties such as intensity,

texture, and morphological patterns [17], potentially capturing information beyond

simple volumetric measures. For diagnostic purposes, MRI radiomics have already

shown promising results [18]. However, radiomic analyses involve high-throughput

feature extraction, which are sensitive to variations in image acquisition and pro-
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cessing steps, and complex feature selection procedures, raising concerns regarding

robustness, interpretability and clinical applicability. [17], [19], [20]

Despite growing interest in radiomics, it remains unclear whether these features

provide meaningful prognostic improvements over conventional volumetric imaging

biomarkers in predicting progression from MCI to AD. Furthermore, existing studies

typically extract radiomics from the hippocampus [18], [21] or from the whole brain

(gray and white matter) [7], [8], [22]. Consequently, systematic investigations evalu-

ating radiomic patterns across multiple brain regions remain limited. Although the

anatomical regions associated with AD progression are relatively well known [10],

[13], the specific radiomic characteristics within these regions that are linked to dis-

ease conversion remain insufficiently understood. Multi-regional radiomic analysis

combined with machine learning (ML) may therefore reveal novel imaging biomark-

ers that help identify individuals with progressive MCI.

Although cognitive decline and structural brain atrophy are correlated in AD [10],

they capture distinct dimensions of the disease by reflecting functional impairment

and biological neurodegeneration, respectively. Therefore, evaluating these modali-

ties simultaneously is essential to understand their complementary contributions to

AD prognosis.

With the ultimate goal of supporting practical clinical deployment, this thesis

evaluates prognostic models using low-cost, non-invasive and clinically accessible

MRI-based features together with cognitive assessments. More invasive or expen-

sive modalities, such as PET and CSF biomarkers, are therefore considered outside

the scope of this thesis. First, a conventional volumetric model is used to establish

baseline predictive performance and identify brain regions associated with conver-

sion from MCI to AD. Subsequently, high-throughput radiomic features extracted

from multiple brain regions are investigated for both prognostic modeling and ex-

ploratory imaging biomarker discovery. Particular attention is given to evaluating
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whether radiomic features derived from specific brain regions may serve as potential

imaging biomarkers associated with progression from MCI to AD. The predictive

performance of volumetric and radiomic feature sets is systematically compared. In

addition, the contribution of cognitive test scores is evaluated to determine the most

effective prognostic feature combination.

The modeling approach of this thesis prioritizes interpretability by employing

transparent and inherently explainable models rather than complex black-box meth-

ods. By focusing on clinically accessible and non-invasive baseline biomarkers, this

thesis aims to minimize costs for identification of individuals at high risk of AD

conversion. Furthermore, the developed models are evaluated using an independent

hold-out test set, providing a more reliable assessment of their generalizability, which

is necessary from a clinical perspective. Ultimately, the prognostic models presented

in this thesis are designed with clinical translation in mind, serving as foundational

algorithms for future clinical decision support systems (CDSS) [23] that facilitate

more targeted clinical monitoring, patient stratification, and the development of

personalized preventive interventions for AD.

1.1 Research questions

RQ1 Can baseline structural MRI features predict progression from mild cognitive

impairment to Alzheimer’s disease approximately two years after baseline?

RQ2 How do volumetric and radiomic structural MRI features compare in predicting

progression from mild cognitive impairment to Alzheimer’s disease, and how

does the inclusion of cognitive assessments affect their predictive performance?

RQ3 Which of the evaluated models is the most optimal and practical for integration

into a clinical decision support system?
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1.2 Thesis content summary

The rest of this thesis is organized as follows. Chapter 2 discusses prognostic

biomarkers and provides the theoretical background of sMRI, establishing the foun-

dation for the chosen imaging biomarkers. In addition, the chapter introduces ra-

diomics and previous machine learning studies related to AD prognosis. Chapter 3

describes the materials and methods used in this thesis. ADNI cohort selection pro-

cess, segmentation, volumetric and radiomic feature extraction, model development,

and statistical evaluation procedures will be described in this chapter. Chapter 4

presents the results of the developed prognostic models and compares their per-

formance. Chapter 5 discusses the findings in the context of previous literature,

evaluates the strengths and limitations of the proposed methodology, and outlines

potential directions for future research. Finally, Chapter 6 summarizes the main

conclusions of the thesis.

AI declaration

During the writing process of this thesis, artificial intelligence (AI) was used to refine

sentence structures, identify synonyms, and ensure grammatical accuracy. AI was

also used to suggest structures for the logical organization of the sections and to

find references. Furthermore, it helped with code formatting and debugging. The

AI applications used were Gemini and ChatGPT.



2 Background

2.1 Clinical progression from MCI to AD

While advanced age represents the primary risk factor for developing AD, the dis-

ease’s etiology is highly complex and multifactorial. [24]–[26] It is estimated that the

pathological onset of the disease may occur even 20 years before the manifestation

of symptoms. Over this long period of time, the gradual accumulation of neuro-

biological changes ultimately leads, in most cases, to noticeable memory problems,

behavioral changes, and speech disorders. [9]

AD is categorized into three different stages: preclinical AD, MCI due to AD, and

dementia due to AD. [8], [9] The preclinical stage is asymptomatic phase, during

which alterations can be detected in the patient’s brain and CSF. However, the

presence of preclinical biomarkers does not guarantee progression to MCI or AD.

Furthermore, identifying these biological changes requires invasive or specialized

diagnostics that are seldom utilized in routine clinical practice for asymptomatic

individuals [9], [27]. Therefore, the main focus is on the last two stages.

In contrast to preclinical phase, in MCI due to AD stage, patients typically have

recognizable symptoms, although their daily lives remain largely unaffected. MCI

is a heterogeneous prodromal stage for many cognitive disorders, making it difficult

to define precisely and difficult to predict its progression. [6], [7] For this reason,

this thesis refers to this stage as mild cognitive impairment, as not all MCI patients
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have AD or develop AD later.

MCI is one of the risk factors for developing the disease [7]. Around 12 - 18% of

people over the age of 60 experience symptoms of MCI, and approximately 15% of

MCI patients are estimated to progress to dementia, primarily due to AD pathology,

within two years. [6], [8] Depending on the individual, patients with MCI may have

cognitive impairment in areas such as memory, executive function and language.

However, they do not meet the diagnostic criteria for AD or other neurodegenerative

disorders. [28]

MCI is typically classified into amnestic and non-amnestic subtypes. Amnes-

tic MCI presents with memory impairment, whereas non-amnestic MCI does not.

While the amnestic subtype is widely regarded as the primary early indicator of

AD, especially when accompanied by biomarkers like accumulated amyloid-β and

tau proteins, both phenotypes carry a risk of progression. [6] Therefore, in order to

identify potential progressive MCI (pMCI) patients, this thesis considered MCI as

a single group, because regardless of the subtype, it is still possible to develop AD.

The last stage of the disease is dementia due to AD. This stage is characterized

by severe cognitive impairment across multiple domains, including memory, exec-

utive functions, and language abilities, ultimately resulting in a complete loss of

independence and leading to death. [9]

Brain changes in AD are driven by underlying nerve cell degeneration which

is fundamentally driven by two key proteinopathies: amyloidopathy and tauopa-

thy [29]. In AD pathology, these proteins malfunction. This dysfunction leads to

the accumulation of tau within the neurons which blocks the normal flow of in-

formation in the brain. [9], [29] On the other hand, accumulation of beta-amyloid

outside of the neurons causes cell death. Both of these negatively affect brain func-

tion. [9] Nevertheless, what causes the dysfunction of these proteins and how the

accumulation in specific brain regions affects cognitive function is not known. [30]
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In many cases, AD is diagnosed after the onset of symptoms, when the medica-

tion that prevents cognitive decline is no longer as effective as it would be in the

early stage of the disease. Therefore, it is important to identify pMCI subjects as

early as possible. [25] Because this population represents a critical window for early

intervention and pharmacological treatments [7]–[9], [25], the central focus of this

thesis is to identify pMCI subjects from stable MCI (sMCI) subjects.

2.2 Prognostic biomarkers

A biomarker refers to an objectively measurable characteristic that indicates normal

biological processes, pathological changes, or responses to treatment [31]. Biomark-

ers can be obtained from various sources, including biological samples and medical

imaging. In the context of neuroimaging, such measures are commonly referred to

as imaging biomarkers. [17]

As discussed in Section 2.1, predicting the progression from MCI to AD remains

a major clinical challenge due to the heterogeneity of MCI. Prognostic biomarkers

aim to address this challenge by estimating the likelihood that an individual will

develop AD in the future. [2], [32]

This section reviews prognostic biomarkers for predicting progression from MCI

to AD, with a focus on their clinical utility and limitations. The presented ap-

proaches are further evaluated in terms of their suitability for this thesis, which

focuses on non-invasive methods.

Prognostic and diagnostic methods can be broadly classified into invasive and

non-invasive methods [33]. Invasive methods refer to procedures that require obtain-

ing data from within the body, for example, through cerebrospinal fluid collection

via lumbar puncture or blood sample. Non-invasive methods, in contrast, refer to

procedures that do not require breaking the skin, such as cognitive assessments or

MRI. [33], [34]
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2.2.1 Invasive biomarkers

The accumulation of tau together with amyloid-β in the brain, particularly in the

hippocampus, are a key pathological feature associated with early stages of AD. [30]

The level of these proteins can be measured using CSF biomarkers. Reliable indi-

cators of AD are elevated levels of tau protein and decreased levels of amyloid-β in

CSF. [7], [35] However, despite their diagnostic accuracy, CSF biomarkers require

lumbar puncture, which is an invasive procedure that involves collecting CSF from

spinal cord. [34] Although lumbar puncture is generally safe, it may lead to severe

complications such as spinal haematoma or bacterial meningitis. [36]

In recent years, blood-based biomarkers have gained increasing attention as a less

invasive alternative compared to CSF sample for detecting AD related pathological

processes. [24], [37] Blood tests are generally cheaper, faster, and easier to perform

in clinical settings. Proteins associated with AD pathology can also be detected in

blood samples. In particular, plasma phosphorylated tau (p-tau) has emerged as a

promising biomarker for both diagnostic and prognostic purposes. Recent studies

have shown that plasma p-tau181 levels are strongly associated with established AD

biomarkers, including atrophy, and cognitive decline. In a study based on data from

the ADNI, plasma p-tau181 combined with genetic and cognitive measures achieved

an AUC of 0.90 for predicting conversion from MCI to Alzheimer’s disease within

two years. [24]

Regardless of strong predictive performance, biomarkers in the blood have gen-

erally much lower concentrations than in CSF, which may limit their reliability and

pose challenges for clinical use. [34], [38] Furthermore, the research findings regard-

ing blood-based biomarkers are sometimes contradictory and need additional clinical

validation [37], which is why blood-based biomarkers as well as CSF biomarkers are

excluded from this thesis.

Although positron emission tomography (PET) is frequently classified as non-
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invasive imaging modality [34], it requires the intravenous injection of a radiotracer

and involves exposure to ionizing radiation. Consequently, in this thesis, PET is

regarded as an invasive technique and therefore, discussed separately from purely

non-invasive methods. [39]

PET is a molecular imaging technique that uses radiotracers to visualize bio-

logical processes such as the accumulation of amyloid-β plaques and tau tangles

in the brain. [32], [34] A variety of tracers have been developed for AD research,

enabling the assessment of different aspects of disease pathology. [34] Compared to

structural MRI, PET has demonstrated higher accuracy for detecting early patho-

logical changes, allowing identification of AD even during the preclinical stage of

the disease. [24], [40]

Two PET techniques have proven particularly effective in predicting the pro-

gression from MCI to AD: amyloid PET, which maps protein deposition and flu-

orodeoxyglucose (FDG) PET, which measures brain glucose metabolism.[32], [41]

FDG PET-based models have achieved an AUC of approximately 0.80 for predicting

progression from MCI to AD within a 36-month window. [24] However, PET imag-

ing is associated with several practical limitations. It is significantly more expensive

and less widely available than MRI, and involves exposure to ionizing radiation. Due

to these factors, PET imaging is less suitable for routine clinical use and large-scale

studies [34], [40], which is why structural MRI is selected as the primary imaging

modality in this thesis.

2.2.2 Non-invasive biomarkers

In contrast to the invasive and high-cost procedures previously discussed, non-

invasive prognostic tools provide a more accessible and cost-effective approach to

detect early signs of AD. In clinical practice, neuropsychological and cognitive as-

sessments are widely used tools for evaluating a patient’s cognitive status. [42], [43]
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The Mini-mental state examination (MMSE) is one of the most widely used and

accepted cognitive tests to assess cognitive impairment. [33], [42] It is also widely

applied as a baseline feature with other cognitive tests and imaging biomarkers in

numerous studies focusing on MCI to AD progression [7], [8], [15], [39], [44]. The

test consists of a series of tasks designed to assess various domains of cognitive

function. [33] The maximum score that can be achieved is 30, with higher scores

indicating less cognitive impairment. Despite its widespread use, the MMSE has

known limitations, particularly in detecting very early cognitive decline [33]. Studies

have reported reduced sensitivity in highly educated individuals and in patients with

MCI, where subtle deficits may not be fully captured by the test. [33], [45]

Importantly, the MMSE score alone is insufficient for the clinical diagnosis of

MCI or AD [39], [42], and its utility as a standalone prognostic biomarker is similarly

limited.

To address the limitations of the MMSE test and obtain more informative base-

line measures of cognitive impairment, the Alzheimer’s disease assessment scale-

cognitive 13 (ADAS-Cog 13) test appears to be a promising option [46]. The ADAS-

Cog exists in several versions, which differ in the number and type of tasks included.

The original ADAS-Cog 11 consists of 11 items and served as the basis for the de-

velopment of ADAS-Cog 13, which includes two additional tasks that are designed

to increase sensitivity especially to early cognitive changes. [46], [47] Both versions

mainly assess dysfunction in memory and language, but ADAS-Cog 13 covers a

broader range of cognitive domains. The scores range from 0 to 85, with lower

scores indicating less cognitive impairment. [46]

Although there are several cognitive assessments for monitoring cognitive impair-

ment associated with AD [48], this thesis focuses its analysis on these two specific

tests: MMSE and ADAS-Cog 13. These assessments were selected due to their com-

mon use in clinical practice and their frequent appearance in predictive modeling
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literature. [42] Together, MMSE and ADAS-Cog 13 provide important additional

information on cognitive impairment, and these two assessments could allow the

prognostic model to have more complete representation of baseline cognitive char-

acters alongside structural MRI imaging biomarkers.

2.3 Structural MRI as a prognostic tool

Magnetic resonance imaging (MRI) is a non-invasive imaging technique with high

spatial resolution that plays a vital role in the evaluation of neurodegenerative dis-

eases, including AD. [10], [11] MRI offers several important advantages over other

imaging techniques. Unlike PET, MRI does not expose patients to ionizing radia-

tion, making it suitable for repeated use in both clinical and research settings. [11]

It is widely available and generally more cost-effective than PET imaging. [12] Its

ability to provide high-resolution anatomical detail also makes it especially useful

for tracking structural brain changes associated with AD. [10]

MRI exploits the magnetic properties of protons, most commonly hydrogen (1H)

due to the high water content in the human body. Hydrogen protons have the

quantum mechanics property of spin, which is central to the image formation process.

When a subject is placed in a strong external magnetic field, hydrogen protons within

body tissues align either parallel or antiparallel to the field. A radiofrequency (RF)

pulse is then applied at the specific (Larmor) frequency, temporarily disturbing this

alignment and causing the protons to absorb energy and become synchronized. After

the RF pulse is switched off, the protons gradually return to their equilibrium state

through relaxation processes. During this process energy is released and detected by

MRI receiver coils as a radiofrequency signal. Differences in relaxation times between

tissues generate image contrast. By adjusting imaging parameters, this contrast can

be weighted toward different relaxation properties, such as in T1-weighted or T2-

weighted images, which enables detailed visualization of anatomical structures. [49]
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Figure 2.1: Example of a T1-weighted image demonstrating contrast between gray
matter, white matter, and CSF.

AD is characterized by progressive structural brain changes, where neuronal loss

and neurodegeneration lead to measurable brain atrophy. Structural neuroimaging

provides a useful way to visualize and quantify these alterations. [10], [11]

Among sMRI modalities, T1-weighted imaging is particularly well suited for the

assessment of neurodegeneration, as it provides high contrast between gray matter

(GM), white matter (WM), and CSF, enabling accurate anatomical delineation as

shown in Figure 2.1. [11] These properties make T1-weighted images an effective

choice for automated brain segmentation tools [8], [11], which in turn makes them a

practical option when aiming to minimize overall processing costs and study brain

structures. Segmentation methods are discussed in more detail in the next chapter.

Furthermore, T1-weighted images are widely used in both clinical practice and re-

search on AD, and are integrated into routine diagnostic workflows for AD. [10], [14],

[50] As many studies report T1-weighted imaging as a recommended and standard

diagnostic tool for AD [11], [14], [39], other sMRI modalities, such as T2-weighted

or fluid-attenuated inversion recovery (FLAIR) sequences, are more suited for as-

sessing white matter lesions or vascular-related changes. [11], [13] For these reasons,
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T1-weighted MRI is selected as the primary imaging modality in this thesis.

In addition to providing high-resolution anatomical detail, T1-weighted MRI

can also support the differentiation between various types of dementia. It is not

uncommon for multiple forms of dementia to coexist in a single patient, making

diagnosis based on symptoms alone difficult [1]. Structural imaging can aid in

distinguishing between these conditions by highlighting region-specific patterns of

atrophy associated with different neurodegenerative diseases. [10] In the following

sections, these regional patterns and the computational methods used to quantify

them are examined in more detail

2.3.1 Regional volumetric analysis

Hippocampal atrophy detected from T1-weighted image is one of the most well-

established indicators of AD in the MCI phase [10], [13], [14], but in general, volume

loss within structures of the medial temporal lobe (MTL) is considered a key feature

of early disease stages. [10] The MTL includes several regions involved in memory

processing, such as, the hippocampus, entorhinal cortex, amygdala, and posterior

cingulate cortex. Atrophy within these regions has been shown to occur already

during the preclinical phase of the disease and is therefore regarded as an important

prognostic marker for detecting pMCI subjects. [10], [51]

For instance, using logistic regression and hippocampal volume alone to predict

MCI to AD conversion within 36 months has been shown to achieve a predictive

accuracy of approximately 60.4% (95% CI 0.52-0.688, AUC≈0.65) [52]. In addition

to hippocampal volume, entorhinal cortex (EC) atrophy has been reported as a

moderate predictor of conversion from MCI to AD. Using EC volume alone, a logistic

regression model achieved an AUC of 0.762 for predicting conversion within three

years. The same study also combined hippocampal and EC volumes, which improved

predictive performance to an AUC of 0.812. Furthermore, adding demographic
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Figure 2.2: Location of the hippocampus in a T1-weighted image.

information such as age and cognitive assessments including MMSE increased the

performance to an AUC of 0.854. [53]

Previous studies have also demonstrated significant differences in whole brain

atrophy between sMCI and pMCI subjects, which supports the value of volumet-

ric analysis for early prognosis. For instance, research utilizing longitudinal T1-

weighted imaging data has shown that pMCI subjects exhibit whole brain atrophy

rates approximately 50% higher than sMCI subjects (p < 0.0005) after adjusting for

baseline volumes, age, and gender. The same study highlights ventricular expan-

sion as another critical prognostic feature indicating that the ventricular expansion

rate in pMCI subjects is also approximately 50% greater than in those who remain

stable. [54]

To examine regional changes in volume or other computational properties, T1-

weighted imaging data must first undergo image segmentation. In the field of medical

image analysis, segmentation is usually the first and most important step because

it affects the whole outcome of the study. [55], [56]

Segmentation in neuroimaging involves partitioning raw MR images into distinct,



2.3 STRUCTURAL MRI AS A PROGNOSTIC TOOL 16

spatially contiguous regions corresponding to tissue types or anatomical structures.

This computational process assigns each voxel to a predefined class based on char-

acteristics such as signal intensity and spatial location. A voxel represents a three-

dimensional pixel with a unique intensity value and spatial coordinates. By grouping

voxels belonging to the same anatomical structure, segmentation produces labeled

regions that enable subsequent volumetric analysis. [55] The figure 2.2 shows the

segmentation of the right and left hippocampus.

Manual segmentation is one of the image segmentation methods, which is usually

the most accurate and consider the "gold standard" method. [57] However, manual

delineation is extremely time-consuming and impractical for large datasets such as

those used in ML studies. Consequently, modern segmentation methods rely on

automated three-dimensional segmentation algorithms. [55]

Automated brain segmentation is commonly performed using established neu-

roimaging software packages such as FreeSurfer, FSL, and Statistical parametric

mapping (SPM) of which FreeSurfer is one of the most used software tools to study

volumetric measurements related to AD. [58], [59] These tools implement fully au-

tomated pipelines that incorporate important image preprocessing steps, including

skull stripping, intensity normalization, and bias field correction, alongside sophis-

ticated segmentation algorithms. Each tool has methodological differences, but all

of them aim to produce segmentation based on image registration to an anatomical

atlas with prior tissue probabilities to classify each voxel into predefined regions of

interest (ROIs). [58], [60]

However, traditional segmentation pipelines such as FreeSurfer’s "recon-all" pipeline

are computationally very intensive and may require several hours to run a single im-

age. [59], [61] Recently, faster deep learning based segmentation approaches such as

SynthSeg have been proposed, which use convolutional neural networks (CNN) to

directly predict anatomical labels and enable rapid volumetric analysis while main-
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taining accurate segments. [57]

After segmentation, the resulting 3D mask serves as the basis for volumetric

calculations. The most straightforward computational approach is voxel counting,

where the algorithm sums voxels belonging to a specific anatomical class to calculate

the physical volume of the entire ROI. [62], [63]

However, volumetric analysis alone has several limitations. First, volume repre-

sents a coarse summary of structural changes within a brain region [64]. A single

value describes the entire anatomical structure and may be influenced by individual

differences in total head size or sex [65], [66]. Second, volumetric measurements

capture macrostructural loss but do not reflect microstructural heterogeneity within

ROIs, which may occur even before significant brain atrophy [64]. Consequently,

the analysis of structural changes in the brain may require additional information

beyond volumetric measures alone.

Supporting this, a previous study [67] showed that texture-based features ex-

tracted from the hippocampus improved predictive performance compared to hip-

pocampal volume alone (AUC 0.74 vs 0.67, DeLong test p=0.005) when predicting

progression from MCI to AD within two years. This supports the radiomics ap-

proach, which enables the extraction of more comprehensive quantitative informa-

tion from medical images.

2.3.2 Radiomics in neuroimaging

Radiomics is an image analysis process that enables the calculation of a large num-

ber of quantitative features from medical images using predefined mathematical

formulas. [20], [68] Radiomics was originally developed for cancer research as a high-

throughput image analysis tool and has been widely used in studies on gliomas, lung

and breast cancer. [15], [16] The term "radiomics" was first introduced by Lambin

et al. in 2012 [68] for the purpose of tumor analysis. [69] In recent years, interest
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in radiomics research has grown in the field of medical imaging, and this technique

has also been applied to predict the progression from MCI to AD. [8], [15], [20]

A primary strength of radiomic features is their ability to detect and quan-

tify microstructural changes that might not be visible in standard two-dimensional

images. [16], [64] Radiomic features can be divided into three main groups: morpho-

logical features, intensity features, and texture features. [17], [21] These features can

then be used to support the prognosis of AD. This section discusses the radiomic

pipeline in more detail.

As with volumetric analysis, segmentation is the first step in radiomic pipeline,

typically calculated using automated segmentation tools. Segmentation leads to an

ROI mask R, where each voxel j is assigned a binary label. Voxels inside the ROI

are labeled as 1, whereas voxels outside the ROI are labeled as 0. [17]

Rj =

⎧⎪⎪⎨⎪⎪⎩
1, j ∈ R

0, otherwise

After segmentation, preprocessing is a crucial step in radiomics, as radiomic

features are sensitive to different imaging acquisition methods and parameters. Pre-

processing aims to improve the reproducibility of the extracted features, allowing

radiomics to be used as interpretable and robust biomarkers, while also reducing

variability caused by different scanners. Common preprocessing steps include voxel

resampling, range re-segmentation and discretization. [20]

Voxel resampling is used to standardize voxel size across images. [19] MRI datasets

often contain non-isotropic voxel sizes due to differences in acquisition protocols,

which especially affect texture features. Resampling interpolates the image to

isotropic voxel spacing, ensuring that spatial relationships between voxels are com-

parable across MRI data and the image are invariant to rotation. [17], [19], [70] Based

on a recent review by Trojani et al. [20], which investigated radiomic preprocessing
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parameters across different imaging modalities, most MRI studies resampled voxels

to isotropic resolution, with 1×1×1 mm3 being the most commonly used voxel size.

Range re-segmentation aims to remove specific voxels inside the ROI that fall

outside the specified range of gray-level values. This step applies to modalities such

as PET, but not to MRI data where intensity values are not standardized and depend

on scanner settings and acquisition parameters. [17], [20] Therefore, for MRI data,

intensity outlier filtering is typically performed by calculating the mean (µ) and

standard deviation (σ) of voxel intensities within the ROI and excluding values that

fall outside the interval µ ± 3σ. [17], [20], [70] However, when intensity discretization

is applied, additional intensity outlier filtering is generally not recommended for MRI

data by the Image Biomarker Standardization Initiative (IBSI), as discretization

already reduces intensity variability [17].

Discretization is usually the final preprocessing step and groups image intensities

inside the ROI. Discretization converts continuous voxel intensities into a finite

number of intervals or bins (Figure 2.3). Two common approaches are fixed bin

number and fixed bin width discretization. [17] The fixed bin number method divides

the intensity range into a predefined number of bins, while fixed bin width assigns

bins based on constant intensity intervals. [17], [70]

According to the review article [20], for MRI data both bin number and bin

width strategies have been used either independently or in combination. The use of

only bin number or only bin width was nearly equally common.

Other image processing steps before radiomics extraction include harmonization

methods. These approaches aim to minimize variability caused by differences in

imaging protocols and scanners. Common examples used in MRI radiomics include

intensity normalization techniques such as z-score normalization and Nyúl normal-

ization. [19]
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Figure 2.3: Element A. represents raw intensities, while B. shows what happens
when intensity discretization is applied [70].

Finally, after preprocessing steps radiomic features can be extracted using the

segmented ROI mask. [70] This part transforms the image to mineable high-dimensional

data using different formulas. [71]

As mentioned previously, the first type of radiomic features is morphological

features. These features describe shape and involve for example volumetric mea-

surements but also many other geometric features of the segmented ROI such as

surface area, sphericity, elongation, major, minor axis length and compactness. [17],

[21] Morphological features are computed solely from the segmentation mask and

are independent of voxel intensity values. Therefore, if range re-segmentation is

applied, a separate intensity ROI mask would be required. [17]

The second category of radiomic features is intensity-based features, also referred

to as histogram-based features. [21], [70], [71] These features can be divided into four

different subgroups: local intensity, intensity-based statistics, intensity histogram,

and intensity-volume histogram features. [17] They are primarily calculated from

either the unbinned distribution of voxel intensities within the ROI or from a his-

togram of voxel intensities generated via a discretization method. This category

includes features such as mean, median, standard deviation, entropy, and skewness.

In the radiomics literature, these features are also commonly described as first-order
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statistics [71], which is why this thesis will also use the term first-order statistics to

refer to this group of features.

Texture features quantify tissue heterogeneity within the ROI [71]. In addition,

this category consists of several different subgroups, of which the most commonly

used is the gray-level co-occurrence matrix (GLCM). [16], [71] Other texture feature

groups are the gray-level run-length matrix (GLRLM), gray-level size zone matrix

(GLSZM), and neighborhood gray-tone difference matrix (NGTDM). [21] Texture

features can also be considered second-order statistics. [71]

In addition to different feature types, different image filters can be applied dur-

ing the extraction process to enhance specific image characteristics [70]. Filters

such as Laplacian of Gaussian and wavelet transformations substantially increase

the number of extracted radiomic features [72]. Consequently, in prognostic model-

ing, radiomic features require rigorous validation strategies and feature selection to

reduce the risk of overfitting [73].

Overall, radiomics enables a more comprehensive characterization of brain tis-

sue compared to traditional volumetric analysis by capturing not only size-related

changes but also intensity distributions and spatial relationships within anatomical

regions. This high-dimensional feature representation has the potential to improve

the prediction of AD progression by incorporating information that may not be

detectable through conventional measures alone. Previous diagnostic studies have

already demonstrated promising performance of MRI radiomics in differentiating

normal, MCI, and AD subjects [18], while also emphasizing the need for further

research before radiomics can be reliably translated into clinical practice. There-

fore, this thesis aims to investigate whether radiomics can improve prognostic of AD

compared with conventional volumetric measures, while also exploring the potential

of region-specific radiomic biomarkers.
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2.4 Machine learning for MCI to AD prediction

ML refers to the development of computational algorithms capable of extracting

useful patterns from data. Rather than relying on explicit, rule-based programming,

these systems identify underlying trends and generate inferences to perform specific

analytical tasks. [74] ML has been widely applied to develop prognostic models that

distinguish sMCI from pMCI using a wide range of input features and different ML

algorithms [4], [8], [41], [44], [75].

To ensure relevance and reliability, studies included in this literature review sec-

tion were selected based on the following criteria: i) the study formulated the sMCI

versus pMCI prediction as a binary classification problem based on the future dis-

ease status, ii) utilized sMRI-derived features, iii) reported quantitative performance

metrics such as area under the receiver operating characteristic curve (AUC) or clas-

sification accuracy when AUC was not available, iv) was published after 2010, and v)

evaluated model generalizability using an independent test set. The methodological

rationale behind these selection criteria, particularly with respect to validation strat-

egy, performance evaluation, and publication period is discussed further in Section

2.4.3.

While this section is not a systematic review, two comprehensive systematic

review articles [4], [41] published in 2021 served as primary sources, analyzing 111

and 116 prognostic ML studies, respectively. From these, six studies met the strict

inclusion criteria. In addition, studies published after 2021 were searched separately

using the same selection criteria to identify more recent developments not covered by

the review articles [4], [41]. Particular attention was given to studies utilizing MRI

radiomics, as radiomics-based approaches were not extensively discussed in reviews

[4], [41].
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2.4.1 Algorithmic approaches

Prognostic studies for AD have used multiple different algorithms as summarized in

Tables 2.1 and 2.2 shows. However, most studies reviewed in [41] and [4] applied

support vector machines (SVM) to this prediction task. According to [41], SVM

was used in 32.6% of the reviewed studies, while logistic regression was the second

most commonly used algorithm, appearing in 15.0% of studies.

Table 2.1: Summary of studies using traditional ML methods for predicting progression
from MCI to AD. Abbreviations: AB, AdaBoost; APOE4, Apolipoprotein E4; AUC, area
under the receiver operating characteristic curve; CDR, Clinical Dementia Rating; CI,
confidence interval; GM, gray matter; RF, random forest; SVM, support vector machine.

Author
(Year)

N
(sMCI/pMCI)

Features ML
method

AUC (95%
CI)

Lebedev et al.
(2014) [76]

35* cortical thickness,
non-cortical volumes,
demographics, APOE4

RF 0.83
(0.7-0.965)

Donnelly-Kehoe
et al.
(2018) [77]

100/100 brain morphometry,
demographics, and
MMSE

RF
SVM
AB

0.75 (NA)
0.76 (NA)
0.63 (NA)

Sun et al.
(2018) [78]

134/76 GM densities Lasso
SVM

0.68 (NA)

Shu et al.
(2021) [7]

203/154 MRI radiomics,
ADAS-Cog, CDR,
APOE4

SVM 0.79 (NA)

Mieling et al.
(2025) [44]

189/189 regional volume and
thickness

XGBoost 70% accuracy
(NA)

Li et al.
(2025) [8]

189/154 MRI radiomics, CDR,
ADAS-cog

Decision
tree

0.88
(0.80-0.94)

* The study does not define the exact distribution of sMCI and pMCI subjects.

Despite the variety of algorithms tested in the literature, findings in [41] re-

ported that the choice of algorithm alone did not have a statistically significant

impact on predictive performance across studies. Although non-linear models gen-

erally achieved slightly higher performance, imaging features appeared to provide



2.4 MACHINE LEARNING FOR MCI TO AD PREDICTION 24

greater benefit for linear and generalized linear models. These findings suggest that

predictive performance may depend more strongly on feature quality and study de-

sign than algorithmic complexity. Consequently, simpler and more interpretable

linear models may still provide competitive performance, especially since model

transparency is highly desirable in both neuroimaging research and CDSS [23], [79].

While the review findings in [41] suggested that algorithm choice has a limited

impact on performance, the second review [4] noted that deep learning (DL) algo-

rithms consistently achieve the highest predictive performance. DL is a subcategory

of ML based on multi-layered neural networks that automatically extract features

from raw data [74], [80]. Table 2.2 summarizes recent prognostic DL approaches, il-

lustrating their strong predictive capabilities. Convolutional neural networks (CNN)

are the most commonly used DL algorithms in recent literature [24]. However, de-

spite outperforming traditional ML methods, DL models are inherently limited by

their "black-box" nature. This lack of interpretability poses a significant challenge in

clinical prognostic tasks, where understanding the neurobiological and physiological

rationale behind a prediction is crucial [79].

Table 2.2: Summary of studies using DL methods for predicting progression from
MCI to AD. Abbreviations: CNN, convolutional neural networks.

Author
(Year)

N
(sMCI/pMCI)

Features DL
method

AUC
(95% CI)

Spasov et al.
(2019) [81]

228/181 brain volumes,
demographics,
neuropsychological,
APOE4

CNN 0.93 (NA)

Zhang et al.
(2021) [82]

251/162 3D brain volume CNN 0.87 (NA)

Directly comparing all of these studies summarized in Table 2.1 and 2.2 is chal-

lenging, as methodological differences, such as preprocessing techniques, validation

strategies, and dataset characteristics, are highly variable across the literature. Al-
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though DL models are less interpretable, these complex classification models are

becoming increasingly common. Studies that achieve the highest predictive accu-

racy generally use a combination of multimodal and multidimensional data along-

side complex models. When comparing the two tables, it is evident that none of

the traditional approaches in Table 2.1 achieved a higher AUC than the leading

study [81] presented in Table 2.2. Furthermore, across both traditional ML and

DL methodologies, models consistently benefit from the inclusion of complemen-

tary clinical information, such as demographic variables, cognitive assessments, and

genetic data. [4]

2.4.2 Prognostic features

The review in [41] categorized the utilized input features into several broad groups,

including imaging features, cognitive features, and demographic and genetic features,

although each category also contained multiple subcategories. Among these, imaging

biomarkers were one of the most frequently utilized feature classes. Structural T1-

weighted MRI data were used in 69% of the reviewed studies [41], again highlighting

the central role of sMRI in prognostic modeling of AD. Similarly, [4] reported that

whole brain volumes represented the most commonly used imaging feature category,

appearing in 70 reviewed studies.

As shown in Table 2.1, many studies favored volumetric measurements and cor-

tical thickness using FreeSurfer processing pipelines. For example, studies in [44],

[76], [77] used brain morphometry features together with demographic variables as

input features. Interestingly, a more recent study [44] achieved an accuracy of 70%

using an XGBoost model utilizing similar regional volume and thickness features,

highlighting the enduring relevance of these established imaging biomarkers. In con-

trast to regional volumetric and thickness measures, also voxelwise gray matter(GM)

density methods were employed, achieving an AUC of 0.68 [78].



2.4 MACHINE LEARNING FOR MCI TO AD PREDICTION 26

Regardless of the large number of studies utilizing MRI-based features, relatively

few investigations have focused specifically on MRI radiomics [8]. Nevertheless,

radiomics-based ML approaches have been increasingly applied for the classification

of cognitively normal (CN), MCI, and AD subjects using structural T1-weighted

MRI [21], [83], [84]. These studies aim to evaluate whether quantitative radiomic

features can capture subtle tissue-level alterations associated with different stages of

neurodegeneration. For example, a radiomics-based classification model presented

in [84] achieved cross-validated AUC of 0.97 (± 0.0175) when differentiating MCI

from AD subjects. Furthermore, a review by [18] highlighted the diagnostic promise

of MRI radiomics, noting that more research related to radiomics is needed.

More recently, a few prognostic studies using MRI radiomic features have been

published [7], [8], [22]. For example, a prognostic radiomics-based model was devel-

oped in [8], using baseline T1-weighted MRI from 343 MCI subjects. Extracting 756

initial features from whole-brain gray and white matter, they utilized dimensional-

ity reduction to isolate 11 key features to build a radiomic signature using logistic

regression. The radiomic signature alone achieved a moderate AUC of 0.78. Highly

predictive variables included gray matter volume counts, maximum 3D diameters,

and texture features such as cluster shade. By combining this signature with neu-

ropsychological scores using a decision tree, the model achieved an accuracy of 0.88

in the validation set. However, in the discussion section, the same value reported

as accuracy is referred to as AUC, which causes uncertainty in the interpretation of

the reported performance.

Studies [8] and [7] serve as the primary radiomic reference studies for this

thesis, as they have developed precisely the kind of multimodal prognostic models

that will be developed in this thesis. Both studies found that when cognitive tests

were combined with radiomic features, the AUCs improved significantly compared

to using the radiomic signature alone. However, uncertainties in performance met-
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rics reported by [8], combined with a broader lack of direct comparisons between

high-dimensional radiomics and conventional volumetry, highlight a critical gap in

the current literature. To address this, this thesis conducts a rigorously validated,

transparent comparative evaluation of these exact modeling strategies, alongside

an exploratory analysis of MRI radiomics. This analysis further determines the

most robust and computationally efficient sMRI features for future integration into

a CDSS.

2.4.3 Methodological challenges in prognostic modeling

Although ML methods have shown promising results in predicting progression from

MCI to AD, substantial methodological challenges remain. As summarized in Tables

2.1 and 2.2, reported predictive performances vary widely across studies. These de-

viations are largely driven by differences in dataset characteristics, modeling choices,

and validation procedures, which complicate comparisons between studies and raise

uncertainty regarding which features are most informative for modeling AD prog-

nosis. [41] Furthermore, the lack of reporting on confidence intervals in most studies

presented in this Section exacerbates these discrepancies and obscures the true reli-

ability of these results.

In predictive modeling using neuroimaging data, a major challenge is the high

dimensionality of the feature space relative to the typically limited sample sizes avail-

able [79]. Structural MRI datasets may contain hundreds or thousands of imaging

variables, particularly when radiomic features are extracted. In radiomics studies,

the number of extracted features may exceed the number of subjects by several

orders of magnitude [7], [8], making robust feature selection and validation particu-

larly important. Such high-dimensional feature spaces are often characterized by a

low signal-to-noise ratio in addition to strong correlations between features. Under

these conditions, the risk of overfitting increases, meaning the model memorizes the
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training data, including noise, and fails to generalize to unseen data [79], [85].

Furthermore, prognostic datasets frequently suffer from class imbalance, where

usually the number of sMCI subjects typically outweighs pMCI subjects within a

given timeframe. If not addressed through resampling techniques or appropriate

evaluation metrics, models may become biased toward the majority class, leading to

high overall accuracy despite poor sensitivity for identifying subjects who progress

to AD. [86] Older studies (published before 2010) also frequently used relatively

small sample sizes, which further limited reliability. For example, the study [52]

published in 2008, discussed in Section 2.3.1, had only 53/73 pMCI/sMCI subjects,

but also [76] in Table 2.1 had a very small sample size.

To mitigate the risks of high dimensionality and overfitting, feature selection

plays a central role in prognostic modeling using radiomics. Feature selection aims

to reduce dimensionality by identifying the most informative variables while re-

moving redundant or noisy features.[41] Commonly applied methods include filter

approaches based on statistical tests or correlation analysis, wrapper methods such

as recursive feature elimination, and embedded methods integrated directly into the

learning algorithm, such as LASSO regularization [21], [80].

However, improper feature selection procedures are frequently found in prognos-

tic studies [41]. The review article noted that some studies performed automated

feature selection on the whole dataset before doing the train-test split. This intro-

duces data leakage and results in overly optimistic performance estimates. There-

fore, feature selection should always be conducted exclusively within the training

data during each validation iteration. [41]

Validation strategy represents another critical methodological issue [41]. Reliable

evaluation of predictive performance requires strict separation between training and

testing data [41]. Cross-validation (CV) methods are commonly used within the

training data to estimate model performance and optimize model parameters [85].
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Among CV methods, 10-fold CV and leave-one-out cross-validation (LOOCV) are

the most commonly used approaches [4]. In k-fold CV, the dataset is divided into

k subsets, where the model is iteratively trained on k-1 folds and evaluated on the

remaining fold [87]. The review [4] discussed that while CV methods are primarily

used to estimate model performance across multiple train-test splits, nested CV is

considered best practice in ML for model optimization and hyperparameter tuning

to further reduce the risk of overly optimistic performance estimates [85].

Crucially, a strict inclusion criterion for the studies summarized in this section

(Tables 2.1 and 2.2) was the use of an independent hold-out test set for final model

evaluation. Reliable evaluation of prognostic ML models requires assessment on

previously unseen data in order to estimate how well the model generalizes beyond

the training cohort. As noted in [41], evaluating a model using the same dataset

for both training and testing provides only training performance and does not reli-

ably reflect real-world generalizability. Furthermore, the same study reported that

approximately one quarter of the reviewed studies had misused the test set during

model development or evaluation. By prioritizing studies evaluated on previously

unseen data, the performance metrics presented here provide a more realistic esti-

mate of generalizability and are therefore more comparable to this thesis.

Further complicating cross-study comparisons, the follow-up periods used across

these studies to determine disease progression also vary. In Tables 2.1 and 2.2 the

follow-up time ranges from 18 months [78], [81] to 24-36 months [7], [8], [76], [82],

while in some cases the exact follow-up time is not explicitly defined [44], [77].

This also complicates direct performance comparisons. In general, longer follow-up

periods are associated with increased prognostic uncertainty, as baseline biomarkers

become less predictive over extended time intervals. [88]

Ultimately, a critical bottleneck in deploying these models is clinical feasibility.

For these prognostic techniques to effectively assist clinicians in everyday practice,
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there must be a practical balance between the most advanced, high-performing al-

gorithms and the data that are actually accessible in standard clinical workflows.

Relying on highly invasive or expensive multimodal data limits real-world applica-

bility. Furthermore, while standard regional volumetry and complex deep learning

models have been extensively studied, there remains a significant research gap re-

garding the prognostic utility of quantitative MRI radiomics. Consequently, this

thesis focuses on bridging this gap by maximizing predictive performance using es-

sential, easily obtainable data, specifically MRI radiomics combined with standard

demographic and cognitive assessments. Furthermore, the models are evaluated us-

ing a previously unseen independent test set to provide a more realistic estimate of

model generalizability and better approximate real-world clinical deployment.



3 Materials and methods

3.1 Alzheimer’s Disease Neuroimaging Initiative

Data used in this thesis were downloaded from the Alzheimer’s Disease Neuroimag-

ing Initiative (ADNI) database (adni.loni.usc.edu). ADNI is a large longitudinal

multicenter study established in 2004 with the aim of validating biomarkers for clin-

ical trials in AD and supporting the development of disease-modifying treatments.

ADNI participants include cognitively normal (CN) individuals, MCI and AD sub-

jects. [24]

The ADNI study collects comprehensive multimodal data, including MRI, PET,

biological markers, clinical evaluations, and neuropsychological assessments to char-

acterize MCI and early AD progression. By the end of 2020, more than 5000 studies

using ADNI data had been published. [24] This thesis reflects the data available in

2025. All available ADNI phases were downloaded, including ADNI1, ADNI2, AD-

NIGO, ADNI3, and ADNI4. Nevertheless, no participants were included from the

ADNI4 phase because the data required for follow-up was not available. Ultimately,

the participants were distributed across the phases as follows: ADNI1 256, ADNI2

233, ADNIGO 64, and ADNI3 57.
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Figure 3.1: Overview of the complete analysis pipeline, illustrating the progression
from raw T1-weighted MRI acquisition through preprocessing, feature extraction,
and model training to final sMCI versus pMCI classification.

3.1.1 Participants

The entire dataset was initially divided into 3T and 1.5T subsets based on magnetic

field strength. The aim was to utilize as much MRI data as possible, which is

why participants from all ADNI phases were initially included. The ADNI1 phase

contains the majority of the 1.5T images, which were included for participants who

did not have 3.0T images available at baseline. In the ADNI1 phase, a participant

could belong to a group in which no 3T images were acquired at all. A more detailed

description of the imaging protocols related to the ADNI1 phase can be found here:

ADNI MRI technical procedures manual.

To determine the first time point, the VISCODE2 (VISCODE2=bl) variable pro-

vided by ADNI was used, which is consistent regardless of the phase. At baseline,

https://adni.loni.usc.edu/wp-content/uploads/2010/09/ADNI_MRI_Tech_Proc_Manual.pdf
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the 3T subset consisted of 2657 subjects. Individuals whose SynthSeg segmenta-

tion failed and those without baseline diagnostic information were excluded. This

left 2,501 subjects, whose diagnoses were distributed as follows: 1,136 CN, 1,010

MCI, and 336 AD. Many subjects had multiple images taken during a single scan-

ning session. To eliminate duplicates, images with a note of repetition in the series

description were removed and otherwise, the first image was included.

In the 1.5T subset, a total of 823 participants had 1.5T images at baseline, which

were processed in the same way as the 3T subset. After accounting for missing

segmentation data and removing participants with missing diagnosis information,

819 participants remained. From this subset, 450 participants were identified who

had no 3T images available and this group was merged into the 3T subset.

All of these steps were also performed to the second time point data, which

corresponded to the 2-year follow-up visit (VISCODE2=m24). The m24 visit was

selected as the primary follow-up time point because it provided the largest number

of participants who had progressed from MCI to AD while maintaining a sufficiently

large overall sample size.

For this thesis, only participants diagnosed with MCI at baseline were considered.

Participants whose follow-up dementia diagnosis was attributed to a non-Alzheimer’s

etiology (DXDDUE) were excluded to ensure that conversion events reflected pro-

gression to Alzheimer’s disease. It is also noted on the ADNI study website that the

screening procedures already aim to exclude subjects with non-Alzheimer’s etiolo-

gies (adni.loni.usc.edu/data-samples). 36 subjects converted back to the CN group

during the follow-up period and were excluded.

Although the m24 visit code was used to identify the follow-up assessment, the

actual interval between baseline MRI acquisition and follow-up diagnosis varied

across participants. Therefore, this interval was calculated directly from examina-

tion dates and restricted to a minimum of 2 years and a maximum of 3 years. Seven

https://adni.loni.usc.edu/data-samples/adni-data/study-cohort-information/ 
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Figure 3.2: Flowchart of participant selection and exclusion procedures used to
derive the final cohort from the ADNI dataset. Abbreviations: BL, baseline; T,
Tesla.

subjects fell outside this interval and were therefore excluded from the analysis. The

mean interval between the baseline MRI scan and the follow-up diagnosis was 2.1

years (SD 0.14 years). Participants diagnosed with AD at follow-up were classified

as progressive MCI (pMCI), whereas those who remained diagnosed with MCI were

classified as stable MCI (sMCI).

MMSE and ADAS-Cog 13 assessments were required to occur within 60 days

before or after the baseline MRI scan. A previous study [44] defined the accept-

able interval as less than six months. However, a stricter criterion was applied in
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this thesis to ensure closer temporal alignment between cognitive assessments and

MRI acquisition. Assessments obtained outside the 60-day window were treated as

missing values, resulting in 17 missing MMSE scores and 28 missing ADAS-Cog 13

scores. Missing cognitive scores were treated as missing and imputed using multi-

variate imputation by chained equations (MICE). The imputation model included

age, years of education, sex, MMSE score, and ADAS-Cog 13 score. Imputed MMSE

values were rounded to the nearest integer and constrained to the valid range of 0–30,

whereas imputed ADAS-Cog 13 values were constrained to the range of 0–85.

The final study cohort included 610 participants (Figure 3.2), including 444 sMCI

and 166 pMCI cases (Table 3.1).

Table 3.1: Baseline characteristics of the MCI population. Group differences be-
tween sMCI and pMCI were assessed using the Mann–Whitney U test for numerical
variables (age, education, MMSE, and ADAS-Cog 13) and the chi-squared test for
the categorical variable (sex). To account for multiple comparisons, a Bonferroni-
corrected significance threshold of p<0.01 was applied.

All sMCI pMCI p-value

ADNI, N 610 444 166
Age [y] 72.87 (7.46) 72.48 (7.56) 73.91 (7.11) 0.0238
Education [y] 16.00 (2.74) 16.05 (2.73) 15.86 (2.76) 0.4109
MMSE 27.62 (1.82) 28.0 (1.71) 26.62 (1.73) <0.0001
ADAS-Cog 13 16.56 (6.60) 14.72 (5.86) 21.49 (5.89) <0.0001
Female [%] 40.98% 40.99% 40.96% 1.00

3.2 MRI data download and NIfTI conversion

All data were downloaded to the Puhti supercomputer provided by CSC Finland,

where all image processing was performed up to the point of running the ML models.

Once the imaging data was downloaded, the first step was to convert the DICOM

(Digital Imaging and Communications in Medicine) data into NIfTI (Neuroimaging
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Informatics Technology Initiative) format. DICOM is the standard output format

for clinical MRI scanners, designed to comprehensively store individual 2D image

slices into one DICOM file alongside extensive patient and acquisition metadata.

However, due to its complexity, it is standard practice in neuroimaging related

studies to convert these files into the NIfTI format. NIfTI combines multiple 2D

image slices into a single 3D image file making it more efficient for computational

analysis. [89]

To manage this large-scale conversion, the workflow was automated using Bash

scripts executed within the Puhti supercomputing environment. The pipeline de-

ployed the dcm2bids Apptainer container, which utilized dcm2niix version 1.0, which

allowed the acquisition time to be appended to the image filenames, enabling them

to be reliably matched with other MRI metadata later based on the acquisition time.

For this thesis, all T1-weighted images from the entire ADNI study (approximately

22,000 images in total) were initially converted.

3.3 MRI data acquisition

The final analysis included both 1.5T and 3.0T T1-weighted images. The acquisition

sequences predominantly corresponded to magnetization prepared rapid acquisition

gradient echo (MPRAGE), but equivalent spoiled gradient echo with an inversion

recovery preparation sequences (SPGR/FSPGR) were also included. Across the dif-

ferent phases of the study, brain scans were performed on scanners from multiple

manufacturers. In this thesis, the final analysis included following scanner types

Philips (105), Siemens (320), and GE Healthcare (185). Because ADNI is a mul-

tisite study, the final analysis included data from 62 different sites. Consequently,

specific acquisition parameters varied across the cohort, such as repetition time (TR)

ranging from 6.5ms to 3s, and echo time (TE) ranging from 2.8ms to 4.4ms. The

slice thickness for the acquired T1-weighted sequences was predominantly 1.2 mm,
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although a small number of scans had a thickness of 1.0 mm.

3.4 Structural image analysis

3.4.1 Segmentation

Segmentation was performed directly on the raw T1-weighted images using Synth-

Seg. SynthSeg [57] is a state-of-the-art segmentation tool that utilizes a CNN trained

on a highly randomized synthetic dataset. This training strategy makes the model

contrast-independent and highly robust to extreme variations in scanner types, field

strengths, and voxel resolutions. Due to this inherent robustness, the raw images

could be segmented directly without the need for image preprocessing steps. For this

thesis, SynthSeg version 2.0 was utilized, with all computations performed on the

Puhti supercomputer. In addition to generating the segmentation masks, SynthSeg

automatically calculates regional volumetric measurements when -vol flag is added

and these were extracted simultaneously during this step. Volumetric measurements

were calculated from 101 distinct ROIs, comprising 48 ROIs from each hemisphere

and unpaired structures, such as brain stem, CSF, the third and fourth ventricles.

3.4.2 Radiomics feature extraction

All image processing steps and radiomic feature extraction were performed using

a custom-built Python (v3.10) pipeline, utilizing SimpleITK (v2.5.3) [90] for image

manipulation and PyRadiomics [91] (pyradiomics.readthedocs.io/en/latest/, v3.0.1)

for feature extraction. Pyradiomics is the most commonly utilized software package

for radiomic research and is highly IBSI-compliant, with the majority of its extracted

features aligning directly with the IBSI guidelines [80]. Similarly to the SynthSeg

segmentation process, this pipeline was executed on the Puhti supercomputer to

ensure computational efficiency across the large dataset.

https://pyradiomics.readthedocs.io/en/latest/ 
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Preprocessing steps

As discussed in section 2.3.2, preprocessing is one of the most important steps in

radiomic analysis. Unlike the deep learning segmentation method, a precise prepro-

cessing pipeline was required prior feature extraction to harmonize the structural

T1-weighted imaging data, which originated from different scanners and acquisi-

tion protocols. To maximize data consistency, preprocessing steps were executed in

the following order adhering to established best practices in current neuroimaging

literature. [8], [17], [20], [84]

First, the raw T1-weighted images were resampled to match the spatial geometry

(spacing, origin, and direction) of their corresponding SynthSeg segmentation masks.

Because SynthSeg generates its output masks at an isotropic voxel size of 1×1×1

mm3, this step resampled the voxel sizes of the raw images to be uniform across the

entire dataset. B-spline interpolation (tricubic) was used to preserve texture details

and to prevent blockness that could be occur with nearest neighbour interpolation

algorithm. This guaranteed voxel-wise alignment between the anatomical images

and the ROI masks.

Intensity non-uniformities (bias fields) are a common source of variability in

sMRI [19]. To correct low-frequency intensity non-uniformities caused by magnetic

field inhomogeneities, the images were processed using the N4BiasFieldCorrection-

ImageFilter class provided by SimpleITK. The correction was performed on full-

resolution images. A multi-resolution convergence strategy was employed, with a

maximum of 100 iterations at each of four resolution levels ([100, 100, 100, 100]) and

a convergence threshold of 0.001. A binary mask derived from SynthSeg segmenta-

tion was used to restrict bias field estimation to brain tissue, thereby reducing the

influence of background noise.

Since T1-weighted MRI intensities are arbitrary, intensity normalization is an

important step to harmonize scanner effects, as discussed in the section 2.3.2. z-
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score normalization was applied to standardize the intensity distribution across all

images. The mean (µ) and standard deviation (σ) were calculated exclusively from

voxels within the brain mask to capture statistics of the brain tissue, ignoring the

background and non-brain tissue. The image intensities were transformed using the

following formula:

x′ =
x− µ

σ
× 100

where x represents the intensity values in the raw image and x’ is the normalized

image. A scaling factor of 100 was applied to expand the dynamic range, ensuring

numerical stability.

Feature extraction

Radiomic features were extracted from the preprocessed images using the PyRa-

diomics open-source library. To capture multi-scale texture information, features

were calculated from both the original images and images filtered with a Laplacian

of Gaussian (LoG) filter (spatial scaling factors σ = 1.0, 2.0, 3.0 mm) in the same

way as in the [8].

Features were extracted from all available regions defined by the SynthSeg seg-

mentation mask. To optimize computational performance and memory usage, the

preCrop setting was enabled. This parameter crops the input image to the bound-

ing box of the respective ROI prior to any feature extraction or filter application.

While this cropping reduces memory consumption generally, it is fundamentally crit-

ical for optimizing the computationally heavy LoG filter convolutions. To prevent

edge artifacts and ensure sufficient neighborhood context for the LoG filter [91], a

padDistance of 10 voxels was applied around each bounding box.

Discretization of image intensities which is a crucial step for texture analysis was

performed using a fixed bin width approach (binWidth = 5). This value was selected
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based on the Z-scored intensity range of the normalized images (approximately -300

to +300). A bin width of 5 yields a bin count of 30 to 90 bins across ROIs. According

to the PyRadiomics documentation, the optimal number of bins is 30 to 130, as this

should ensure good reproducibility and performance [91].

For each ROI, the following PyRadiomics feature classes were extracted: shape

features, first-order statistics, and gray level co-occurrence matrix (GLCM) features.

Shape features were computed only from the original, unfiltered images, whereas the

other two feature classes were extracted from both original and LoG-filtered images.

The final dataset consisted of a total of 17,837 radiomic features per subject.

Prior to any model building, several anatomical regions were excluded from the

radiomic dataset based on physiological relevance, methodological consistency, and

statistical robustness. The following regions were removed from further analysis:

CSF, brain stem, cerebellum, ventral diencephalon (DC), frontal pole, temporal

pole and corpus callosum.

CSF was excluded because, as a fluid-filled region lacking cellular structure,

texture-based radiomic features were not considered biologically meaningful. The

brain stem and cerebellum were excluded to focus the analysis on cortical and sub-

cortical regions more directly associated with AD-related neurodegeneration. The

frontal pole, temporal pole, as well as ventral DC were excluded due to their rel-

atively small size, which increases susceptibility to segmentation inaccuracies and

unstable radiomic measurements. The corpus callosum was excluded to maintain

consistency between the radiomic and volumetric feature sets. After these exclu-

sions, the remaining radiomic dataset had 15,653 features.

3.5 Train-test split

To prevent data leakage and provide unbiased performance evaluation, the dataset

was split into training (70%) and independent test (30%) sets using the train_test-
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_split() function from scikit-learn [87]. Stratification was performed based on

the outcome variable, defined as conversion status at follow-up, to preserve the

proportions of sMCI and pMCI subjects between the training and test sets. A fixed

random state was used to ensure reproducibility of the data split. The independent

test set was not used during feature selection, model training, or hyperparameter

optimization. As shown in Table 3.2, all demographic and clinical variables were

comparable between the training and test sets. This demonstrates that the train-

test split was executed successfully and that the test set accurately represents the

training cohort.

Table 3.2: Baseline demographic and clinical characteristics of the training and test
sets. Numerical variables are presented as mean (standard deviation) and compared
using the Mann–Whitney U test. Categorical variables are presented as percentages
and evaluated using the Chi-square test of independence. To account for multiple
comparisons across the variables, a Bonferroni-corrected significance threshold of
p < 0.0125 was applied.

Variables Training set Test set p-value

N 427 183 –
Age(years) 72.68(7.37) 73.30(7.66) 0.380
MMSE 27.64(1.83) 27.59(1.79) 0.773
ADAS-Cog 13 16.56(6.76) 16.57(6.20) 0.735
Female[%] 40.28% 42.62% 0.653

In addition, Table 3.3 shows that the class proportions remain highly consistent

between the training and test sets. Notably, while demographic variables such as

age and sex show no significant difference after Bonferroni correction, the baseline

cognitive assessments (MMSE and ADAS-Cog 13) exhibit highly significant variance

between the sMCI and pMCI groups across both data splits.
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Table 3.3: Baseline characteristics stratified by sMCI and pMCI groups within the
training and test sets. Statistical tests and significance thresholds follow the exact
methodology detailed in Table 3.2.

Variables
Training set Test set

sMCI pMCI p-value sMCI pMCI p-value

N 311 116 – 133 50 –
Age(years) 72.29(7.55) 73.74(6.81) 0.045 72.93(7.57) 74.32(7.82) 0.259
MMSE 28.05(1.69) 26.55(1.77) <0.001 27.90(1.75) 26.78(1.66) <0.001
ADAS-Cog 13 14.74(6.07) 21.41(6.11) <0.001 14.65(5.35) 21.67(5.40) <0.001
Female[%] 39.87% 41.38% 0.864 43.61% 40.00% 0.785

3.6 Prognostic models

To address the research questions, seven predictive models based on different com-

binations of imaging, demographic, and clinical features were constructed to classify

sMCI versus pMCI subjects.

Two volumetric models (Vol, Vol+Cog) were constructed using structural brain

volume measurements derived from SynthSeg. Although SynthSeg produced vol-

umetric estimates for 101 brain regions, dimensionality was reduced by averaging

bilateral structures and normalizing all volumes by total intracranial volume (TIV)

to account for head-size variation. Throughout the rest of this thesis, the term ’vol-

ume’ refers to TIV-corrected mean regional volumes unless otherwise specified. This

feature engineering resulted in 52 regional volumetric features. To ensure consistency

between volumetric and radiomics models, regions excluded from the radiomics anal-

ysis were also removed from the volumetric feature set, resulting in a final set of 45

volumetric regions.

Four radiomics models were constructed. Due to the high dimensionality of

the radiomic feature space, these models required more stringent feature selection

procedures, which are described in Section 3.7.2.

The first two radiomics models (Rad, Rad+Cog) used the radiomics feature
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set extracted from a broad set of anatomically segmented bilateral brain regions

described in Section 3.4.2. These features were not averaged across hemispheres or

normalized by TIV, in contrast to the volumetric feature set.

The second two radiomic models (ROI-Rad, ROI-Rad+Cog) used a volumetry-

informed ROI strategy. In this approach, a subset of brain regions was selected

based on their association with MCI-to-AD conversion in the volumetric training

data. Radiomic features were then filtered by selecting all features corresponding to

the identified anatomical regions based on feature naming conventions. Specifically,

all radiomic variables whose labels contained any of the selected region names were

retained, forming a reduced feature space for the ROI-informed radiomics models.

This approach enabled comparison between a full radiomic feature space and

a radiomic model focused on regions showing the strongest volumetric association

with AD progression.

In addition to imaging-based models, a clinical model (Cog) was constructed

using MMSE, ADAS-Cog 13, age, and sex. This model was included to evaluate

the predictive value of clinical and demographic variables independently of imag-

ing features and to assess whether cognitive measures improve prediction beyond

imaging-derived features.

Table 3.4: Overview of the predictive models evaluated in this thesis. All models
had demographics (age and sex) as input variables.

Model Input features

Cog MMSE, ADAS-Cog 13
Vol TIV-corrected regional volumetric features
Vol+Cog Vol features + MMSE, ADAS-Cog 13
Rad Full radiomics feature set
Rad+Cog Rad features + MMSE, ADAS-Cog 13
ROI-Rad Radiomics features from volumetry-informed ROIs
ROI-Rad+Cog ROI-Rad features + MMSE, ADAS-Cog 13

All seven predictive models used logistic regression (LR) with elastic net regular-

ization as the final classification algorithm implemented in Python using the scikit-
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learn ML package [87]. Random forest was evaluated as an alternative non-linear

classifier during model development. As it achieved performance comparable to or

slightly lower than LR, the latter was selected due to its simplicity and interpretabil-

ity. This model choice strongly aligns with current literature, which recommends

LR-based frameworks to ensure clinical trust and usability within a CDSS [23].

3.7 Model training and validation pipeline

3.7.1 Preprocessing

To ensure robust data transformations to the LR model and prevent data leakage,

all preprocessing steps were embedded within a scikit-learn Pipeline utilizing a

ColumnTransformer. Numerical variables, such as age, cognitive scores, volume

features, and radiomic features were standardized to a mean of zero and unit variance

using a StandardScaler. The categorical variable, sex, was transformed using a

OneHotEncoder.

3.7.2 Feature selection

For the low-dimensional volume models and clinical model, feature selection was

performed inherently during model training using the embedded properties of the

elastic net penalty. Elastic net regularization combines both L1 (Lasso) and L2

(Ridge) penalties, making it highly advantageous for both volumetric and radiomic

data, where features frequently exhibit strong multicollinearity [92]. The L1 penalty

enforces sparsity by shrinking the coefficients of uninformative features to exactly

zero, effectively performing embedded feature selection. Simultaneously, the L2

penalty stabilizes the model by grouping highly correlated features together rather

than arbitrarily discarding them, as a pure Lasso penalty might do. [93]

Conversely, due to the extreme high dimensionality of the radiomic feature space,
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relying solely on the embedded elastic net penalty was computationally impractical

and prone to severe overfitting. While there is no universal consensus on the opti-

mal feature selection strategy for radiomics, recent literature suggests that methods

such as Lasso, ANOVA, and Minimum Redundancy Maximum Relevance (mRMR)

should be considered first to achieve high predictive performance while effectively

reducing model complexity [94]. Therefore, ANOVA and mRMR were integrated

into a multi-step feature selection procedure to reduce dimensionality before classi-

fication.

The radiomic feature selection procedure consisted of three sequential stages.

The first step was performed prior to the CV modeling pipeline, whereas the last

two steps were executed exclusively on the training data during each CV iteration

to prevent data leakage. First, to rapidly reduce dimensionality, an initial unsu-

pervised variance filter was applied, discarding any features with a variance below

0.01. Because this step evaluates only the internal variance of the features and does

not utilize the target outcome, it safely reduces the computational burden without

introducing data leakage. The remaining features were then fed into the automated

two-step feature selection pipeline. An analysis of variance (ANOVA) F-value filter

(SelectKBest) was utilized to isolate the top 300 features most highly associated with

the target outcome. Next, the mRMR algorithm implemented in the Feature-engine

package [95] was performed. The mutual information difference (MID) criterion was

used to identify an optimal subset of features, with the maximum number of selected

features restricted to 12. The maximum feature count of 12 was chosen to maintain

a conservative events-per-variable (EPV) ratio and to reduce overfitting risk [96],

[97].
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3.7.3 Cross-validation and hyperparameter tuning

To optimize hyperparameters while simultaneously providing a robust, unbiased es-

timation of model performance, a nested CV strategy was utilized for all models.

As discussed in Section 2.4.3, nested CV reduces the risk of overly optimistic per-

formance estimates by separating hyperparameter optimization from performance

estimation.

The nested CV architecture consisted of an outer loop to evaluate generalizability

and an inner loop dedicated strictly to hyperparameter tuning, both utilizing Strat-

ified K-Fold CV to maintain class balance. For the volumetric and clinical models,

the outer loop employed 10 folds, and the inner hyperparameter optimization was

conducted using Bayesian Optimization BayesSearchCV() from the scikit-optimize

(skopt) library for 30 iterations, optimizing directly for the AUC. In contrast, to

maintain computational feasibility given the high-dimensional feature space, the ra-

diomics models utilized a 5-fold outer loop and 20 optimization iterations. Across

all models, the inner tuning loop was fixed at 5 folds.

The outer CV loop was used exclusively for performance estimation, whereas

hyperparameter optimization was conducted within the corresponding inner folds.

After completion of the nested CV procedure, Bayesian optimization was repeated

on the full training set to determine the final hyperparameter configuration. The

final model was then trained using the complete training set and evaluated on the

independent hold-out test set.

3.8 Statistical analysis

The final predictive models were evaluated on the independent hold-out test set to

assess their generalization performance on previously unseen data. Model perfor-

mance was quantitatively assessed using a comprehensive set of classification metrics,
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specifically the AUC as the primary performance metric, overall accuracy, balanced

accuracy, sensitivity, and specificity. Binary classifications were determined by cal-

culating an optimal decision threshold on the training set using Youden’s J statistic

(J = Sensitivity + Specificity − 1). This approach maximizes the true positive rate

while minimizing the false positive rate [98]. The inclusion of balanced accuracy was

particularly critical for this analysis, as it provides a robust evaluation metric that

accounts for the inherent class imbalance between sMCI and pMCI subjects within

the cohort [44].

To quantify uncertainty in model performance, 95% confidence intervals (CIs)

were estimated using bootstrap resampling with 1,000 iterations. The lower and

upper confidence bounds corresponded to the 2.5th and 97.5th percentiles of the

bootstrap distributions, respectively. Finally, to directly address the core research

questions of this thesis, pairwise comparisons of model AUCs were performed using

DeLong’s test to evaluate whether observed differences in discrimination perfor-

mance were statistically significant.



4 Results

4.1 Structural MRI models

All imaging-based models achieved AUC values above 0.70 on the independent test

set, indicating that baseline sMRI contained prognostic information regarding future

conversion from MCI to AD.

The Vol model demonstrated moderate discriminative performance for predicting

conversion from MCI to AD. In the training set, the model achieved a mean AUC

of 0.76 ± 0.073. Evaluation on the independent test set resulted in an AUC of 0.73

(95% CI: 0.65–0.81), (Table 4.1).

Table 4.1: Predictive performance of the sMRI models on the independent test set.
AUC values are presented with 95% CI obtained by bootstrap resampling.

Metrics Vol Rad ROI-Rad

AUC (95% CI) 0.73 (0.65-0.81) 0.75 (0.67-0.83) 0.79 (0.70-0.86)
Balanced accuracy 0.69 0.71 0.73
Accuracy 0.69 0.73 0.70
Sensitivity 0.68 0.68 0.78
Specificity 0.69 0.74 0.68

18 volumetric regions were retained in the final LR model as predictive features.

Figure 4.1 presents the standardized coefficients of the selected volumetric predic-

tors. Positive coefficients indicate increased probability of progression, whereas neg-

ative coefficients indicate association with sMCI status. These 18 regions (Figure
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Figure 4.1: Standardized coefficients of the volumetric model.

4.1) were subsequently used to define the ROI-Rad feature set.

Although the Rad and ROI-Rad models demonstrated comparable performance

during nested CV (mean AUC 0.78 ±0.050 and 0.77 ±0.038, respectively), ROI-Rad

generalized better to the independent test set, achieving an AUC of 0.79 compared

with AUC of 0.75 for Rad (Figure 4.2). Although the difference reached nominal

significance according to DeLong’s test (p = 0.04), it did not remain significant after

Bonferroni correction (α < 0.0167) (Table 4.2).
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Figure 4.2: Receiver operating characteristic (ROC) curves for the Vol, Rad, and
ROI-Rad models evaluated on the independent test set. Shaded areas indicate 95%
CI.

4.2 Comparative evaluation of volumetric and ra-

diomic models

When comparing the Rad model with the entire radiomic feature set as input to

the Vol model, the radiomics approach yielded a marginal increase in performance

(∆AUC = 0.02) in the independent test set. However, this difference was not sta-

tistically significant (p = 0.515), indicating that the full radiomics model did not

provide a significant prognostic advantage over conventional volumetric features.

Consequently, comparison of the optimized ROI-Rad model with the baseline

Vol model demonstrated an increase in discrimination performance(∆AUC = 0.06).

Although this difference did not reach statistical significance according to DeLong’s
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Table 4.2: Pairwise comparative evaluation of the sMRI prognostic models using
DeLong’s test to address RQ2. Differences in AUC (∆AUC) and corresponding
p-values are reported for the independent test set. Because three pairwise model
comparisons were performed, statistical significance was assessed using a Bonferroni-
corrected threshold of p < 0.0167.

Models ∆AUC p-value

Vol vs Rad 0.02 0.515
Vol vs ROI-Rad 0.06 0.087
Rad vs ROI-Rad 0.04 0.043

test (p = 0.087), the ROI-Rad model consistently achieved higher performance across

multiple evaluation metrics.

4.3 Effect of cognitive tests

As previously established in the baseline cohort characteristics (Tables 3.1 and 3.3),

MMSE and ADAS-Cog 13 scores exhibited significant differences between the stable

and progressing MCI groups, suggesting that these scores contain prognostic po-

tential. Consistent with this observation, the integration of these cognitive metrics

with the sMRI features generally improved predictive performance. As shown in

Table 4.3, all multimodal models achieved an AUC of 0.80 or higher, with the ROI-

Rad+Cog model achieving the highest overall predictive performance in this thesis

(AUC = 0.82).

Furthermore, the multimodal models demonstrated consistent performance be-

tween nested CV and independent test set evaluation. Vol+Cog and Rad+Cog

achieved mean CV AUCs of 0.82 ± 0.051 and 0.82 ± 0.045, respectively, while

ROI-Rad+Cog achieved a mean CV AUC of 0.81 ± 0.049. The corresponding test

set AUCs remained similar, suggesting good generalization performance and limited

evidence of substantial overfitting (Figure 4.3).

In addition, the Cog model, without any imaging features, achieved an AUC of
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Table 4.3: Predictive performance of the multimodal models on the independent
test set. AUC values are presented with 95% CI obtained by bootstrap resampling.

Metrics Vol+Cog Rad+Cog ROI-Rad+Cog

AUC (95% CI) 0.80 (0.73-0.87) 0.80 (0.74-0.87) 0.82 (0.75-0.89)
Balanced accuracy 0.70 0.72 0.74
Accuracy 0.67 0.73 0.74
Sensitivity 0.76 0.70 0.74
Specificity 0.64 0.74 0.74

0.81 (95% CI 0.74-0.87) on the independent test set. Among all models, this clinical

model achieved the highest sensitivity of 0.80. However, its specificity (0.65) was

comparable to that of the Vol+Cog model (0.64), representing the lowest specificity

values among the evaluated models.

To address RQ2, pairwise DeLong’s tests were conducted to assess whether the

addition of cognitive measures resulted in statistically significant improvements in

AUC on the independent test set (Table 4.4). A significant improvement was ob-

served for the volumetric model (Vol vs. Vol+Cog, p = 0.005). In contrast, al-

though the full radiomics model showed a higher AUC after the addition of cogni-

tive measures (Rad vs. Rad+Cog, p = 0.030), the result did not remain statisti-

cally significant after Bonferroni correction (corrected significance threshold: p <

0.0125). These findings suggest that cognitive assessments provide complementary

prognostic information beyond volumetric MRI features, whereas their added value

for radiomics-based models was less evident in the present dataset.
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Figure 4.3: ROC curves for the Vol+Cog, Rad+Cog, and ROI-Rad+Cog models
evaluated on the independent test set. Shaded areas indicate 95% CI.

Table 4.4: Pairwise comparison of imaging-based prognostic models using DeLong’s

test. Differences in AUC (∆AUC) and corresponding p-values are reported for the

independent test set. Because four pairwise model comparisons were performed,

statistical significance was assessed using a Bonferroni- corrected threshold of p <

0.0125.

Models ∆AUC p-value

Vol vs Vol+Cog 0.07 0.005

Rad vs Rad+Cog 0.05 0.030

ROI-Rad vs ROI-Rad+Cog 0.03 0.181

Cog vs ROI-Rad+Cog 0.01 0.597
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Figure 4.4: ROC curve for the Cog model evaluated on the independent test set.
Shaded areas indicate 95% CI.

Moreover, this same trend was observed when cognitive scores were added to

the highly optimized ROI-Rad model, the performance increase did not result in

a statistically significant improvement (p = 0.181). This also suggests that the

performance gain associated with cognitive information was smaller for the radiomics

models.

Finally, to benchmark the multimodal approach against the clinical model, the

highest performing ROI-Rad+Cog model was compared directly against the Cog

model. While the multimodal model achieved higher absolute predictive perfor-

mance, the difference was not statistically significant (p = 0.597).
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4.4 Feature analysis

As shown in Figure 4.1, the largest coefficients in the Vol model were associated with

the hippocampus, superior parietal cortex, middle temporal gyrus, inferior parietal

cortex, and amygdala. These regions were also retained in the final Vol+Cog model,

indicating that these regions remained important predictors of AD conversion even

when cognitive test variables were included.

In the high-dimensional models, substantial overlap in selected predictors was

observed between the Rad and ROI-Rad models. Most notably, four distinct ra-

diomic features were consistently selected across all radiomics models, completely

independent of regional constraints or the integration of clinical cognitive scores: the

10th percentile of the right amygdala (LoG 3.0mm), the least axis length of the left

hippocampus, the GLCM contrast of the right middle temporal gyrus (LoG 1.0mm),

and the 90th percentile of the left amygdala (LoG 1.0mm). In both Rad and ROI-

Rad models the 10th percentile of the right amygdala and the least axis length of

the left hippocampus exhibited the highest absolute coefficients, underscoring their

primary prognostic importance.

Although volume-related radiomics features were available for all anatomical

regions, only two regions and their mesh volume or voxel volume were also among

predictors in the final radiomics models. A volume-based feature from the left middle

temporal gyrus was retained in all radiomics models. Interestingly, while the mesh

volume of the left entorhinal cortex was selected in both Rad models, this region

was not retained in the volumetric models. In addition, in the Rad+Cog model, the

first-order skewness of the left entorhinal cortex achieved a larger absolute coefficient

than the MMSE score. However, across all other multimodal combinations of sMRI

and cognitive test models, the ADAS-Cog 13 and MMSE scores received the largest

absolute coefficients, being the most influential predictors when included in the

models.
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Detailed standardized coefficient plots for the final models are provided in Ap-

pendix A.



5 Discussion

The primary objective of this thesis was to evaluate and compare the prognostic

value of conventional volumetric features, high-dimensional radiomic features, and

established cognitive assessments in predicting the conversion from MCI to AD

approximately two years after baseline. In all independent test set evaluations,

predictive models demonstrated good discriminative capabilities between sMCI and

pMCI groups, confirming that baseline sMRI and cognitive assessments contain

critical prognostic information. All multimodal models achieved an AUC of 0.80 or

higher. Among the evaluated models, ROI-Rad+Cog achieved the highest predictive

performance.

When compared with previous studies, the baseline volumetric model developed

in this thesis achieved performance that was broadly comparable to more complex

XGBoost model in [44], which also included regional thickness measures. The rel-

atively simple LR model, based on regional volume measurements calculated using

the fast SynthSeg tool, was able to capture a substantial proportion of the prognostic

signal available. In addition, the sMRI models demonstrated robust predictive va-

lidity, relying on anatomical features that strongly align with established pathways

of AD progression [11], [13]. The biological plausibility of the Vol model is further

supported by the retained predictors (Figure 4.1). Larger hippocampal volume was

associated with the sMCI status, consistent with extensive evidence demonstrating

hippocampal atrophy as one of the earliest and most robust imaging biomarkers of
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AD progression [13]. Other highly weighted regions included the amygdala, middle

temporal cortex, and parietal regions, all of which have been repeatedly linked to

AD pathology and disease progression [11], [13], [99].

Regarding the comparison between volumetric and radiomics-based approaches,

the results provide only partial support for the hypothesis that radiomic features im-

prove prognostic performance. The radiomics model utilizing the full feature space

(Rad) achieved only a modest improvement over the volumetric baseline, and this

difference was not statistically significant. Although ROI-Rad achieved the highest

AUC among the imaging-only models, the improvement over the volumetric model

did not remain statistically significant after correction for multiple comparisons.

These findings highlight both the potential and limitations of radiomics approaches.

Although ROI-Rad achieved the highest imaging-only AUC, the lack of statistically

significant improvement relative to the volumetric model suggests that any addi-

tional prognostic information provided by radiomics is modest. Importantly, these

modest performance gains achieved by radiomics must be balanced against the in-

creased methodological complexity required for feature extraction, dimensionality

reduction, and model optimization [17], [20]. In contrast, volumetric measures are

easier to compute, easier to interpret, and more readily transferable to clinical prac-

tice. Therefore, the incremental predictive benefit of radiomics should be considered

alongside its additional computational and methodological burden.

An important observation was that the ROI-Rad approach was not based on

prior biological assumptions alone. Instead, the regions were identified through the

volumetric training data and subsequently used to constrain the ROI feature set.

The resulting performance improvement suggests that in this thesis volumetric mea-

sures appear useful for identifying anatomically relevant regions, whereas radiomic

features provide additional characterization of tissue properties within those regions.

The feature analysis further supports the hypothesis that radiomic features
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may provide additional prognostic information beyond conventional volumetric mea-

surements. In radiomic models, the most influential predictors repeatedly origi-

nated from structures classically associated with AD pathology, including the hip-

pocampus, amygdala, EC and middle temporal regions. The previously mentioned

study [44], which examined volume and thickness measurements, found that EC

thickness, in particular, is associated with the progression of MCI to AD. An in-

triguing finding was the appearance of EC radiomic features in the final Rad and

Rad+Cog models despite the absence of entorhinal volume measures in the final

volumetric models. The fact that the skewness of the left EC captured from the

original image had an even higher coefficient than the MMSE score coefficient in the

Rad+Cog model is a noteworthy observation, because the EC together with the hip-

pocampus is widely recognized as one of the first regions affected by AD pathology,

due to tau protein related accumulation occurring in this region during the earliest

stages before widespread cortical involvement [13], [99]. The right EC mesh volume

was also retained in the final Rad+Cog model. One possible interpretation of this is

that radiomic features capture subtle tissue-level alterations within the entorhinal

cortices that are not captured in the TIV-corrected and averaged EC volumetric

measures. However, this hypothesis cannot be verified within the present thesis and

requires further validation.

In addition, when the performance between the Rad and ROI-Rad models is

compared, a fundamental challenge related to high-dimensional ML known as the

curse of dimensionality can be observed [16]. The initial radiomic feature space

comprised more than 15,000 variables for the training set of 427. This p > > n

paradigm [80], increases the likelihood that the algorithm will identify false corre-

lations that exist only in the training data. While nested CV and feature selection

methods were employed to mitigate this, the full Rad model remained susceptible

to overfitting due to the overwhelming ratio of noise to potential signal, which may
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have contributed to slight overfitting of the Rad model, resulting in a small drop in

performance when evaluated on the independent test set.

However, the ROI-Rad approach succeeded in overcoming this limitation. From

an ML perspective, integrating this domain knowledge effectively acts as a form of

regularization. By artificially restricting the hypothesis space to regions exhibiting

macro-structural atrophy, the pipeline effectively suppressed high-dimensional noise.

This intervention appears to have improved the bias-variance tradeoff [80]. It in-

troduced a biologically sound inductive bias that substantially reduced the model’s

variance. Consequently, the ROI-Rad model demonstrated superior generalization

capabilities on the independent hold-out test set compared to the Rad model. This

suggests that when using high-dimensional neuroimaging data, relying solely on

automated feature selection is often insufficient, and that hybrid pipelines leverag-

ing domain-specific structural priors are essential for building robust, generalizable

prognostic models.

Compared with the two previous radiomics studies [7], [8], this thesis extracted

radiomic features from a substantially broader range of brain regions. Both studies

focused on WM and GM for radiomic feature extraction, while study [7] also in-

cluded CSF. Despite these differences in feature extraction regions, some radiomic

features were consistently identified across studies. Notably, cluster shade was in-

cluded in the radiomic signatures reported in both previous studies and was also

retained in all final PyRadiomics models developed in this thesis, suggesting that

this texture feature may capture disease-related image heterogeneity that is robust

across different extraction approaches.

Direct comparison of model performance between studies is challenging because

radiomic features were extracted from different anatomical regions, using differ-

ent software packages, and incorporated into different ML pipelines. For example,

study [8] generated a radiomics signature using PyRadiomics features that was sub-
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sequently used to calculate a radiomics score for a tree-based classification model.

Although study [8] reported a higher AUC than the ROI-Rad+Cog model developed

in this thesis, the ROI-Rad model achieved a higher AUC than the radiomics sig-

natures reported in studies [7] and [8] (AUC = 0.69 and AUC = 0.78, respectively).

These findings may indicate that extracting radiomic features from specific smaller

anatomical regions can provide useful discriminatory information and with further

optimization of the algorithms, radiomic features extracted and larger training set,

this approach could evolve into an exceptionally effective predictive tool. Neverthe-

less, methodological differences between the studies limit the ability to draw direct

conclusions regarding which approach is superior.

Another notable finding was the strong performance of the cognitive assessments.

Consistent with previous studies [8], [77], the inclusion of MMSE and ADAS-Cog 13

generally improved predictive performance, particularly for the volumetric model.

However, the performance gain was smaller for the radiomic models and did not

remain statistically significant after correction for multiple comparisons.

The cognitive-only model also demonstrated remarkably strong performance,

achieving predictive accuracy comparable to that of the best multimodal model. No

statistically significant difference was observed between the Cog and ROI-Rad+Cog

models. The strong performance of the Cog model may reflect the fact that neu-

ropsychological assessments directly capture the functional consequences of neurode-

generation. While imaging biomarkers quantify structural changes, cognitive tests

measure the clinical expression of these changes. Consequently, cognitive assess-

ments may remain highly effective predictors over relatively short follow-up intervals

such as the approximately two-year period examined in this thesis.

A major methodological strength of this thesis lies in its efficient and balanced

computational pipeline, which integrated DL for image segmentation with inherently

explainable ML for clinical prognostic classification. Traditional sMRI segmentation
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pipelines, such as FreeSurfer, are computationally very heavy as discussed in Section

2.3.1, in contrast to the fast SynthSeg segmentation. To further mitigate compu-

tational bottlenecks, the entire image processing and radiomic extraction pipeline

was executed on the Puhti supercomputer (CSC Finland). While deploying high-

throughput custom Bash and Python pipelines in a high-performance computing

environment required a more complex technical implementation, it significantly ac-

celerated processing times for the large ADNI cohort.

However, several limitations regarding the thesis cohort and data pipeline must

be acknowledged. First, the sample size remains relatively modest for a high-

dimensional radiomics analysis, and the inherent class imbalance limits statistical

power, even though the pMCI cohort was marginally larger than in comparable

benchmark studies [7], [8]. Furthermore, while an independent test set was used,

all participants originated from the ADNI cohort. Therefore, external validation in

independent clinical populations is required before a broader clinical deployment.

Second, critical technical limitations relate to the radiomics extraction pipeline.

The MRI data were acquired across multiple sites using diverse scanners and proto-

cols. While this reflects real-world clinical heterogeneity, radiomic features are very

sensitive to acquisition parameters and scanner-specific effect [16], [20]. Although

careful preprocessing was performed to reduce these effects, some scanner- and site-

related noise inevitably remains. For example, the ComBat method could have

been used to further reduce the scanner effect [19]. Additionally, there were some

minor methodological challenges between the segmentation phase and the feature

extraction phase. For instance, radiomic features were calculated from separately

resampled images rather than the exact intermediate resampled images generated

by SynthSeg during segmentation. Furthermore, because explicit skull-stripping

was omitted prior to extraction, and image preprocessing was performed post-

segmentation, subtle variations in the segmentation masks and resulting radiomic
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features cannot be ruled out. Finally, as radiomic features are highly software-

dependent, direct comparisons with studies utilizing tools other than PyRadiomics

should be interpreted with caution.

While the predictive modeling intentionally emphasized explainable ML, this ap-

proach serves as both a strength and a limitation. Rather than employing complex

"black-box" algorithms for the final models, the use of LR with elastic net penalty

provided transparent, standardized feature coefficients. In the context of clinical

decision support system, this interpretability is a critical requirement [23]. Never-

theless, this may not represent the optimal modeling strategy. More sophisticated

ML approaches may potentially capture more complex patterns and possibly achieve

higher accuracy. For example, decision tree [8], [80] or DL architecture [100] may

have achieved different levels of predictive performance. Therefore, the present re-

sults should not be interpreted as evidence that LR represents the absolute upper

bound of predictive accuracy for radiomic-based models AD prognosis.

The findings of this thesis open several doors for future studies. Future engi-

neering efforts should focus on integrating the most optimal Vol+Cog model into

a fully automated CDSS capable of retrieving MRI data and relevant non-invasive

clinical information directly from hospital information systems. This pipeline could

provide clinicians with an interpretable prognostic risk estimate while minimizing

additional workflow burden.

Second, confirming the predictive value of the EC radiomics requires more com-

prehensive biological validation. Since the EC is classically associated with the

earliest accumulations of tau protein, future multimodal studies should combine

sMRI radiomic signatures with molecular imaging, such as Tau-PET. Establishing

a direct correlation between radiomic texture alterations and molecular pathology

would fundamentally validate radiomics as a proxy for early microstructural neu-

rodegeneration.
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Finally, this thesis focused exclusively on baseline prognostic biomarkers. Fu-

ture computational studies should explore longitudinal ML models to analyze how

radiomic features change over time. By incorporating the trajectory of morpholog-

ical and textural changes across multiple time points, the clinical understanding of

progressive neurodegeneration and predictive accuracy could be further enhanced.



6 Conclusions

The results of this thesis demonstrate that baseline sMRI features can be used to

predict progression from MCI to AD approximately two years after baseline, con-

firming their value as prognostic imaging biomarkers. Both sMRI and cognitive

assessments provide valuable prognostic information. Although high-dimensional

radiomic features achieved competitive predictive performance compared to conven-

tional volumetric features, they did not yield statistically significant improvements.

When evaluating multimodal models, adding cognitive assessments to the volumet-

ric model (Vol) significantly improved the performance of the model, whereas no

significant improvements were observed in the radiomic models. The strongest pre-

dictive performance of the combined region of interest radiomics and cognitive tests

model (ROI-Rad+Cog) underscores the potential of radiomics when features are

extracted from relevant brain regions. However, the model with volumetric fea-

tures and cognitive assessments provided the most favorable balance between predic-

tive performance, interpretability, and implementation complexity. Therefore, the

present findings support this multimodal model as the most practical non-invasive

approach for the future development of CDSS.
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Appendix A Model coefficients

Figure A.1: Standardized coefficients of the Vol+Cog model.



APPENDIX A. MODEL COEFFICIENTS A-2

Figure A.2: Standardized coefficients of the Rad model.

Figure A.3: Standardized coefficients of the Rad+Cog model.



APPENDIX A. MODEL COEFFICIENTS A-3

Figure A.4: Standardized coefficients of the ROI-Rad model.

Figure A.5: Standardized coefficients of the ROI-Rad+Cog model.
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