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Summary

Axons are micrometer-thin cables that carry signals across the brain, with their size
determining how quickly those signals travel. Because axon size can be altered in
neurological disorders such as autism spectrum disorder and Alzheimer’s disease, it
represents a promising clinical biomarker candidate.

Diffusion-weighted magnetic resonance imaging (MRI) provides a non-invasive
way of probing axon size in vivo via the effective axon radius 7.4, a scalar approxima-
tion of all axon radii within an MRI voxel. However, r. g appears to be measurable
only on specialized research scanners and lacks quantitative experimental validation,
as available histology is sparse and restricted mainly to qualitative assessments,
especially in humans.

This thesis addresses these challenges through three steps: (i) creating a densely
sampled, MRI-scale histological reference for r g in the human corpus callosum using
deep learning-based segmentation of light microscopy, (ii) validating state-of-the-art
in vivo and ex vivo MRI r 4 estimation methods against this histological reference,
and (iii) using histology-informed simulations to explore clinical feasibility and
identify limitations of the current approach.

We first establish our histological reference for 7.4, showing improved precision
and accuracy compared to existing histology. Using this reference, we demonstrate
a significant correlation with in vivo MRI-based 7.4, providing the first quantitative
evidence that MRI captures anatomical variation of axon size in the human brain.
While these results were obtained on a research scanner, simulations suggest that
translation to recent clinical scanners may be feasible, albeit requiring substantial
gains in signal-to-noise ratio. At the same time, our simulations reveal an inherent
sensitivity limitation of the current signal model, preventing experimental validation
of r.g under ex vivo conditions.

In conclusion, this thesis establishes a histological framework for validating r.g
and provides the first quantitative evidence that MRI can measure axon radii in the
human brain. It also highlights the steps required for clinical adoption and identifies
key modeling limitations that point the way toward future advances.
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Chapter 1

General introduction

Axons can be thought of as micrometer-thin cables that transmit signals across the
brain, with their size influencing signal transmission speed . Axon size varies
spatially across the brain and changes temporally throughout development and
aging, making axon size a key feature of brain structure and function. Importantly,
axon size can also change during damage or disease, such as in a range of neurological
disorders, including neurodevelopmental conditions such as autism spectrum disorder
, and neurodegenerative diseases such as multiple sclerosis ﬂgﬂ, Alzheimer’s
disease and Parkinson’s disease . Together, these observations position the
axon radius as a potential neuroimaging biomarker for clinical application.

This biomarker may be accessible through diffusion-weighted magnetic reso-
nance imaging (dAMRI). Most dMRI signal models for axon radius represent axons
as cylindrical structures with varying radii . Given that these axons are
micrometer-thin, a typical in vivo dMRI voxel—with edge lengths of 1 mm or
more—contains millions of them. As a result, the dMRI signal reflects the combined
contribution of all axons within a voxel. This aggregate contribution has been
proposed to be captured in a scalar metric: the effective axon radius (r.g) [19]
16]. 7. is particularly sensitive to the largest axons, which form the tail of the
right-skewed axon radius distribution , .

Despite theoretical sensitivity to 7.4, practical estimation in dMRI experiments
remains challenging, and its feasibility has been the subject of longstanding debate in
the field. The r g-related contribution to the dMRI signal is only one among many,
with additional signal arising from other tissue compartments 19H22), complex
axonal morphology [23128], axon orientation [29 and noise — making it
difficult to isolate the component specific to r.g. Even more critically, the r g-related
signal is inherently weak — so weak that it appears inaccessible to standard clinical
scanners. Nonetheless, recent advances in modeling @ , , and scanner
technology have produced promising candidate approaches for r.g mapping.
While currently limited to a handful of cutting-edge research scanners worldwide,
translation to clinical settings may become feasible with now emerging powerful
clinical MRI systems — making this a more timely moment than ever to establish
the method.

These technical and modeling advances now shift the burden to experimental



validation. Such validation typically relies on microscopy-based histology of ex vivo
tissue ﬂ§|, , , , which offers direct visualization of axons. Yet, while
both dMRI and microscopy are sensitive to micrometer-thin axons, the imaging
scales are vastly different: dMRI voxels average the signal over millions of axons
within millimeter-scale regions, whereas existing microscopy data typically samples
only small regions of interest ) containing a few hundred to a few thousand
axons [4, [17] 23, [26] [38, [44] [45]. This mismatch may lead to unreliable .4 [15] [38],
since the large axons that dominate r.g are rare and therefore hard to capture in
small ROIs. Compounding this issue, existing datasets generally include too few
ROIs to support quantitative comparisons across space, leaving validation efforts at
a qualitative level.

In this thesis, we move beyond qualitative assessments and provide the first
quantitative validation of dMRI-based axon radius mapping in the human brain.
We establish a histological reference dataset for dMRI-based axon radius mapping
using deep learning-based axon segmentation of light microscopy (LM) images at the
scale of in vivo dMRI. We test dMRI-based estimates from both in vivo and ex vivo
scans against this reference, and conduct histology-informed simulations to probe
limitations and clinical feasibility. Together, these efforts yield the first quantitative
evidence that in vivo dMRI captures anatomical variation of axon radii, while also
defining the conditions for clinical translation and identifying key limitations of the
current modeling approach.

1.1 Outline

The thesis builds on a multimodal dataset of the human corpus callosum, spanning a
range of spatial scales from microscopy to dMRI (see Figure fd). Each modality
contributes to the overall goal of validating and advancing MRI-based axon radius
mapping, as outlined below:

o Chapter [2 provides the theoretical and biological background. It introduces
the anatomical and functional role of axons and outlines how their radii can be
quantified with the modalities used in this thesis. On the histological side, we
focus on axon segmentation of microscopy images with deep learning, while on
the dMRI side, we review the fundamentals of diffusion MRI and the modeling
approaches required to derive the axon-radius related metric rg.

o Chapter 3| presents a method for generating histological reference data for
rog Using deep learning-based segmentation of LM images matched to in vivo
dMRI voxel size (see Figure[L.1p,c). We validate this method against manually
annotated LM data and higher-resolution electron microscopy (EM) data (see
Figure[I.1a-b,e), then apply it to two further corpus callosum samples to build
a reference dataset (see Figure [1.1f). The chapter is based on Mordhorst et al.
[, 7.

o Chapter {4 tests the validity of state-of-the-art r.z mapping with dMRI by
computing spatial correlations between dMRI-based r.4 and the histological
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reference established in Chapter |3l In vivo dMRI-based r.g show a significant
group-level correlation with histological values (see Figure ,c,f), providing
the first quantitative evidence that dMRI captures spatial axon radius variation.
In contrast, ex vivo r.g show no such correlation (see Figure [1.1h,d,f). We also
mirror experimental dMRI with simulations anchored in histology, revealing a
reduction in sensitivity to large r.g values and a global offset. The chapter is
based on Mordhorst et al. [47].

Chapter 7] investigates the discrepancies identified in Chapter [4l We trace the
reduced sensitivity to signal model approximations and highlight anatomical
and acquisition factors driving this effect. We also test candidate explanations
for the global offset and discuss strategies for mitigating them. The chapter is
based on Mordhorst et al. [47].

Chapter [6] explores the feasibility and clinical potential of r,g mapping. Us-
ing histology-informed simulations, we optimize dMRI protocols for clinical
scanners and illustrate their potential in a hypothetical application distin-
guishing individuals with ASD from healthy controls. The chapter is based on
Mordhorst et al. [47].

Chapter 7] synthesizes the main findings of this work, discusses broader im-
plications for dMRI and neuroimaging, and outlines directions for future
research.

Chapter [§| provides the materials and methods underlying the entire thesis. The
first sections describe the multimodal dataset of the human corpus callosum in
more detail, the acquisition and processing pipelines for each modality, and a
framework for histology-based dMRI simulations. These sections apply across
Chapters [3) to |6, whereas the final sections detail the analyses specific to each
chapter.

11
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Figure 1.1: A multimodal dataset of the human corpus callosum. (a—d)
Comparison of imaging scales across modalities. The central illustration shows a
mid-sagittal sketch of the human brain with a magnified view of a corpus callosum
subregion, highlighting ROI and voxel sizes across: (a) light microscopy (LM), with
a representative ROI and a magnified view illustrating segmentation of myelin sheath
(black) and axonal body (white); (b) electron microscopy (EM), with corresponding
magnified view; (c) in vivo dMRI from this study, shown as a fractional anisotropy
(FA) map from one exemplary subject; (d) ex vivo dMRI from this study, shown as a
diffusion-weighted image. (e-f) Overview of the multimodal human corpus callosum
dataset and its applications: (e) training and evaluation of axon segmentation in
LM, using one corpus callosum sample (CC-01) with LM and EM ROIs (see legend);
(f) experimental validation, using LM and dMRI. Two corpus callosum samples
(CC-02 and CC-03) were scanned with LM, CC-02 was additionally scanned with
ex vivo dMRI, and five subjects were scanned with in vivo dMRI (image highlights
corpus callosum).
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Chapter 2

Background

This chapter provides the background for studying axon radii in the human brain.
We begin by outlining the biological role of axons and their relevance for neural
communication (Section . We then describe how microscopy and modern image
analysis enable axon radii to be quantified at cellular resolution, providing histological
benchmarks against which dMRI-based estimates can be validated (Section [2.2]).
Finally, we introduce how the microscopic motion of water within axons can be
exploited with dMRI to non-invasively estimate axon radii at the macroscopic scale

(Section [2.3)).

2.1 From brain to axon: biological background

This section outlines the hierarchical organization of brain tissue, moving from the
whole brain to white matter and finally to the axon, which forms the core focus of
this thesis.

The brain can be broadly divided into three tissue types (see Figure )
Cerebrospinal fluid cushions and protects the brain. Gray matter consists
mainly of neuronal cell bodies, the information-processing centers of the brain, which
are grouped into larger nuclei according to structure and function. White matter is
composed primarily of axons — extensions of neurons that enable communication
between different brain regions.

White matter

White matter lies in the deeper layers of the brain (see Figure [2.1p) and constitutes
about half of its volume. It is mainly formed by bundles of myelinated nerve
fibers that connect distant gray matter regions (see Figure ) Besides axonal
bundles, white matter contains glial cells, blood vessels, perivascular cells, and
occasional neuronal cell bodies [49]. Among the glia, oligodendrocytes form the
myelin sheath that insulates fibers and accelerates conduction, while astrocytes
regulate neurotransmitter balance and nutrient uptake from the blood . Through
this cellular composition, white matter supports neural signaling, contributes to
learning and cognition, and coordinates activity across brain regions .

13
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Figure 2.1: From brain to axon. (a) Coronal slice of the human brain showing
gray matter, white matter, and cerebrospinal fluid (CSF). (b) Microstructural
phantom of white matter composed of densely packed, myelinated axons. (c)
Schematic of a neuron, including dendrites, cell body, myelin sheath, nodes of
Ranvier, as well as the axon with hillock and terminal.ﬂﬂ

?Panel (a) adapted from Wikimedia Commons, by Dhp1080, licensed under CC BY-SA 3.0.

®Panel (b) reproduced from Novikov et al. , with permission from Elsevier. Cropped for
clarity.

“Panel (c) adapted from Wikimedia Commons, by John A Beal, licensed under CC BY 2.5.

Azxons

Neurons communicate via action potentials—brief electrical impulses that travel
along cable-like structures called axons (see Figure ) Each axon originates at the
axon hillock, where action potentials are initiated, extends through the axon as the
signal propagates, and terminates at axon terminals that transfer the signal to other
neurons, muscles, or glands , . The conduction speed along the axon depends
on its size, with larger axons supporting faster propagation [3, 54]. In mammals,
transmission is further accelerated by the myelin sheath, a lipid—protein membrane
produced by oligodendrocytes that insulates the axon . Myelin is periodically
interrupted by nodes of Ranvier, where the action potential is regenerated, enabling
saltatory conduction in which impulses effectively “jump” between nodes. Disruption
of axonal structure or myelination impairs action potential propagation and underlies
many neurological disorders [56].

Axons vary widely in length—from less than a millimeter to multiple meters
[57]—and typically measure between 0.1 and 10 pm in radius [54], depending on their
functional role and anatomical location. Large, heavily myelinated axons dominate
in motor and sensory pathways that require rapid communication, whereas smaller,
lightly myelinated axons prevail in higher-order association areas , .

2.2 Quantifying axon radii with microscopy

This section introduces the imaging and computational foundations needed to
quantify axon radii from microscopy. We first outline the principles of the two-
dimensional microscopy techniques employed in this thesis (Section .
We then introduce the general notion of image segmentation (Section . Next,
we describe how image segmentation can be approached with convolutional neural

14



networks (CNNs), including their fundamentals (Section [2.2.3]) and their optimization
(Section [2.2.4). Finally, we show how axon radii can be approximated from the
resulting segmentation (Section [2.2.5)).

2.2.1 Microscopy imaging techniques

Microscopy bridges the gap between brain anatomy and cellular microstructure. Light
microscopy (LM) surveys large tissue areas at micrometer resolution (Section [2.2.1.1)),
while electron microscopy (EM) provides nanometer-scale detail of axons, synapses,

and myelin (Section [2.2.1.2)).

2.2.1.1 Light microscopy

Light microscopy uses visible light focused through glass lenses to image
biological specimens at micrometer resolution. Its resolution is limited by the
diffraction of light, typically to 200 nm laterally and 500-700 nm axially [58]. Thus,
LM cannot resolve very fine structures such as small axons with radii around 0.1 pm
. However, as it is relatively simple and provides a large field-of-view, it is widely
used for histological imaging, and often serves as a first localization step before more
fine-grained imaging with higher-resolution techniques such as electron microscopy
59).

The basic setup of LM is shown in Figure (left side). In LM, a light source is
focused through a condenser onto the specimen. Transmitted light is then collected by
an objective lens, further magnified by tube optics, and projected onto a camera sensor
to form a digital image. In its most common form, brightfield microscopy, contrast
arises from differences in absorption or staining of tissue structures, producing dark
features on a bright background. A widely used general-purpose stain in histology
is hematoxylin and eosin (H&E) [60], which highlights nuclei and cytoplasm. For
neurobiological imaging, semi-thin sections of resin-embedded tissue can be stained
with toluidine blue, which provides strong contrast of cell bodies, axons, and myelin

sheaths )

2.2.1.2 Electron microscopy

Electron microscopy exploits the short wavelength of accelerated electrons to
achieve nanometer-scale resolution. Among EM modalities, we focus on transmission
electron microscopy (TEM), which passes a high-energy electron beam through
an ultra-thin specimen, generating a 2D projection image that reveals internal
ultrastructure [62].

The basic setup of TEM is shown in Figure (right side). A focused beam
of electrons (typically 80-300 kV) is directed onto specimens that are thinner than
100 nm. As electrons traverse the tissue, they are differentially scattered by dense
structures such as membranes, organelles, or myelin. The transmitted electrons are
collected and magnified by electromagnetic lenses to form an image on a detector.

15
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Figure 2.2: Microscopy techniques. Simplified optical paths of light microscopy
(LM, left) and transmission electron microscopy (TEM, right). In LM, visible light
from a lamp is focused onto the specimen by a condenser, and transmitted light
is magnified by glass lenses (objective and tube lens) before being recorded by a
charge-coupled device (CCD) camera. In TEM, a high-energy electron beam is
shaped by condenser lenses, passes through an ultrathin section, and is magnified by
electromagnetic lenses (objective and projection lens) before reaching a fluorescent
screen or digital detector.

Regions that scatter more strongly appear darker, while less dense regions appear
lighter, producing high-contrast ultrastructural views.

In neurobiology, TEM is commonly combined with heavy-metal stains such as
uranyl acetate, lead citrate, and osmium tetroxide to enhance the contrast of biolog-
ical specimens . This produces relatively uniform contrast across neighboring
neuronal processes, enabling the resolution of the smallest axons, dendrites, synapses,

and myelin sheaths .

2.2.2 Image segmentation

Image segmentation refers to dividing a digital image into distinct regions that share
similar characteristics. Conceptually, image segmentation assigns a label to every
pixel, such that pixels with the same label belong to the same class or object. The
purpose is to transform the raw image into a representation that is easier to interpret
and analyze . Among various segmentation paradigms , two are most relevant
in this work:

o Semantic segmentation: each pixel is assigned one of C class labels. Fig-
ure 2.3~ illustrates the segmentation of an EM image into axon, myelin, and
background (C = 3).

o Instance segmentation: in addition to semantic labels, individual objects of the

16



same class are distinguished. Figure illustrates instance segmentation of
individual axons. In practice, instance segmentation can be obtained either as
a post-processing step applied to semantic segmentation results (e.g., connected
component analysis or watershed ) or through end-to-end architectures
that predict instance-aware masks directly 68].

a 2D electron b Semantic Instance
segmentation segmentation

Figure 2.3: Image segmentation. (a) Example 2D electron microscopy (EM)
image of the human corpus callosum, with a highlighted zoomed region. (b) Semantic
segmentation. Each pixel is classified as axon (white), myelin sheath (gray), or
background (black). (c) Instance segmentation. Each axon is assigned a unique
label (colors), excluding the myelin sheath.

2.2.3 Semantic segmentation with convolutional neural net-
works

The semantic segmentation introduced in Section can be formally defined as a

mapping
[ REDW L OV X 5y, (2.1)

where an input image x of height H and width W is mapped to a segmentation map
y* that assigns each pixel one of C class labels, such as axon, myelin and background
in Figure 2.3p.

Today, the unknown target function f* is often approximated by a neural network
fo With parameters 6. In this section, we outline the foundations of feedforward
neural networks (Section and their extension to convolutional neural networks
(Section , which represent a popular approach to semantic segmentation [64].

2.2.3.1 Feedforward neural networks

Feedforward neural networks (FNNE) are the basic models of deep learning [69],
building on the early ideas of artificial neurons , . An FNN consists of multiple
layers of neurons, where each neuron is connected to all neurons of the previous
and subsequent layers (see Figure ) Formally, an FNN with L layers can be

(@)

described by the concatenation of its layer functions f,, parameterized by 0K

0

1o3) = F3 (£ o F 0000 ) (2:2)
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where § = {8V, ..., (1)} denotes the set of all network parameters. Each layer
corresponds to an affine transformation followed by a nonlinear activation function.
Specifically, for neuron j in layer [, the output is
n(-1)
Z§l) — h( wgli)zgl—l) + by)) — h(w(l)z(lfl) + b(l)) ’ (23)
—1

i

where W e R 7" is the weight matrix, b) € R"" the bias vector, and h(-)
a nonlinear activation function applied element-wise (see Figure ) In practice,

h(-) is most often implemented as a rectified linear unit (ReLU) [72],
hReLU(a) = max<07 O./), (24)

which keeps positive activations and zeroes out negatives. As alternatives to ReLLU,
earlier networks frequently used sigmoid or hyperbolic tangent activations.

The first layer is called the input layer, the last layer is the output layer, and all
intermediate layers are referred to as hidden layers. The number of neurons in layer
[, denoted as n'V, is referred to as the width of the layer. In contrast, the number of
layers is called the depth of the network, motivating the term deep learning .

While FNNs are conceptually fundamental, they are not well-suited for image
segmentation. A naive application in semantic segmentation would require flattening
the image into a one-dimensional vector and connecting every pixel to every neuron.
Because of this full connectivity, the number of parameters would grow prohibitively
large, making FNN-based image segmentation infeasible for anything but very small

images.

a :
Input Hidden layers Output b
layer | | layer

Figure 2.4: Feedforward neural network. (a) Illustration of a feedforward
neural network (FNN) with an input layer, two hidden layers, and an output layer.
Each neuron is fully connected to all neurons in the preceding and subsequent layers.
(b) Zoom on a single neuron. The inputs are linearly combined using weights and
a bias term, followed by the application of a nonlinear activation function h(:) to
produce the neuron output.

18



2.2.3.2 Convolutional neural networks

Convolutional neural networks ) , overcome the full connectivity
constraints of FNNs by efficiently exploiting the spatial structure of image data.
Rather than connecting every input pixel to every neuron, CNNs employ small
convolutional kernels, drastically reducing the number of parameters while preserving
local spatial relationships.

Convolution operation
In CNNs, the dense affine transformation of Equation (2.3) is replaced by a con-
volution. For a 2D image I € R”*W and convolutional kernel K € RMu*Mw the

discrete convolution is defined as

My My,

(I«K)(z,y) =D > Lx+i, y+j)K(,j). (2.5)

i=1 j=1

This operation is technically cross-correlation, because the kernel is applied directly
without flipping it as in the mathematical definition of convolution. Nevertheless,
it is conventionally referred to as convolution in the deep learning literature .
The resulting output is typically referred to as a feature map. This definition
extends naturally to higher dimensions, such as three-dimensional volumes
or two-dimensional (2D) images with multiple channels. Compared to the dense
connections in FNNs, convolutions offer two main advantages:

o Weight sharing: the same kernel is applied across the entire input (see Fig-
ure ) To extract different features, multiple kernels are used in parallel.
Note that weight sharing also leads to translational equivariance, i.e., a shifted
input leads to a shifted feature map with the same pattern [69].

o Sparse connectivity: each output neuron depends only on a local neighborhood
in the input, defined by the kernel size (typically 3-7 pixels per dimension),
rather than on all input values. Stacking multiple convolution layers enlarges
the effective receptive field, enabling deeper layers to integrate information
from progressively larger input regions (see Figure )

CNN architectures
While convolutions form the central building block of CNNs, practical segmentation
networks combine them with other types of layers. A widely used example is the
U-Net architecture [75], shown in Figure 2.6 Although U-Net is a specific design, it
illustrates several general concepts common to CNNs for segmentation [76].
Within each layer, multiple convolutional filters are typically applied in parallel
to extract different features from the input (see numbers annotated on top of layers
in Figure . In addition, convolutions are stacked sequentially (see purple arrows
in Figure , enabling deeper layers to build increasingly abstract representations
from earlier ones.
Besides convolutional layers, CNNs typically use pooling layers to aggregate local
neighborhoods , which reduces the spatial resolution of feature maps (see red

19



Input Kernel Output
214|2(1(2(4

114|5(1(3 -3|-
3 G 2[0[-3]2
152421@ 01_45-8-7
4[3[6[5[1]3 10'1—51-5-1
1|2[4(2]4a]6 1101 71491
3|11|5|3|1]|2

Network depth

Figure 2.5: Convolution and receptive field. (a) Example of a 2D convolution
with a 3 x 3 kernel. The highlighted input regions and corresponding output values
illustrate how the kernel aggregates local information. (b) Growth of the receptive
field with increasing network depth. Although each convolutional layer is locally
connected, stacking layers expands the effective receptive field, allowing deeper
features to integrate information from larger input regions. The highlighted output
unit on the right depends on all pixels of the leftmost feature map after stacking
convolutional layers.

arrows in Figure . For instance, max pooling with a 2 X 2 window halves the
feature map size in each spatial dimension, lowering computational complexity and
introducing local translational invariance. Since the goal of semantic segmentation is
to produce an output y with the same spatial dimensions as the input image x, these
pooling steps must later be reversed by upsampling operations (see green arrows in
Figure . This structure, with several pooling layers followed by corresponding
upsampling layers, is characteristic of many CNNs and is often referred to as an
encoder—decoder architecture.

The final 1 x 1 convolution (see turquoise arrow in Figure reduces the feature
maps to per-pixel class scores, also called logits, from which per-class probabilities
can be approximated via softmax (for multi-class segmentation) or sigmoid (for
binary segmentation) operations.

A further element of U-Net are the skip connections (see gray arrows in Figure[2.6)),
which transfer high-resolution features from the encoder to the decoder. These
connections preserve fine-grained details and are crucial for accurate delineation of
segmentation boundaries.

2.2.4 Optimizing neural networks

The successful application of neural networks depends not only on their architecture,
but also on how well their weights 6 are optimized. Here, we introduce the supervised
learning paradigm (Section |2.2.4.1)) and the iterative optimization scheme used for

training (Section [2.2.4.2)).
2.2.4.1 Supervised learning

The process of optimizing the weights 6 of neural networks f, introduced in Sec-
tion is typically referred to as training. In this work, we focus on the supervised
learning paradigm, where the network is trained using a dataset of input—target
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Figure 2.6: The U-Net architecture. Each blue box represents a multi-channel
feature map. The number of channels is shown above the box, and the spatial
resolution (x-y size) is indicated at its lower left corner. White boxes denote feature
maps that are copied and passed forward through skip connections. The arrows
correspond to the main operations: purple arrows indicate convolutions, red arrows
indicate pooling, green arrows indicate upsampling, turquoise arrows indicate the
final 1 x 1 convolution, and gray arrows denote skip connections between encoder
and decoder.ﬁ

“Reproduced from Ronneberger et al. with permission from Springer.

pairs:
D = {(xW,yW), (x@,y@),..., (xm, ym)}, (2.6)

Here, each target y¥ provides pixelwise expert annotations for the corresponding
input image x (0,

The goal is not to achieve perfect performance on 2 but to train f, so that
it generalizes well to unseen data. This emphasis on generalization is crucial: a
network that simply memorizes 2 will fail to provide useful predictions in practice.
To assess and promote generalization, 2 is typically partitioned into three disjoint
subsets:

train: Used to optimize the network parameters 6.

o Training set D

« Validation set D_,;: used to monitor generalization performance during training
and to tune hyperparameters, i.e., parameters not learned during training such
as optimizer settings (e.g., learning rate) or architectural choices (e.g., network
depth).

o Test set D, reserved for the final evaluation of the network on unseen data.
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2.2.4.2 Training loop

Training typically proceeds in an iterative loop. In each iteration, the network
processes a mini-batch, i.e., a randomly sampled subset of D rather than the
entire training set at once. The sequence of steps in one iteration is as follows:

train»

1. Forward pass: compute predictions fy(x) for the mini-batch.

2. Loss evaluation: compare predictions with ground-truth labels using a differ-
entiable loss function.

3. Backward pass: compute gradients of the loss with respect to the network
weights 6.

4. Parameter update: update 6 based on these gradients.

This iteration is repeated over successive mini-batches; one complete pass over D, ...
is an epoch. Throughout training, performance is evaluated on 2 ,; to monitor
generalization, and training is typically stopped when validation performance no

longer improves, indicating the onset of overfitting to 2 In practice, validation

train-
can also be performed within a cross-validation framework, where training and
validation sets are repeatedly re-partitioned to make the training procedure less
dependent on a single partitioning of the data. Finally, the generalization of the
trained network is assessed on 2, using evaluation metrics.

The following paragraphs introduce in more detail the main components of this
procedure: data preparation, loss functions, gradient-based optimization, regulariza-

tion strategies, and evaluation metrics.

Data preparation

In addition to dataset splitting, input data are often standardized prior to training.
Standardization refers to rescaling the input features (e.g., image intensities) to a
common range or distribution, such as zero mean and unit variance, in order to
stabilize and accelerate optimization.

Another common strategy is data augmentation, where new training examples
are generated from existing data by applying label-preserving transformations such
as rotations, reflections, or random crops in the case of images. Data augmentation
improves the robustness of the learned model and can be interpreted as an implicit
form of regularization, as it enlarges the effective training distribution and reduces
overfitting.

Loss function

Training proceeds by minimizing a loss function that quantifies the discrepancy
between the predicted segmentation and the ground-truth labels. For segmentation,
the loss is typically defined at the pixel level. For multi-class segmentation, a
common choice is the cross-entropy loss:

~ 1 M N C ; 7
Lew(@.y) = —577 2 0 0 Uy = ¢} loghy., (2.7)



where M is the number of training examples, N is the number of pixels per example,
C'is the number of classes, yg-z)
7, }351)6 is the predicted probability of class ¢ for that pixel, and 1{-} is the indicator

is the ground-truth class label of pixel j in example

function that equals 1 if its argument is true and 0 otherwise.

Gradient-based optimization

The loss function is minimized with respect to the network parameters 6 using
gradient-based optimization. The key idea is to compute the gradient of the loss
L(0) (e.g., Log from Equation (2.7)) with respect to all parameters, V,L(6), and
to update the parameters in the direction of steepest descent:

0« 0—nV,L(0), (2.8)

where n > 0 is the learning rate that controls the step size.

Gradients are computed efficiently using the backpropagation algorithm, which
applies the chain rule of calculus across the network layers. In practice, optimization
is performed on random subsets of the data (mini-batches), leading to stochastic
gradient descent . This reduces memory requirements and introduces random-
ness that often improves generalization. There are several other optimizers, which
enable adaptive learning rates [79] or accelerated updates using momentum .

Regularization

While optimization minimizes the loss on the training data, the ultimate goal is
good performance on unseen data. To reduce overfitting and improve generalization,
various regularization strategies are commonly applied.

o Weight decay (or ¢, regularization) penalizes large parameter values by adding
a quadratic term A||0]2 to the loss.

e Dropout randomly sets activations to zero during training, forcing the network
to rely on multiple redundant pathways and thereby preventing co-adaptation
of neurons [31].

o Data augmentation (see above) can also be interpreted as a form of regu-
larization, since it enlarges the effective training distribution and reduces
variance.

FEvaluation metrics

While differentiable losses such as cross-entropy are required for training, segmenta-
tion performance is often assessed with more interpretable evaluation metrics. For
binary pixel-wise segmentation, common metrics include balanced accuracy, recall,
precision, and Dice score:

_ 1 TP | TN]
Balanced accuracy = 3 <|TP|+‘FN‘ + |TN|+|FP|) ; (2.9)
— __|TP|
Recall = m, (210)
Precision = %, (2.11)
o 2| TP
Dice = W7 (212)
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where |TP|, |TN|, |FP|, and |[FN| denote the number of true positive, true negative,
false positive, and false negative pixels, respectively. In contrast to the training loss,
which operates on predicted probabilities, these metrics are usually computed from
hard predictions, where each pixel is assigned to a single class (e.g., by thresholding
in the binary case or by taking the argmax in the multi-class case). The metrics
can be extended to multi-class segmentation by, for example, computing per-class
metrics and averaging across classes.

2.2.5 From semantic segmentation to axon radii

A common way to extract morphological information of axons, such as their radius,
is to first identify axons in microscopy images and then derive radius estimates
from the resulting masks. To quantify axon radii from segmented instances in
microscopy images, each axon mask must be reduced to a single radius value. In
2D microscopy, sections are typically cut orthogonal to the axonal orientation, but
axon cross-sections are rarely perfect circles (see Figure [2.7n). There are several
geometric approximations to estimate the axon radius [}

o Clircular equivalent radius: the radius of a circle with the same cross-sectional
area as the segmented axon (see Figure 2.7b). This measure is robust to
irregular shapes but can be biased by axons cut at oblique angles. It is
frequently used in histological studies [26] [82] [33].

e Elliptical minor azis: half of the short axis of a fitted ellipse (see Figure [2.7c).
This corresponds to the true radius if the axon is a perfect cylinder cut at an
oblique angle, and is frequently used in histological studies , , , .

e Elliptical major azis: half of the long axis of a fitted ellipse (see Figure 2.7d).
This tends to overestimate the radius for oblique sections or elongated axons,
and is therefore rarely used [15].

Circular Elliptical Elliptical
b C d major axis

A Segmentation . . . .
approximation minor axis

Figure 2.7: Axon radius approximations. (a) Segmentation of an axon from
a 2D electron microscopy (EM) image (myelin outlined). (b) Circular equivalent
radius: r is defined as the radius of a circle with the same cross-sectional area as
the segmented axon. (c) Elliptical minor axis: r corresponds to half of the fitted
ellipse’s short axis. (d) Elliptical major axis: r corresponds to half of the fitted
ellipse’s long axis.
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2.3 Quantifying axon radii with diffusion MRI

This section introduces the physical and methodological foundations needed to
understand how MRI can be used to infer axon radii. We begin with the basic
principles of MRI and the mechanisms by which nuclear spins generate measurable
signals (Section . These concepts are then extended to diffusion-weighted MRI
(dAMRI), where the random motion of water molecules encodes information about
tissue microstructure (Section . We next describe the practical aspects of
acquiring dMRI data (Section and discuss common acquisition imperfections
(Section [2.3.4). Finally, we present signal modeling in dMRI, progressing from
general mathematical representations (Section to biophysical models of white
matter (Section , culminating in approaches that relate the measured signal to
axon radii.

2.3.1 Fundamentals of MRI

Magnetic resonance imaging is a non-invasive imaging method that detects
signals from atomic nuclei, most commonly hydrogen protons, in a strong magnetic
field. In essence, MRI works by exciting these nuclei and then "listening” to the
subtle signals they emit as they relax, in a way that allows spatial mapping to form
detailed images with diverse contrasts.

Nuclear magnetic resonance

MRI relies on the physical phenomenon of nuclear magnetic resonance
. NMR arises from the interaction between the intrinsic angular momentum of
atomic nuclei, known as spin, and an external magnetic field € R3 generated by
the MRI scanner. Nuclei with nonzero spin respond to this field by aligning with or
against its direction, typically along the z-axis of the scanner coordinate system.

Despite this alignment, each individual magnetic moment continues to precess
around the axis of B;. This precession occurs at a characteristic frequency, the
so-called Larmor frequency:

~ B3 (213
where + is the gyromagnetic ratio of the nucleus in units of rad/s/T, and By, = |B|
is the static magnetic field strength. For protons, v ~ 2.675 x 108rad/(sT),
corresponding to /2w ~ 42.58 MHz/T. Thus, the precession frequency increases
linearly with field strength, e.g., w,/27 ~ 64MHz at By, = 1.5T and w,/27 ~
300MHz at By, = 7T, spanning the range of typical in vivo field strengths.

At thermal equilibrium, spins are distributed between the parallel (low-energy)
and anti-parallel (high-energy) states relative to B,. Because the lower-energy state
is slightly more populated, this imbalance gives rise to a small net macroscopic
magnetization parallel to B,. Its magnitude is given by

_ Ny*h2B,

M
0 4kT

(2.14)
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where N is the number of spins per unit volume, A = 1.054 571 817 x 10734 J s is the
reduced Planck constant, k = 1.380649 x 10723 J /K is Boltzmann’s constant, and
T'is the absolute temperature. As this equation shows, M|, increases with stronger
magnetic fields and higher spin density, and decreases with temperature. Because
the spin population imbalance is very small at physiological temperatures compared
to absolute zero, a large number of spins is required to generate a detectable signal.
This is why MRI predominantly detects the signal from hydrogen nuclei (*H), which
are highly sensitive to magnetic resonance and abundant in biological tissue [87].

Ezxcitation and relaxation

The static equilibrium magnetization M, in Equation does not generate a
measurable signal, because at the macroscopic level it is constant in time and produces
no oscillating magnetic field. To generate a detectable signal, an oscillating (time-
dependent) radiofrequency magnetic field [B,|¢) is applied in the transverse
(xy) plane at the Larmor frequency w,. This field tips the net magnetization away
from the z-axis into the transverse plane and synchronizes the spin phases, creating
a coherent transverse component M, that induces a measurable voltage in the
surrounding RF coil by electromagnetic induction. The total magnetic field during
excitation is then

This process is called excitation, and the amount of tipping is the flip angle.
Once the RF pulse is turned off, the magnetization does not remain tipped in

the transverse plane. Instead, it gradually returns to its equilibrium configuration
— a process known as relaxation. The dynamics of excitation and relaxation are

described by the Bloch equations [86]:

M,/T,
dM x 2
(M, — M,)/T,

where M| = (M, M, M,) is the net magnetization vector, and [T and [T5| are the
longitudinal and transverse relaxation time constants.

In the special case of free precession in the static field B, after the RF pulse is
turned off, and in the absence of applied gradients, the magnetization decays over
time. When focusing on the slowly varying signal envelope (i.e., in the so-called
rotating frame, which ignores the rapid Larmor precession at frequency wy), there
are two distinct magnetization components:

o Longitudinal relazation (spin—lattice relaxation) describes recovery of the
longitudinal (z-)component due to spins returning to thermal equilibrium:

M (t) = My (1—e¥/Tr).

o Transverse relazation (spin—spin relaxation) describes decay of the transverse
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(xy-)component due to spins dephasing:

_ —t/T.

M, (t) = M, (0)e /T2,
Tissue-dependent variations in 7 and 75 influence the amplitude and decay of

the MR signal, and thus underpin the contrast mechanisms in conventional MRI.

Spatial encoding and image reconstruction

The MRI signal arises from the transverse magnetization of the entire object. To
obtain spatially resolved images, additional linear magnetic field gradients G,,.(t) =
(Gm(t),Gy(t),Gz(t))T are superimposed onto the main static field B, thereby
modulating the local resonance frequency w, (see Equation (2.13)). The resonance
frequency thus becomes spatially dependent:

w(r, 1) = wy + 7 Gepe(t) - 1, (2.17)

where r = (z,y, 2) " is the spatial position.

In standard imaging sequences, spatial information is encoded along three approx-
imately orthogonal directions. The corresponding gradients are applied in distinct
ways, leading to three conceptually different encoding mechanisms :

o Slice selection: A gradient is applied during RF excitation (often along z),
so that only spins within a narrow frequency band Aw—corresponding to a
physical slice—are excited. Because the resonance frequency varies linearly
with position along z, this frequency band corresponds to a slice thickness
Az = Aw/(7G,).

o Frequency encoding (readout): A gradient is applied during signal acquisition
(often along x), so that spins at different x positions precess at different
frequencies w(x) = wy, + G, x.

o Phase encoding: A gradient (e.g., along y) is applied briefly before readout,
imparting position-dependent phase shifts Ad(y) = vG, Tpp y, where Tp is
the gradient duration. Because the phase is 27-periodic, a single measurement
cannot uniquely distinguish different positions along y. The ambiguity is
resolved by repeating the sequence with a series of incremented G, values,
each filling a different line of k-space (see below).

For a single slice z, the combination of frequency and phase encoding leads to a
spatial Fourier relation between the object I(x,y) and the measured signal:

S(t) — //I(Cli',y) e—i27r[km(t)x+ky(t)y] dl'dy, (218)

where the k-space coordinates are defined by
v [t
k(t) = —/ G(t')dt’, (2.19)
27 Jy
with k(t) = (k,(t),k,(t), k. (t))". Sampling multiple k(t) points traces a trajectory
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in k-space, from which the image is reconstructed via inverse Fourier transform. In
conventional sequences, k, (t) varies continuously during the readout of a single line,
while k, is incremented stepwise across successive repetitions to disentangle the
phase information.

2.3.2 From MRI to diffusion MRI

While conventional MRI contrasts arise from differences in relaxation properties,
diffusion-weighted MRI is sensitive to the random motion of water molecules.
This motion during a dMRI experiment occurs on the micrometer scale, thereby
providing access to tissue microstructure far smaller than the typical millimeter-scale
image resolution of dMRI.

Basic principles of diffusion

The physical basis of diffusion MRI lies in the Brownian motion of water molecules.
This motion can be described by the diffusion propagator @(u, t), i.e., the probability
density that a spin undergoes a net displacement u € R? during the diffusion time ¢
. In a homogeneous medium with constant, isotropic diffusivity @, the motion
of water molecules is governed by Fick’s second law .

P(u,t
% = DV2P(u,t), (2.20)
whose fundamental solution is a 3D Gaussian:
1 lu|?
Put) = — —_ 2.21
(1) = exp( 4Dt) , (2.21)

from which the mean squared displacement follows as
(lu]*) = 6Dt, (2.22)

also known as Einstein’s relation for Brownian motion [91].

The signal in diffusion MRI
The MRI signal can be sensitized to molecular diffusion by applying time-dependent
magnetic field gradients (t), typically referred to as diffusion gradients. Spins
that move during or between these gradients accumulate different phases, which
reduces phase coherence and attenuates the measured signal. Formally, this effect is
captured by augmenting the Bloch equations (see Equation (2.16)) with a diffusion
term, yielding the Bloch-Torrey equations [92].

In the narrow-pulse approximation, where gradient pulses are considered infinitely
short, the diffusion-weighted signal can be expressed as the Fourier transform of the
diffusion propagator P(u,t) [89:

S Y N
S—O(t) = /P(u,t) exp <—W/O G(t')dt 'u) du, (2.23)
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where [S] denotes the diffusion-weighted signal and [Sy| the reference signal without
diffusion weighting, and u € R? the net spin displacement.

More generally, the signal can be expressed in terms of the accumulated spin
phase [§ along each trajectory:

S ' T

St o=a [ G-uma (2.24)
So b

where T denotes the duration of the diffusion-sensitizing gradient waveform. This

formulation emphasizes that diffusion weighting arises from incoherent phase accu-
mulation across spin trajectories.

Cumulant expansion and Gaussian phase approrimation
Since Equation (2.24)) is the characteristic function of the phase distribution, the
logarithm of the signal can be expanded in cumulants :

S & (=i

Because the phase distribution is symmetric around zero, all odd cumulants vanish.

(@™ (2.25)

In addition, the signal can be further simplified under the widely used Gaussian phase
approximation (GPA]), which assumes that the accumulated phase ¢ is Gaussian-
distributed. Since a Gaussian random variable is fully determined by its mean and
variance, all cumulants beyond the second vanish, and the signal reduces to

& = o=k, (226)
The GPA is exact in the extreme limits of diffusion time . At short diffusion
times, water molecules move almost freely because restrictive boundaries are rarely
encountered, while at long diffusion times, repeated interactions with restrictions
average out to Gaussian behavior. At intermediate diffusion times, the approximation
is not exact, but it remains sufficiently accurate for many applications [93, [96] [97].

Free diffusion signal
In the simplest case of free Gaussian diffusion, the signal reduces to a mono-
exponential decay:

S exp(—bD), (2.27)
So

where b summarizes the diffusion weighting. The explicit form of b depends on the
gradient waveform, which will be detailed in the next section.

2.3.3 Practical diffusion MRI measurements

In practice, AMRI combines diffusion gradients with RF pulses and imaging readouts
to encode molecular motion and reconstruct spatially resolved images. This section
introduces commonly used acquisition schemes.
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Pulsed gradient spin echo sequence

The pulsed gradient spin echo sequence is the basic sequence underlying
most diffusion MRI experiments. It combines RF pulses for excitation and refocusing
with diffusion gradient pulses to encode molecular motion (see Figure [2.88). A 90°
RF pulse first excites the spins, followed by a pair of monopolar diffusion gradients
placed symmetrically around a 180° RF refocusing pulse. The refocusing pulse
restores dephasing from static field inhomogeneities, while the gradient pair encodes
sensitivity to molecular displacement.

For stationary spins (see Figure , top row), the phase shift induced by the
first diffusion gradient is exactly cancelled by the second. This yields a full echo
at the echo time (TE]), with the same amplitude as the reference signal without
diffusion weighting, S = S,. For diffusing spins (see Figure [2.8b, bottom row),
random displacements through diffusive motion between the two gradient pulses
prevent perfect rephasing. The resulting spread of individual spin phases reduces
the net transverse magnetization (black arrow), leading to an attenuated signal
S = SyebP.

The degree to which the sequence attenuates the signal from diffusing spins is
quantified by the diffusion weighting [99]:

bl=2g262(A — 5/3), (2.28)

where @ = |G| is the amplitude of the diffusion gradient, @ is the gradient duration,
and [A| the separation between the two gradient pulses (see Figure 2.8h). This
expression for b follows from integrating the squared accumulated gradient moment
q(t) =~ fo "G(t')dt’, which determines the phase variance of the accumulated spin

phase ¢. The term A — g can be interpreted as the effective diffusion time ¢,
which represents the experimental counterpart of the characteristic diffusion time ¢
introduced in basic diffusion theory (see Section . Here, the correction term
—4d/3 reflects that dephasing during a finite gradient pulse is partly self-cancelled,
so that in the idealized limit of infinitely short pulses ¢y simplifies to A.

The b-values used in practical applications depend on the microstructural features
of interest. According to Equation , higher b can be achieved by increasing g,
which is limited by the scanner’s maximum achievable g, denoted as throughout
this thesis. The alternative way to increase b—via larger 6 and A—incurs a penalty
in signal-to-noise ratio , because these parameters prolong TE. A longer TE
increases the time over which T, relaxation acts, reducing signal amplitude and
thus SNR. The repetition time is another important timing parameter: it
defines the interval between two successive excitation pulses in a repeating sequence
of pulses and echoes (not annotated in Figure and thereby determines, together

with the number of repetitions, the total measurement time.

Echo planar imaging
In principle, diffusion weighting could be applied to a single spatial location by
combining PGSE diffusion-encoding gradients with RF pulses for excitation and
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Figure 2.8: Pulsed gradient spin echo (PGSE) sequence. (a) Sequence
timing diagram with a 90° RF pulse, two monopolar diffusion gradients (amplitude
g, duration ¢, separation A), and a 180° refocusing pulse. The signal is read out
at the echo time (TE). (b) Illustration of spin phase evolution. Black arrows
denote the net transverse magnetization, and colored arrows represent individual
spin phases. For stationary spins (top row), the phase accrued during the first
gradient is flipped by the 180° pulse and exactly refocused by the second gradient,
yielding S = S,. For diffusing spins (bottom row), motion during the interval A
causes incomplete rephasing, leading to phase dispersion. As a consequence, the net
transverse magnetization (black arrow) and signal S = Sye P are attenuated.ﬂ

“Panel (b) based on Dietrich et al. [L00]

refocusing. In practice, dMRI requires imaging a whole object, which is achieved
by combining diffusion encoding with additional gradients for spatial localization.
A common approach is echo planar imaging [101], where the entire set of
k-space lines for a 2D image is traversed in a rapid echo train after the refocusing
pulse, centered around the spin echo (TE). In single-shot EPI, all lines are acquired
in a single echo train, enabling fast imaging with high motion robustness but at the
cost of pronounced geometric distortions [103]. In multi-shot EPI, k-space is
segmented across multiple echo trains, which reduces distortion and can improve
spatial resolution, but is prone to subject motion artifacts between shots [102].

2.3.4 Imperfections in diffusion MRI measurements

Diffusion MRI measurements are affected by various deviations from the true un-
derlying signal. These deviations arise from a combination of physical, hardware,
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and subject-related factors, and are typically addressed during the so-called prepro-
cessing stage of data analysis. They can be broadly grouped into random noise and
systematic artifacts, the latter including effects from image sampling, magnetic field
inhomogeneities, gradient imperfections, and subject motion.

Noise in diffusion MRI

The raw dMRI signal is inherently complex-valued, with independent real and
imaginary channels (see Equation (2.24)). Thermal noise from the receiver coil
and the conductive tissue of the subject is well described by a zero-mean Gaussian
distribution with equal variance EF in the real and imaginary channels, where o
denotes the noise level. However, dMRI is conventionally reconstructed as magnitude
images, obtained by taking the absolute value of the complex signal. This operation
transforms the Gaussian noise distribution into a Rician distribution [31]. At low
SNR, the Rician distribution is positively biased, leading to a nonzero noise floor.
This bias affects quantitative analysis, particularly at high b-values, where the true
signal is strongly decayed and therefore approaches the noise level. While post-hoc
correction via Rician noise modeling provides one approach for mitigation , ,
there are also methods that attempt to restore the original Gaussian-distributed
complex signal before magnitude reconstruction [104-H106].

Partial volume effects

In dAMRI, each voxel covers a relatively large region of tissue, typically 1 mm to
3 mm isotropic in vivo. As a result, a single voxel can contain a mixture of different
tissue types, for example, gray matter, white matter, and CSF (see Section .
The measured signal is therefore a weighted sum of the contributions from all tissues
within the voxel [107]. This phenomenon is known as the partial volume effect.
It can blur tissue boundaries and obscure microstructural differences. Mitigation
approaches include higher-resolution acquisitions or explicitly modeling multiple
tissue contributions [108].

Gibbs ringing

Gibbs ringing is caused by truncation of high spatial frequencies in the finite k-space
sampling of MRI [110]. In dMRI, it manifests as oscillatory intensity patterns
near sharp edges, especially at the brain-CSF interface. These oscillations vary with
image orientation and b-value. Mitigation strategies include smoothing of k-space
data with a window function in k-space or post-processing methods such as
sub-voxel shift averaging [112].

Susceptibility-induced distortions

EPI, the dominant acquisition in dMRI, is sensitive to static magnetic field in-
homogeneities. These arise at tissue—air interfaces (e.g., near sinuses and ear
canals), causing local variations in the effective encoding gradient. The resulting
susceptibility-induced distortions appear as geometric stretching or compression
along the phase-encoding (PE) direction . They can be modeled and corrected
based on reversed-PE acquisitions [113].
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Eddy current distortions

Rapid switching of strong diffusion-encoding gradients induces eddy currents in the
conducting structures of the MR scanner. These eddy currents create transient
magnetic fields that act as additional gradients, leading to spatial shifts, scaling, or
shearing of images . The effect depends both on the magnitude and the direction
of G. It can be mitigated through dedicated eddy current distortion correction tools

(115, [19)

Subject motion

Even small head motions during dMRI acquisitions can cause severe artifacts, because
the diffusion weighting is both direction- and b-value-dependent. Motion between
volumes leads to misalignment across diffusion directions, while motion during the
acquisition of a single volume can cause local signal dropout, i.e., a severe reduction
of signal intensity. Inter-volume misalignment can be corrected with rigid-body
registration, and in practice, this correction is often combined with eddy current
distortion correction , . Intra-volume motion is more challenging to correct
and requires dedicated slice-to-volume or model-based correction methods .

Gradient nonlinearity

The gradients induced by the coil deviate from perfect linearity away from the
isocenter, causing spatially varying deviations in the intended gradients. Gradient
nonlinearity has two main effects. First, it alters the spatial encoding relation between
k-space and image space, leading to geometric distortions in the reconstructed
images (objects appear stretched or compressed away from isocenter), which can be
mitigated with scanner-specific corrections , . Second, it changes the actual
diffusion encoding, causing location-dependent deviations in gradient amplitudes
and directions, which can bias diffusion metrics. Correction requires scanner-specific
calibration and adjustment of the gradient table during processing .

2.3.5 Signal representations of diffusion

dMRI signals can be modeled using well-defined physical descriptors, e.g., the scalar
diffusion coefficient D or the diffusion kurtosis. Such models, sometimes referred to
as signal representations , are useful for characterizing tissue contrast but are
not designed to provide direct estimates of specific microstructural features such as
the axon radius.

Apparent diffusion coefficient

In the idealized case of free isotropic diffusion (see Equation (2.27))), the signal is
independent of the gradient direction G. In this situation, a single AMRI measure-
ment suffices to estimate the diffusion coefficient D, which in biological tissue is

typically referred to as the apparent diffusion coefficient (ADC]).

Diffusion tensor imaging
In biological tissue, diffusion is influenced by microstructural barriers, leading to
directional dependence (anisotropy). Diffusion tensor imaging (DTI) [122] applies
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the GPA under the additional assumption that diffusion is Gaussian but anisotropic.
This replaces the scalar diffusivity D in the free isotropic model with a symmetric
second-rank tensor

Dwm Dmy Dwz
=|D,, D,, D,.|, (2.29)
Da:z Dyz Dzz

where the diagonal terms represent diffusivities along the principal axes and the
off-diagonal terms capture correlations between directions. Accordingly, the signal
equation becomes

S(b,g) = Syexp (—bg'Dg), (2.30)

where gl = G/|G| is the unit vector along the applied gradient direction.

From D, scalar metrics can be derived that summarize diffusion properties. By
decomposing D into its eigenvalues (A;, Ay, A3) and corresponding eigenvectors, one
can obtain the mean diffusivity (MD), which measures the average of the eigenvalues:

M = %(Al gt y)  [pm¥ms. (2.31)

Note that MD is essentially a rotationally invariant version of the ADC, with the
eigenvalues representing the apparent diffusivities along the principal axes of D.
The fractional anisotropy (FA) quantifies the degree of diffusion anisotropy:

A —MD)2 + (A, —MD)? + (A3 — MD)?
2 VOV EYEDY:
where FA values range from 0 (isotropic diffusion) to 1 (completely anisotropic).

Figure illustrates MD and FA alongside the images used for their derivation.
To estimate D from experimental data, one acquires a set of diffusion-weighted

measurements acquired along different gradient directions. In theory, six non-
collinear directions suffice to determine the six unique elements of D. In practice,
20-30 directions are typically acquired at a common b-value (commonly 600s/mm?
to 1200s/mm?), along with non-diffusion-weighted (b = 0) images, to improve noise
robustness and rotational invariance [123] [124].

Diffusion kurtosis imaging

Diffusion kurtosis imaging extends DTI to situations where diffusion
deviates moderately from the GPA, i.e., beyond the second-order truncation of
the cumulant expansion in Equation . Specifically, DKI retains the (¢?%),
term, which captures excess kurtosis of the displacement distribution, leading to the

following signal expression , :

S(b,g) ~ Syexp[—b(g'Dg) + 10 (g'Dg)’ K(g)], (2.33)
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Figure 2.9: Diffusion tensor imaging. (a-b) Exemplary MRI images without
(a) and with (b) diffusion-weighting. (c-d) Derived metrics from DTI: (¢) mean
diffusivity (MD) and (d) fractional anisotropy (FA). Metrics were computed over 30
diffusion-weighted images as in (a). All images show axial views of the brain.

where K(g) is the apparent kurtosis along direction g. Formally, it can be obtained
by contracting the kurtosis tensor W with four copies of g:

3
K(g) = Z Wikt 9:9;9x915 (2.34)

1,7,k,l=1

where W is a fully symmetric rank-4 tensor with 15 independent elements [125].
In practice, DKI acquisitions typically combine two or more b-values, including
b ~ 2000 s/mm? in addition to standard DTI values (b ~ 1000s/mm?), and more
diffusion gradient directions g (commonly 3060 in total) to improve sensitivity
to non-Gaussian diffusion and ensure robust fitting. In this thesis, we use DKI
primarily to improve estimation of D and its derived metrics (see Equations

and (2:32)).

2.3.6 Modeling white matter and axons

The models in Section describe diffusion signals without explicit assumptions
about tissue structure. In contrast, biophysical models represent microstructure
directly, thereby promising the estimation of biologically interpretable quantities.
Here, we focus on biophysical models of white matter and one of their central
components: axons. Unless otherwise noted, all signal expressions in this section
refer to the normalized signal S/S, i.e., the diffusion-weighted signal relative to the
non-diffusion-weighted reference signal.

2.3.6.1 Tissue models of white matter and axons

White matter is predominantly composed of fiber bundles, consisting of coherently
oriented axons, which can be idealized as long, straight cylinders (see Figure -
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b). Water inside these axons (the intra-axonal space) is separated from the extra-
axonal space by the axonal membrane and, in white matter, additionally by the
myelin sheath; these compartments exhibit distinct diffusion characteristics (see
Figure [2.10p). Because most white-matter axons are myelinated, water exchange
between the intra- and extra-axonal compartments is negligible on typical diffusion
time scales, so the diffusion-weighted signal can be written as a sum of non-exchanging
intra-axonal (S,) and extra-axonal (S,) contributions [127]:

S(bvg) :fasa(b7g>+fe5e(b7g)’ fa+fe:17 (235)

where and are the T,-weighted signal fractions of the intra-axonal and
extra-axonal compartments. Assuming a distribution of fiber bundles (see Fig-

ure -d) with fiber orientation distribution function (ODF)) normalized to

f‘n|:1 U(n)dn = 1, the compartment signals are given by

I
S;(b,g) = / w(n) e HPIEWDI DY) gy e e (236)

n|=1

where the integration is over the unit sphere of fiber orientations n. This expression
assumes axially symmetric Gaussian diffusion within each compartment. In typical
in vivo measurements, the parallel diffusivities and are close to free diffusion
and lie around 2 pm?/ms in white matter [128]. Perpendicular diffusivities (D;|and
are smaller: D ~ 0.5 pm?/ms and D} ~ 0.0211m?/ms . In fact, Dt is
so small at b-values achievable on widespread clinical scanners that it is not reliably
detectable and set to zero in the standard white matter model. This approximation,
commonly referred to as the axonal stick assumption , has been supported by

experimental observations [129, [130].

2.3.6.2 Axon radius modeling

This section extends the standard model (see Section by relaxing the axonal
stick assumption Dy = 0, which becomes relevant at sufficiently high b-values. In
this regime, the intra-axonal perpendicular diffusivity DL can be probed, thereby
promising sensitivity to axon radius . At the same time, the extra-axonal signal
S.(b,g) decays more rapidly with b than the intra-axonal contribution S, (b, g) and
can often be neglected (b = 6 ms/pm? in vivo , , b = 20 ms/pm? ex vivo )
To isolate the signal component sensitive to axon radius, we first remove orientation
dispersion through powder-averaging, then introduce signal models for individual
axons, extend these to ensembles representative of a AMRI voxel, and finally outline
practical estimation approaches.

Powder-average signal at high b
To remove orientation dependence, we employ the orientation-invariant powder-
averaged signal, defined as the average over all gradient directions g distributed on
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Figure 2.10: White matter tissue model. (a) 2D Electron microscopy (EM)
image of white matter tissue, with fibers cut orthogonally to the image plane. (b)
3D schematic of compartmental signal contributors within a fascicle, with the inset
(top left) illustrating a cross-section orthogonal to the fiber fascicle. The signal
depends on the T,-weighted intra-axonal signal fraction f, as well as on diffusivities

along (DQ, D!) and perpendicular to (D}, DY) the fiber orientation n. Note that
we write the T,-weighted extra-axonal signal fraction f, as 1 — f, to make explicit
that f, is fixed by f, via f, + f. = 1 (see Equation (2.35)). (c) Hlustration of
a fiber fascicle model alongside its parameters. (d) Illustration of a dMRI voxel
containing multiple fiber fascicles with varying orientations n, characterized by the
fiber orientation distribution function (ODF) ¥(n)[

%The figure is based on Novikov et al. .

the unit sphere [35437] [131]:

S°(b) = ﬁ / S(b, g) de, (2.37)

lg|=1

In practice, powder-averaging can be performed by extracting the zeroth-order
spherical harmonic coefficient of the signal. In the high-b regime introduced above,
the intra-axonal compartment dominates the powder-averaged signal, yielding the
approximation [19):

S = S0~ 200 B= J o (2.38)
S:‘qb) S (0)

where Szl (b) and S2+(b) denote the parallel and perpendicular contributions, respec-
tively. For S2'+(b), the linear-in-b term defines an apparent perpendicular diffusivity
D_X, consistent with the Gaussian diffusion case in Equation . In contrast, the
O(b?) terms capture non-Gaussian corrections arising from restricted diffusion in
bounded geometries such as axons.

Perpendicular signal inside a single axon
As an illustration, we first consider the simplified case of a single cylindrical axon
with radius r (see Figure ) The signal perpendicular to this cylinder (g-n = 0)
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Figure 2.11: Axon radius modeling with diffusion MRI. (a—c) Illustration
of tissue configurations modeled with different axon radius models: (a) single axon,
(b) ensemble of axons with realistic size variation, (c) r.g model, representing an
ensemble of axons with common radius r 4. (d) Exemplary axon radius histogram
from a light microscopy (LM) section, with the effective radius r. s (magenta, see
Equation (2.47))) and arithmetic mean radius r,, (green, see Equation ({2.48]))
indicated.

can be expressed as:

In Sg+(b) = In S5, (b,7) = In S,y (b, g, m, 7)|

cyl

(2.39)

g-n:O7

where

In S, (b,g,n,7) =—(1—(g-n)%)bD,(r) + O(b?). (2.40)

The higher-order @(b?) terms lack a closed-form solution for finite §. Furthermore,
DX(r) is in general time-dependent , since the restricted diffusion depends on
the diffusion encoding timings (5, A). Here, we assume fixed (8, A), so that D (r)
can be treated as constant. Practical approximations to Equation (2.40) are usually

based on the GPA, for which Van Gelderen et al. derived

In SCLyl’GPA(b, r) =—bDxt(r)

N ek
DO m=1 O‘?n(a%m - 1)

2 A 72042 A9

) a2 8 _ _
-{204?%——24—26 Cnie 4 2e i — e 20MTS g 20n
C

where the b-dependence is captured implicitly through g, §, and A; t, = r?/D, is
the correlation time; is the intrinsic axoplasmic diffusivity; and «,,, is the m-th
root of dJ; () /da = 0, with J; the Bessel function of the first kind.

In the wide-pulse approximation (WPA)), A > ¢ > ¢, [05], the expression in
Equation simplifies because the dependence on A can be neglected. In this
regime, the signal reduces to

7 g°738
In Sé'l,WPAa)?T) = —rrt, AT D,

(2.42)
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Perpendicular signal of an axon ensemble
In a dMRI voxel, the signal reflects an ensemble of many axons with radii distributed
according to [H(r) (see Figure [2.11p). Accounting for the contribution of all axons,
the perpendicular signal can be expressed as a volume-weighted average [132]:

j;)oo H(r)r? St (b,r)dr

cyl

J(;OOH(’T‘)T2dT

(2.43)

Note that the expression assumes a common cylinder length L across axons; under
this assumption, 7 and L cancel, so that the 72 term encodes the volume weighting.

Effective axon radius
Equation (2.43) can be further reduced to a single scalar metric related to H(r) by
substituting the WPA signal Equation (2.42)) and expanding in a Taylor series:

fooo H(T)r2e*’“’4 dr

Sok(b) ~ T HO" & (2.44)
~1l—~k <T—6> (2.45)

(r?)
A e, (2.46)

where

: N % (2.47)

is referred to as the effective axon radius. Conceptually, r.4 is the radius of a
hypothetical ensemble of axons with identical radii producing the same dMRI signal
as the actual heterogeneous axon population with radius distribution H(r) (see
Figure 2.11¢). Importantly, r.g is dominated by contributions from the largest
axons—the tail of the right-skewed radius distribution H(r)—in contrast to the
arithmetic mean radius

= (r), (2.48)
which is more sensitive to the bulk of H(r) (see Figure [2.11d).

Practical estimation

Equating e ?Ps ~ e " from Equations 1' and 1} one can express T in
terms of dMRI protocol parameters and diffusivities:

48 o
T R il/— 5<A — —) DrD,. (2.49)
7 3
In practice, given multi-b measurements of S°(b), one can jointly estimate r g and

f via non-linear fitting [133]. For an acquisition with two b-values (b,,;, and b

min max) )
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DX can be obtained directly as

max

D = ) , (2.50)

and subsequently used to compute rg [20].

2.3.6.3 Immobile water in ex vivo tissue

In ex vivo tissue, fixation often leads to an additional signal contribution from water
trapped in compartments with extremely restricted mobility , . This signal
fraction, referred to as the immobile water fraction [f; ] is effectively independent of
b and gradient direction g.

In the standard white matter signal model Equation (2.35)), the presence of
immobile water can be accounted for by adding a constant term to the total signal:

S<b7g):fasa(b7g>+fese(bvg)+fim7 fa+fe+fim:1' (251)

Because f;,, is independent of b and g, its presence biases model fitting if unaccounted
for, particularly in the high-b regime of r g measurements where other compartments
are strongly attenuated .
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Chapter 3

A histological reference for
MRI-based axon radius mapping

This chapter is primarily based on Mordhorst et al. [@/, with additional material
from Mordhorst et al. .

3.1 Introduction

To ensure that dMRI-based microstructure models — such as those used to estimate
reog — accurately reflect tissue properties, they must be validated against a reference
from ex vivo tissue, typically generated using microscopy imaging ,
. Unlike dMRI, which infers microstructure indirectly from signal patterns at the
millimeter scale, microscopy provides direct visualization of individual micrometer-
thin axons, making it a natural reference for studying the axon radius distribution
and its derivatives, such as r.4. For r g specifically, the disproportionate contribution
of large axons implies that a suitable histological reference must robustly capture
the tail of the axon radius distribution 117, [18| [38]. This tail, which reflects the
statistically rare occurrence of large axons, can only be reliably sampled in large ROIs
— ideally matching the size of AMRI voxels. Moreover, to evaluate whether dMRI
captures meaningful anatomical variation in microstructure, histological validation
must include broad spatial sampling across anatomically diverse ROIs.

Across species, the majority of validation efforts comparing dMRI-based axon

radius estimates against histological values , , , , have
relied on 2D histology , , , , , , , , , , attempting to

sample the local axon radius distribution from a single 2D cross-section orthogonal
to the presumed orientation of the axon bundle. This design assumes perfectly
cylindrical, parallel axons — a condition most closely satisfied in the corpus callosum,
making it a prototypical white matter region for validating dMRI-based axon radius
models and studying axon radius distributions. However, in humans, existing 2D
datasets , , , typically include only on the order of 1,000 axons —
unlikely to be representative of human in vivo dMRI voxels [12} [15, [38], [40], which

contain roughly three orders of magnitude more axons. As a result, estimates of
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rog from such data are prone to strong statistical fluctuations , . In addition,
they typically sample only a handful of ROIs—at most 11 in total —limiting
the ability to assess whether dMRI truly reflects underlying microstructure, e.g.,
through quantitative spatial correlations.

Recently, 3D histology has emerged as a complementary approach to 2D tech-
niques, revealing complex axonal morphology such as undulations, branching, and
radius variations , , , . While 3D histology uniquely enables sampling
along individual axons, it does not address the sampling limitations of 2D datasets
across axons. In fact, existing 3D datasets typically include fewer ROIs and often
capture fewer axons overall , , with the notable exception of a dataset compris-
ing 100,000 axons—but sampled within a single ROI of superficial white matter,
not the corpus callosum , . As a result, these datasets have so far been used
primarily to study the effects of morphological complexity on dMRI signal formation
in Monte Carlo simulations 38, [150], rather than for experimental validation
via direct dMRI-histology comparison.

One promising candidate to address the sampling limitations across axons is to
use large-scale 2D light microscopy (LM). While LM cannot resolve the smallest
axons (minimum-resolvable radius ~ 0.3 um) as accurately as 2D electron microscopy
(EM) [17] [44] [45], it enables imaging of much larger ROIs. This could enable a more
robust representation of the large-axon tail of the axon radius distribution—critical
for r.gs—than existing histology data , , , , . Moreover, LM allows
acquisition of a larger number of ROIs because it is significantly faster, cheaper, and
technically less demanding than both 2D EM [17, 44} [45] and 3D histology [23] 26,
[148] [149]. However, unlike traditional 2D EM datasets—where axon segmentation
was performed manually on a manageable number of axons , —the data
volume generated by LM necessitates automated segmentation, now commonly
addressed via deep learning approaches in both 2D and 3D histology workflows ,

In this chapter, we establish and apply a deep learning-based method for seg-
menting LM data to generate a histological reference for r.g. We first train and
test the method using LM and EM data from four human white matter tissue
samples. We show that the method reliably segments the majority of axons and,
importantly, enables more accurate and precise reference data for r. g than existing
histological datasets. We also evaluate its suitability for estimating the arithmetic
mean radius (7., see Equation and Figure[2.11)), a more intuitive measure of

the axon radius distribution, and find that r,, is more susceptible to LM resolution

arit
limits and staining-related intensity variation. Finally, we apply the method to two
additional human corpus callosum samples with dense spatial sampling to generate

a candidate histological reference dataset suitable for validating 7.4 in dMRI.

42



o
~
é
~
Fh

- N

probability

0.

n

b C
. €

Figure 3.1: Axon radius estimation pipeline. (a) Pixel-wise classifications of
light microscopy (LM) images as axon (white), myelin (gray), or background (black),
obtained using a convolutional neural network (CNN) for semantic segmentation. The
CNN was applied in a sliding window manner with patches spanning 57 pm x 57 pm.
(b) Identified axon instances, one per color. (c) Radii of axon instances, estimated
as radii of circles with equivalent area. (d) Resulting axon radius distribution, with
Tog and 7., annotated.
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3.2 Results

We implemented and evaluated a pipeline to extract axon radius distributions and
their summary statistics, rog and r,y,, from LM images (see Figure [3.1). The
pipeline combines a convolutional neural network (CNN)-based segmentation model
[75] (see Figure [3.1h) with post-processing steps for axon instance identification and
radius estimation (see Figure [3.1b-d). While the training procedure is described in
Section [8.3] this section focuses on evaluating the optimized pipeline.

3.2.1 Segmentation performance

We first evaluated segmentation performance on 30 small LM subsections, using
manual annotations as a reference (see Figure in Materials and methods for an
illustration). To this end, we assessed both image-level metrics, which reflect pixel-
wise agreement across the full field-of-view, and per-axon metrics, which evaluate
the detection and segmentation of individual axon instances.

Segmentation metrics are consistent with previous methods

At the image level (see Table , metrics are comparable to those reported by
Zaimi et al. , who also perform axon segmentation on 2D histological sections.
However, a direct comparison is complicated by differences in tissue type, staining
protocol, imaging modality, and resolution between datasets.

Small axons appear hard to detect and segment

The lower recall relative to precision (see Table indicates a tendency to miss
axon pixels, which may lead to underestimation of axon radii and, consequently,
of rog and 7,y. This bias is also evident at the per-axon level (Figure [3.2h),
where false negatives outnumber false positives, particularly among small axons
(r < 1pum). The resulting underrepresentation of small axons may further contribute

to underestimation of r 4 and r,.;;,. Even when detected, small axons are segmented

arit
less accurately, as reflected by lower Dice scores (see Figure [3.2b), likely because

axons represented by few pixels are more sensitive to pixel errors.
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Table 3.1: Image-level segmentation metrics. The table presents segmentation
metrics (see Equations (2.9)) to (2.12)), evaluated by comparing outputs from our
pipeline against manual annotations on 30 small LM subsections (see Figure in
Materials and methods for an illustration).

Metric Value
Balanced accuracy 0.85
Dice 0.77
Precision 0.82
Recall 0.74
a 400 4 b 1.00 -
" [ false negatives - __TTTT
g I false positives g 0-75 1
= s
< 200 - £ 0.50 o
o )
— Q
£ © 25 -
g g
= .9
“ 0 - T T T T A 0.00
0 1 2 3 4 0 1 2 3 4
Axon radius r [pm] Axon radius 7 [jim]

Figure 3.2: Per-axon segmentation metrics. (a) Number of false negative
and false positive axons as a function of axon radius. (b) Dice coefficient as a
function of axon radius. All bars show mean values per axon radius bin (bin width:
0.1m). Metrics were evaluated by comparing outputs from our pipeline against
manual annotations on 30 small light microscopy (LM) subsections (see Figure
in Materials and methods for an illustration).

3.2.2 Axon radius estimates at MRI scale

To assess the ability of our method to represent r g and ., at a scale relevant for
dMRI, we evaluated both metrics in LM subsections spanning the spatial scale of ex
vivo dMRI voxels used in this thesis (field-of-view: 350 pm x 350 pm). We derived
reference values by evaluating axon radius distributions obtained via manual axon

annotation in the LM subsections and spatially matched EM sections. For 7, we

arit

used the EM-derived distribution alone. For r g, we constructed a hybrid reference
by combining the EM-based bulk of the distribution (defined as r < 1.6 pm) with
the tail sampled from LM (defined as r > 1.6 um). See Figure 8.5 in Materials and
methods for an illustration of the evaluation approach. Figure [3.3a—b shows the
resulting comparisons of LM-based estimates against these reference values.

An accurate reference for r 4

For 7.4 (see Figure [3.3n), LM-based estimates remain close to the line of unity,
indicating good agreement with reference values. This visual alignment is supported
by quantitative measures, with low bias and a low coefficient of variation confirming
high accuracy and precision.
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Reduced accuracy and precision of r ...,

The estimates of 7., (see Figure [3.3b) exhibit only moderate agreement with
reference values, showing both systematic overestimation and substantial variability.
The overestimation likely reflects the resolution limit of LM, which impairs the
detection of small axons. The observed variability may partly stem from slight
spatial mismatches between the LM subsections evaluated and the corresponding

EM subsections used as reference.

Bias = [-3.7, 4.8]1 % Bias = 13.4 %
a 7 Cov=1073711% b °  Cov=141%
4 7/ /
7/ o /
< % < 0.6 o %
<3 s el 3 ° 7
g /&1 £ ® ,©
3= 4% o © / ¢}
g 2 W 203 o° / 4
= g ° ® %
3 = /
—_ = 0 4 o /
g1 /W 2 /
= s/ &£ s
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0 0.3
0 1 2 3 4 0.3 0.4 0.5 0.6
reg [um] (reference) Tarith [ (reference)

Figure 3.3: Validation of r_g and r,,;, estimates at MRI scale. (a)
Comparison of light microscopy (LM)-based r.4 estimates against reference values
from manual annotations. Each marker represents one LM subsection, while the
dashed line indicates theoretical perfect agreement. Reference values are shown
as a bounded range, reflecting uncertainty in combining EM-based estimates for
small axons (r < 1.6 pm) and LM-based estimates for large axons (r > 1.6 pm). See
Figure in Materials and methods for an illustration of the evaluation approach.
The legend reports bias (see Equation (8.3))), and coefficient of variation (CoV, see
Equation (8.4))), each calculated for the lower and upper bounds of the reference.
(b) Comparison of LM-based r,;,, estimates against EM-derived reference values
for the same subsections, using the same metrics and definitions as in (a), but with
fixed reference values.

3.2.3 Staining as a confounder

We assessed the impact of local image intensity variation, e.g., due to staining
heterogeneity, on r 4 and r,,;;,. To this end, we evaluated both metrics across entire
LM ROIs and computed spatial correlations with image intensity, resampled on a
350 pm grid. Figure [3.4h-c show spatial maps of image intensity, r.g and 7, for
an exemplary ROI, whereas Figure [3.4d-e display spatial correlations between image
intensity and the estimated values of r.g and r,,;; across multiple ROIs.

7o Shows robustness to image intensity variation

rog does not visibly follow the spatial pattern of image intensity in most regions
(Figure [3.4h-b). This observation is supported by quantitative analysis (Figure [3.4d),
which reveals no significant correlation between .4 and image intensity.
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Figure 3.4: Impact of image intensity variation on r g and r,,. (a-c)
Parameter maps for an exemplary light microscopy (LM) ROI: (a) image intensity,
(b) rog and (c) 7,4, Maps in (b-c) were spatially smoothed for visualization. (d)
Correlation between r. g and image intensity. Each marker represents a 350 pm x
350 pm subsection (see scale bar in (a) for reference), sampled across four histology
ROIs selected to have similar r .4 magnitudes. (e) Correlation between r,;; and
image intensity, following the definitions in (d).

Turith @PPEATs sensitive to staining intensity

In contrast, r,.,;, closely mirrors spatial variation in image intensity (Figure ,C).
In the quantitative analysis (Figure [3.4e), this trend is confirmed by a strong and
significant correlation. In a visual inspection of the LM images and segmentation
masks, we found that elevated image intensity hinders the detection of small axons,
effectively modulating the resolution limit and thereby introducing a dependence of
Tarith O IMage intensity.

3.2.4 Establishing a reference for MRI validation

With the proposed method validated, we applied it to two additional human corpus
callosum tissue samples with denser spatial sampling, comprising 35 ROIs (see CC-02
and CC-03 in Figure ) For each ROI, we acquired one LM image, extracted
empirical axon radius distributions, and computed both r.g and r,,;,. In the
following, we compare the sampling statistics of our dataset to existing 2D histology
datasets of the human corpus callosum , , , , and quantify the resulting
improvements in the accuracy and precision of r g and -

Improved spatial coverage and axon sampling over existing datasets
Figure presents a comparison of sampling characteristics between our dataset and
previously published histological datasets of the human corpus callosum , , ,
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. Compared to prior work, our dataset offers denser spatial coverage by including
a larger number of ROIs (see Figure [3.5a), as well as more extensive sampling within
each ROI, capturing axon ensembles that span areas comparable to in vivo dMRI
voxel cross-sections used in this thesis (see Figure 3.5p).

Tail sampling affects r g more strongly than r ..,

Figure [3.6p-b illustrates that LM ROI sizes enable smoother sampling of the tail of
the axon radius distribution than ROI sizes used by Aboitiz et al. , which would
result in occasional spikes. While the axon radius distributions exhibit strongly
different r.g values, ., seems largely unaffected, suggesting that r g is more
sensitive to ROI size than 7, ;..

dMRI-scale ROIs enable improved bias and precision in r g

The influence of ROI size on 7.4 is illustrated in Figure [3.6, which shows how
reg Values vary with repeated subsampling at different ROI sizes. Smaller ROIs
tend to underestimate 7.5 and show a greater chance of outlier overestimations (as
illustrated in Figure ), reflecting reduced accuracy and precision. This trend is
quantified across all ROIs in Figure [3.6d-e. As ROI size increases, both accuracy (in
terms of bias) and precision (as coefficient of variation) improve, though accuracy
improves more steeply. For ROI sizes used in prior histology datasets , ,
the expected bias ranges from 4 to 12 %, while the coefficient of variation ranges
from 14 to 21 %.

Torith RS lower sample size requirements than r g
Applying the same subsampling analysis to 7., (Figure —h) reveals a striking

difference from 7.4. Unlike r g, 7,4, remains largely unbiased across all ROI

arit
sizes, and its precision is consistently higher. Even at ROI sizes typical of existing
histology datasets [4] [17, [38] [45], the coefficient of variation (CoV) remains below

5%, suggesting that these datasets provide reliable reference values for 7,
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Figure 3.5: Comparison of human corpus callosum histology datasets. (a)
Total number of ROIs per dataset , , (b) Mean sampling area and axon
count per ROI (double-logarithmic scale; area for Barakovic et al. estimated
via linear fit of reported axon counts versus area from remaining datasets ,
45]). The dashed line indicates the cross-sectional area of the in vivo dMRI voxels
(2.5mm x 2.5mm) used in this thesis. The ROIs referenced here for our dataset
include all histological ROIs in Figure [I.1f.
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Figure 3.6: Accuracy and precision gains through MRI-scale samples.
(a-b) Axon radius distribution for (a) a light microscopy (LM) ROI and (b) a
random subsample of the distribution in (a), including 103 axons, mimicking a ROI
as presented by Aboitiz et al. [17]. Vertical dotted lines denote 7.q, whereas dashed
lines denote r,,,,; insets highlight tails of axon radius distributions. (c) Sampling
distribution of 7.4 as a function of ROI size (axon count) for the ROl in (a). The blue
marker and dashed line represent r.4 computed from all axons within the ROI, while
boxplots show simulated sampling distributions for smaller ROI sizes, indicating
the median (line), interquartile range (IQR, box), whiskers (1.5 IQR), and outliers
(dots). Box colors reflect datasets, categorized by ROI size (see legend). (d-e)
Bias (see Equation (8.3)) and coefficient of variation (CoV, see Equation (8.4)) as a
function of the ROI size based on sampling distributions as shown in (c). Markers
show mean + standard deviation across ROIs. (f-h) Sampling distribution, bias,
and CoV for r,,;, as a function of ROI size, replicating the analysis for r.g in (c-e).
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3.3 Discussion

We investigated the potential of deep learning-based segmentation on large-scale 2D
light microscopy (LM) data to generate reference data for r.g in the human brain.
Our method yields estimates of r.4 with high accuracy and precision — achieving
levels that are inherently difficult to achieve with the smaller ROI sizes of existing
datasets. We applied this approach to two human corpus callosum specimens,
generating a candidate reference dataset for future validation studies of r g, with
dense spatial coverage enabling assessment of meaningful microstructural variation.
However, the method is less suitable for estimating r,.;,;,, as values are both biased
and imprecise due to the limited resolution of LM and the confounding influence of
staining-related image intensity.

A suitable reference for r g

Our method demonstrates strong agreement in r.g with reference values derived
from manual annotations, as quantified by precision (coefficient of variation: 8 %)
and bias (underestimation of 5%) on our test dataset. While we cannot directly
assess these metrics in existing human corpus callosum datasets , , , our
subsampling analysis suggests that their limited ROI sizes inherently introduce at
least similar bias (4 to 12 %) and lower precision (coefficient of variation: 14 to 21 %).
This effect is likely underestimated in our subsampling analysis, which does not
account for spatial heterogeneity. Notably, the underestimation in existing histology
data also has broader implications: 7.4 in the human brain may be systematically
larger than previously assumed, suggesting that dMRI-based 7.4 mapping may be
less constrained by the resolution limit of dMRI for small axons than previously
thought.

Towards more comprehensive dMRI validation of 7.4

Our dataset enables validation strategies that were previously infeasible due to
limited histological sampling. Its dense spatial coverage across ROIs allows for
quantitative spatial correlation analyses, moving beyond the qualitative comparisons

that have dominated the literature , , , , , due to
restricted histological data [4 5| [12] [15] [17] [23] [26] [38], |40} [44} [45] [142] [145] [147}{149),
particularly in humans , , , , .

In addition, the dMRI-scale axon ensembles captured in our dataset open new

opportunities for simulation studies. Just as recent work has highlighted the influence
of realistic 3D axonal morphology , , , simulations based on our data
may reveal how large-scale across-axon radius distributions shape the dMRI signal.

Our framework can also be used to validate alternative dMRI-based axon radius
metrics. The definition of 7.4 used here relies on assumptions about the dMRI
protocol, namely the wide-pulse approximation (WPA, see Equation (2.42))), which
assumes long diffusion gradient pulses . An alternative definition applies in
the narrow-pulse limit with very short diffusion gradient pulses: 7eg yarow—pulse =

VA(rt) /(r?) , . As shown in Figure , estimates of Tegt parrow—pulse {TOM OUT

pipeline achieve accuracy and precision comparable to those of r.4 under the WPA.
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Light microscopy is unsuitable for estimating r .,
Our results show that LM is unsuitable for representing r,,;,, vielding estimates that
are both biased and imprecise. The bias arises from LM’s limited resolution, which
prevents detection of small axons — a critical component for accurately computing
Torith- Lhe imprecision likely reflects staining-driven image intensity variation across
LM images, which effectively modulates the resolution limit and distorts estimated
Trith Values, risking that imaging artifacts are mistaken for true microstructural
differences. However, using LM to reference r,;;, would also be unnecessary, as
typical EM ROI sizes (~ 1000 axons [4, 17, 38| 45]) appear sufficient to estimate
T, With negligible bias and reasonable precision — at least when spatial variation

is factored out, as in our subsampling analysis.

Limitations and future directions
While we demonstrated the applicability of our method to the human corpus callosum,
its generalizability to other brain regions remains to be evaluated in future work.

We did not benchmark existing 2D axon segmentation pipelines on our data.
While such comparisons may be informative, they are unlikely to affect our main
conclusions. These conclusions are driven by dataset properties—namely, ROI size,
imaging resolution, and staining variability—rather than the specific segmentation
method applied.

Measuring axon radii from 2D histology can introduce bias when axons intersect
the imaging plane obliquely , . The circular equivalent method used here
may overestimate radii in such cases, whereas an alternative based on the minor
axis of a fitted ellipse may underestimate true radii by ignoring genuine eccentricity.
While we do not attempt to resolve this methodological debate, our method yields
similar 7.4 accuracy and precision when using the elliptical minor axis approximation

(see Figure [B.2).

More critically, 2D histology cannot capture along-axon morphological features
revealed by 3D histology [23] 26] [148] [149], such as undulations and radius fluctua-
tions. However, 3D histology insights also suggest that ensemble-level axon radius
distributions appear relatively stable within local fiber populations , indicating
that 2D histology may provide representative sampling of axon radius distributions.
Still, 3D-informed simulations have shown that such complex axonal morphology
can also affect the dMRI signal [150]. Ultimately, the sensitivity of dMRI to
rog despite these effects—and the adequacy of 2D histology as a reference—has to
be tested through experimental validation.

Beyond the scope of AMRI, our data could support the development and validation
of parametric models of axon radius distributions [12] [18] 159} [160]. Moreover, once
validated beyond the corpus callosum, our method could facilitate the construction
of a whole-brain atlas of large axons.

Conclusion

We demonstrated that deep learning-based segmentation of 2D light microscopy data
provides a viable approach for generating accurate and precise reference data for r g
in the human corpus callosum. Applied to two specimens with dense spatial sampling,
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our method yields a reference dataset specifically suited for future validation of
dMRI-based r.g mapping. In the following chapters, this dataset is used both for
quantitative spatial correlation analyses between dMRI and histology (see Chapter |4)
and for histologically informed simulations of dMRI signals, leveraging realistic axon
radius distributions from large axon ensembles at the scale relevant for dMRI
resolution (see Chapters [5| and [6]).
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Chapter 4

Experimental validation of
MRI-based axon radius mapping

This chapter is based on Mordhorst et al. , with adaptations and extensions for
this thesis.

4.1 Introduction

Measuring axon radii with dMRI has been a longstanding goal in the field. Yet,
despite decades of modeling efforts , , , , , , , robust
measurement has remained challenging. Robust measurement, particularly in the
presence of noise, is fundamentally limited by the inherently low sensitivity of dMRI
to micrometer-thin axons , , . In vivo, this sensitivity appears achievable
only on advanced research scanners with ultra-strong diffusion gradient amplitudes
of 300mT/m [6}, [[3], 20, 163).

Even when sensitivity is sufficient, achieving specificity remains challenging
due to competing signal contributions that can obscure axon radius effects. These
include effects of unmodeled intra-axonal features such as along-axon radius
variation and undulations , , , — deviations from the perfect cylinder
assumption underlying dMRI-based axon radius models, including the model used for
rog- Additional confounds arise from axonal dispersion , , exchange between
intra- and extra-axonal compartments [19], [164] [165], axonal surface relaxation
effects , Rician noise bias , and signal contributions from non-axonal tissue
compartments such as extra-axonal water , , , somas , and immobile
water [22]. While advances in modeling [20] and experimental design [0
have been proposed to mitigate these effects, it remains unclear whether sensitivity
to axon radii persists under experimental conditions.

These challenges have also shaped the scope of histological validation. For much
of the field’s history, dMRI-based axon radius estimates were severely overestimated,
and histology primarily served to resolve the debate over whether dMRI is sensitive
to axon radii in the biologically plausible range. Despite these challenges, some
consistent results have been established over the years. In particular, the corpus
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callosum has often served as a prototypical structure for such investigations, with
spatial patterns in axon radii commonly reported along its anterior—posterior axis.
In rodents, a relatively consistent low—high—low profile has emerged and shows
correspondence with histology , . Related patterns have also been described in
humans [4 [6] [17] 20} [38] and nonhuman primates [4, [147], although differences
in anatomical definitions, ROI placement, and analysis methods complicate direct
comparisons between these studies. Still, this qualitative evidence suggests that
axon radius distributions are spatially organized and that dMRI may be sensitive
to these anatomical variations. However, quantitative validation of such spatial
patterns—particularly in humans—remains lacking, largely due to the limited spatial
coverage of existing histological datasets, as outlined in Chapter 3]

In this chapter, we assess the validity of dMRI-based axon radius estima-
tion—specifically r.g—using state-of-the-art in vivo and ex vivo protocols ﬂ§|, .
Building on the densely sampled light microscopy (LM) dataset introduced in Chap-
ter [3, we perform the first direct experimental test of whether dMRI-derived rg
captures meaningful anatomical variation in the human brain. At the group level, in
vivo r.g estimates show significant spatial correlations with histology, providing the
first quantitative evidence of dMRI sensitivity to r.4. In contrast, no such correlation
is observed in ex vivo dMRI acquired from the same tissue used for histological
analysis. By mirroring these experiments with simulations grounded in our histology
data, we show that the lack of correlation ex vivo is explained by a model-inherent
reduction in sensitivity, which appears less pronounced in vivo.

4.2 Results

4.2.1 Spatial patterns in histology

To enable spatial comparison across modalities, we mapped the histology-based r.g
values from the dataset generated in Chapter [3/to the Montreal Neurological Institute
(MNI) space [166], a standard anatomical reference frame in MRI. Figure shows
the spatial patterns of histological r.4 across the mid-sagittal plane of the corpus
callosum. Both samples exhibit a consistent, coarse inter-regional trend, following
an alternating low—high pattern across the anterior midbody, midbody, posterior
midbody, and splenium (see also Figure . Notably, there is substantial intra-
region variability within the splenium, which also appears inconsistent across tissue
samples. In other subregions, intra-region variability cannot be reliably assessed due
to sparser sampling.

4.2.2 In vivo MRI validation

To assess the experimental validity of 7.4, we acquired in vivo dMRI magnitude data
from five healthy subjects using a Siemens Connectom 3 T scanner with a maximum
diffusion gradient amplitude of 300 mT /m, following the protocol of Veraart et al. [6].
As an interpretive bridge between histology and dMRI, we additionally conducted

o4



posterior! . b posterior \ f
a \ midbody \| midbody / \\midbody \ midbody /)
Y \
splenium 3

\ / anterior . 3 \ ’ :
4 P, X splenium anterior
T i \ ; midbody Y e midbody
AY 3 A ™ N
\ N

/’/
genu 1.5

Figure 4.1: Histological patterns of r.s (a—b) Spatial distribution of his-
tological 7.4 across the mid-sagittal slice of the corpus callosum in MNI space.
Spatial patterns were interpolated using the nearest-neighbor method, evaluated
at histological ROI locations in Figure [I.1f. Dashed lines indicate corpus callosum
subregions.

histology-based dMRI simulations under two conditions: (i) an experiment-like
scenario with Rician noise (SNR = 32), and (ii) an idealized noise-free scenario (SNR
= 00). For comparison between dMRI-derived and histological values—including
histology-based simulations—we accounted for shrinkage of ex vivo tissue relative to
in vivo conditions by scaling radii in the histological axon radius distributions by a

factor of 1.3 [17] [167].

In vivo dMRI captures coarse spatial pattern at the group level

Figure 4.2a—d compare group-average spatial r.g patterns across the corpus callosum
between histology, dMRI experiments, and simulations. The experimental dMRI
pattern qualitatively resembles histology (see Figure —b), showing an alternating
low—high trend across anterior midbody, midbody, posterior midbody, and splenium
(see also Figure . However, the relatively high values in the genu deviate from
the expected histological pattern.

Despite this coarse agreement, r g patterns from both experiments and simu-
lations exhibit a reduced dynamic range compared to histology, indicating limited
sensitivity to microstructural variation. While simulations correctly predict this
reduction in sensitivity, they differ from experimental measurements in absolute
values: simulations systematically underestimate .4 (see Figure [4.2c—d), whereas
experimental estimates show only a mild overestimation (see Figure ) This dis-
crepancy suggests that additional effects—unaccounted for in the simulations—may
influence the experimental signal.

Group-level r g5 correlate with histological values

Figure[4.2e shows a direct, ROI-wise comparison of g values from dMRI experiments
against histological values. The resemblance of the group-average spatial 7.4 pattern
from in vivo dMRI experiments with histology is reflected in a significant correlation.
However, this analysis exhibited some variability due to the non-deterministic nature
of our in vivo dMRI processing (Figure shows a representative iteration; over
10 iterations, we yielded: R = 0.414 4 0.03, all p < 0.05; see Figure .

A model-inherent bias drives sensitivity reduction
Figure [4.2f-g complement the experimental results in Figure with dMRI simu-
lations. Experiment-like simulations (see Figure [4.2f) do not predict the significant
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correlation (R = 0.29, p = 0.12) found in the experimental data, likely because
they represent single-subject scenarios rather than group-averages. In this setting,
the underlying relationship is not strong enough to yield a correlation under noise,
given the reduced sensitivity. While reduced sensitivity appears in both simula-
tion scenarios, its persistence in the idealized scenario (see Figure [4.2) clarifies
that it is a model-inherent effect, which we label “model-inherent bias.” This bias
increases proportionally with 7.4 and affects absolute agreement, as measured by
the normalized root-mean-square error (NRMSE), by shifting values away from the
unity line. It also reduces R by limiting the dynamic range on the upper end of 7
values, thereby obscuring correlations under noisy conditions (see Figure ff).
Finally, noise introduces a mild overestimation of smaller r g values, which reduces
sensitivity at the lower end of the distribution. This reduced sensitivity to small
r.g hints at the practical resolution limit, below which r g values may no longer be
reliably distinguished from noise [157].

Lack of consistent subject-level correlations

Figure presents per-subject spatial r g patterns from in vivo dMRI. These maps
show considerable variability across subjects, with spatial patterns that only partially
resemble their histological counterparts (cf. Figure . While the alternating
low—high trend from anterior midbody to splenium observed at the group level
is visible in some subjects, finer structures differ markedly. Additionally, partial
volume effects may influence the patterns, as suggested by extreme values near
border regions.

Figure confirms these qualitative observations in quantitative terms: corre-
lations between subject-level r g and pooled histological values are mostly weak and
not statistically significant. Only one of five subjects shows a significant correlation
(Subject 2: R = 0.52, p = 1.4-1072). This absence of subject-level correlation aligns
with our experiment-like simulations (cf. Figure ), suggesting that individual-
level validation remains challenging due to inter-individual differences and limited
sensitivity.

4.2.3 Ex vivo MRI validation

To enable direct comparison with histology in the same tissue, we acquired ex vivo
dMRI data from the histologically sampled corpus callosum specimen CC-02 (see
Figure ) We performed the acquisition on a Bruker Biospin 9.4 T preclinical
scanner with a maximum diffusion gradient amplitude of up to 1500 mT /m, using
a protocol similar to the one proposed by Veraart et al. for ex vivo validation in

rodents [15].

Ezx vivo dMRI fails to capture histological pattern

Figure [4.4a—d compare spatial r.g patterns across histology, ex vivo dMRI experi-
ments, and simulations. In both experiments and simulations, the dMRI patterns
show a stronger reduction in sensitivity than in vivo (cf. Figure 4.2a-d), with
rop values markedly underestimated. At this low sensitivity, no distinct spatial
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variation in r.g is captured in dMRI experiments and simulations, at least not at
the magnitude expected from histology.

Ex vivo dMRI shows no correlation with histology

Figure [4.4e-g show ROI-wise comparisons of r.g from dMRI experiments and
simulations against histological values. In experimental data (Figure |4.4g), we find
no significant correlation with histology (R = 0.23, p = 0.41), aligning with the poor
agreement observed in spatial patterns. This absence of correlation contrasts with
our experiment-like simulations (Figure ), which predicts a significant correlation
(R = 055, p < 1-1073). Part of this discrepancy may result from the lower
number of ROIs in the experimental analysis (15) compared to simulations (35).
However, the sensitivity appears intrinsically low, even under idealized conditions
(see Figure ), suggesting that achieving meaningful sensitivity in experimental
data may be challenging.

The immobile water compartment as an additional confounder
Fixation of ex vivo tissue introduces an immobile water compartment, represented by
an additional model parameter (f,,, ), which may confound r4 estimation. Figure
assesses this possibility by examining the covariation between estimated f;,, and 7.
in experimental data.

Figure shows f,,, and 7.4 patterns across the corpus callosum, revealing
apparent covariation between the parameters. This effect is particularly pronounced
in the splenium, which provides the densest sampling. In this region, a direct
ROI-wise comparison (Figure [4.5b) shows a near-linear relationship between f;,
and r.g, indicating that f; likely acts as a confounding factor under the employed
estimation approach.
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Figure 4.2: Validation of group-level in vivo MRI-based r 4. (a-d) Group-
level spatial r. g pattern comparison under in vivo conditions: (a) histology, (b)
dMRI experiments, (c) experiment-like dMRI simulations (SNR = 32), and (d)
idealized dMRI simulations (SNR = o0). Dashed lines indicate corpus callosum
subregions: splenium (S), posterior midbody (PM), midbody (M), anterior midbody
(AM), and genu (G). The patterns in (a, c-d) are based on histological axon radii
scaled by 1.3 to compensate for tissue shrinkage with respect to in vivo conditions
[167). In (c), the pattern reflects the median across 1000 noise realizations. (e-g)
ROI-wise comparisons of r.4 between histological values and dMRI scenarios in
(b-d), evaluated in each modality’s native space. Markers correspond to histological
ROIs in Figure [L.1f. While (e) shows the group-average, panel (f) represents a single-
subject scenario, with markers denoting the median across 1000 noise realizations
and the shaded area indicating the 95 % confidence interval. Dashed lines illustrate
theoretical perfect agreement, whereas dotted lines represent linear regressions.
Annotated metrics include Pearson’s correlation coefficient (R) and corresponding
p-value, normalized root-mean-square error (NRMSE), and the fitting success rate

(FSR) (see Section for metric definitions).
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¢ and histological values. Markers correspond to histological ROIs in Figure [I.1f.
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Figure 4.4: Validation of ex vivo MRI-based r.4. (a-d) Spatial r.4 pattern
comparison for ex vivo tissue sample CC-02 (see Figure [1.1f). Modalities include: (a)
histology, (b) dMRI experiments, (c¢) experiment-like MRI simulations (b-dependent
SNR = 17 to 51), and (d) idealized dMRI simulations (SNR = oo). Dashed
lines indicate corpus callosum subregions: splenium (S), posterior midbody (PM),
midbody (M), anterior midbody (AM), and genu (G). The void in (b) denotes an
ROI not scanned with ex vivo dMRI. In (c), the pattern reflects the median across
1000 noise realizations. (e-g) ROI-wise comparisons of r.g between histological
values and dMRI scenarios in (b-d), evaluated in each modality’s native space.
Markers correspond to histological ROIs in Figure ; while (e) includes only those
ROIs scanned with ex vivo dMRI (CC-02), panels (f-g) include all ROIs (CC-02
and CC-03) to ensure comparability with the in vivo analysis in Figure [4.2, In (f),
markers denote the median estimate across 1000 noise realizations, with the shaded
area indicating the 95 % confidence interval. Dashed lines illustrate theoretical
perfect agreement, whereas dotted lines represent linear regressions. Annotated
metrics include Pearson’s correlation coefficient (R) and corresponding p-value,
normalized root-mean-square error (NRMSE), and the fitting success rate (FSR)
(see Section for metric definitions).
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Figure 4.5: Impact of immobile water on ex vivo MRI-based r 4. (a)
Spatial patterns of ex vivo dMRI-based 7.4 and immobile water fraction (f;,)
across the corpus callosum, shown in a mid-sagittal MNI slice with subregions
indicated (dashed lines). Spatial patterns were interpolated using nearest-neighbor
interpolation, evaluated at the CC-02 histological ROI locations in Figure [I.1f. The
void in the genu indicates an ROI not scanned with ex vivo dMRI. (b) ROI-wise
comparison of r.g and f; . Markers correspond to CC-02 ROIs in Figure .
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4.3 Discussion

We addressed the longstanding challenge of quantitatively validating axon radius
measurements from dMRI by assessing spatial correlations with histological val-
ues from two densely sampled human corpora callosa. A significant group-level
correlation in vivo provides the first quantitative evidence that dMRI can capture
microstructural variation in axon radii in the human brain, as demonstrated here via
rog. Remarkably, this correlation emerges despite a newly identified "model-inherent
bias” that reduces dMRI sensitivity to r.g. Under ex vivo conditions, this sensitivity
reduction is more pronounced and likely accounts for the absence of a significant
correlation with histological values from the same tissue. We also illustrate that ex
vivo r 4 estimation is further complicated by the presence of the immobile water
fraction (fi,)-

In vivo sensitivity persists despite confounds and model limitations
Mechanistically, our findings offer experimental proof that the in vivo dMRI signal
in the human brain retains measurable sensitivity to r.g. Notably, this sensitivity
to 7.4 is preserved despite unmodeled signal contributions affecting the core signal
model assumptions of r4. In particular, a growing body of simulation studies
grounded in 3D histological work [23] 26} [148] has raised concerns about
the simplifying assumption of idealized, cylindrical axons underlying 7.4 modeling.
These studies show that realistic axonal geometries, including radius variations
and undulations, can substantially alter the dMRI signal. Alongside the impact
of geometric complexity, our results point to an additional modeling limitation:
a model-inherent proportional bias that reduces sensitivity to r.g. This effect is
consistently present in both experiments and simulations. Crucially, it also appears
in idealized simulations, suggesting that the bias affects the core axon radius-related
signal.

Importantly, in vivo dMRI’s sensitivity to r.g holds up not only against modeling
limitations of the axon radius-related signal, but also against a broader range of
confounding influences. These include signal contributions from compartments not
accounted for in the model , , , as well as exchange between intra- and
extra-axonal compartments , , , axonal surface relaxation effects ,
orientation dispersion , , , partial volume contamination , , and
Rician noise bias . Comparisons between in vivo dMRI and histology introduce
further sources of uncertainty, such as tissue deformation and shrinkage , ,
[170], anatomical and demographic variation across individuals, cohort differences
(e.g., the age differences in our data: mean age 61 years in histology vs. 31 years
in vivo), and scan-rescan variability — although the latter has been shown to be
modest for the acquisition protocol used here [6], [163].

Achieving specificity remains challenging

While the observed sensitivity to r.g in vivo is encouraging, the myriad of confound-
ing factors outlined above suggests that achieving true specificity to r.4 remains
challenging. Indeed, our experimental in vivo data hint at such complexity: despite
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simulations predicting underestimation due to model-inherent bias, we observe a
slight overestimation of r g relative to histology. This suggests that additional con-
founding effects of comparable magnitude may be acting in the opposite direction,
effectively compensating for model-inherent bias. Hence, comparing value ranges
|L5] rather than assessing point-wise relationships may be ambiguous and difficult to
interpret. However, disentangling the individual contributions of confounding effects
remains challenging, particularly due to their potential interactions. Therefore, in
light of the previously unproven sensitivity of dMRI to 7., establishing experimental
evidence of such sensitivity defined the scope of our analysis.

A coarse anatomical pattern drives in vivo correlation

From an anatomical perspective, the spatial variation underlying the in vivo
dMRI-histology correlation reflects a coarse anterior-to-posterior trend across the
corpus callosum, spanning the anterior midbody, midbody, posterior midbody, and
splenium. This pattern is visible only at the group level and aligns most closely with

previous findings in humans and nonhuman primates . Differences to
regional trends reported in other human studies , |§|, , , , may stem
from variations in anatomical definitions, ROI placement, acquisition protocols, and
analysis methods, but could also partially reflect inter-individual variability in axon
morphology. Indeed, our data suggests substantial inter-individual variability of in
vivo 7.4 patterns, raising the question of whether finer-grained spatial trends are
preserved across subjects, or whether apparent differences simply reflect spatial shifts
or misalignment. In light of this variability, confirming the sensitivity of in vivo
dMRI to r.g on independent datasets remains among the most immediate priorities,
given the limited number of histology donors and in vivo subjects in our dataset.

Ex vivo validation appears challenging

Ex vivo validation is often used as an intermediate step toward in vivo validation, as it
circumvents inter-individual differences by enabling direct comparison with histology
in the same tissue , , , . However, our results suggest that such
an approach may be difficult for r . In line with the poor spatial correspondence
observed in our experimental data, our simulations indicate that model-inherent
bias strongly limits sensitivity — more so than in vivo. For practical measurements
with the current ex vivo protocol, the sensitivity leaves little headroom to detect
correlations if additional, confounding effects are present. One strong candidate for
such an effect is the presence of an immobile water fraction (f;,,) in ex vivo tissue
[22]. In our results, the estimated f,,, appears to covary with r.g, challenging the
specificity of r g estimates.

Large-scale 2D histology as a practical validation framework

The observed correspondence between in vivo dMRI-based r.g and our 2D histology
(see Chapter |3|) supports the notion that axon radius distributions measured from 2D
cross-sections can serve as reasonable proxies for the 3D microstructural environment
underlying the dMRI signal. This interpretation is consistent with insights from
recent 3D histology studies , which suggest that axon radius distributions, and by
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extension r.g, remain relatively stable within local fiber populations, although this
has only been demonstrated for a small number (~ 50) of large axons. In light of our
findings, large-scale 2D histology emerges as a complementary approach to current
3D histology efforts [23] 26] [149]. While 3D histology uniquely enables dMRI
simulations of complex axonal morphology on a few (~ 100) reconstructed axons
, , our 2D approach offers a scalable and practical route for validating
real-world dMRI measurements, providing unprecedented spatial sampling with
access to 46 million axons across 35 ROlIs.

Limitations and future directions

Our g estimation assumes constant literature values for axoplasmic diffusivity (D)
across voxels , , which may introduce bias if D, is misestimated and overlooks
voxel-wise heterogeneity. However, prior work suggests only moderate sensitivity
to deviations in Dy, [27]. Similarly, our simulations use fixed literature values for
parameters such as axonal volume fraction , but this is unlikely to qualitatively
challenge the major finding of reduced sensitivity due to model-inherent bias.

For histology—dMRI comparisons, we compensated for tissue shrinkage by uni-
formly scaling radii of individual axons, which unlikely captures all biological
complexities, such as non-linear shrinkage in the extra-axonal space , altered
fiber orientations [170[, or region-specific shrinkage responses . However, our
correlation-based evaluation is robust to systematic biases in the absolute scale.

To mitigate alignment inaccuracies between modalities and suppress apparent
noise in our in vivo dMRI-based r.g maps, we applied spatial smoothing (see
Figure . While the smoothing limits sensitivity to subtle spatial variations, the
considerable variability across subjects already casts doubt on whether consistent
fine-scale structure exists across individuals.

Conclusion

Our findings demonstrate that in vivo MRI can capture anatomical variation in
Tog, as reflected by its significant spatial correlation with histological ground truth.
This provides an important step toward validating MRI-based axon radius mapping
and supports its potential for scientific and clinical applications. At the same time,
the lack of individual-level correlations and discrepancies in ex vivo data highlights
the need to better understand the method’s limitations. In the next chapters, we
address these gaps through histology-based simulations designed to better under-
stand modeling limitations and study candidates for remaining discrepancies (see
Chapter , as well as to explore the path towards adoption on clinical scanners (see

Chapter [6).
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Chapter 5

Understanding limitations of
MRI-based axon radius mapping

This chapter is based on Mordhorst et al. , with adaptations and extensions for
this thesis.

5.1 Introduction

The previous chapter provided the first quantitative evidence that dMRI can detect
spatial variations in axon radius distributions in humans. Such experimental val-
idation provides a comprehensive reality check, capturing the combined influence
of many factors — biophysical modeling, acquisition protocols, processing pipelines,
tissue properties, and even inter-individual variability. This comprehensiveness is
both a strength and a limitation: while it validates the entire estimation chain, it
does not isolate the underlying causes of either agreement — and, more critically, the
remaining disagreement.

To disentangle these potential sources of disagreement, simulations offer a crucial
complement to experimental validation, in particular for the complex biophysical
microstructure model underlying r g estimation. This physically interpretable model
goes beyond empirical fitting and provides a mechanistic link between microscopic
structure, such as axon radius distributions, and dMRI signal formation at the
macroscopic scale . Simulations based on this forward model allow a systematic
investigation of how individual factors, including acquisition parameters, noise
characteristics, and modeling assumptions influence r.g estimation under controlled
conditions.

In the context of our experimental findings in Chapter 4], simulations may help
clarify the observed sensitivity limitations. The limited sensitivity was due to an
underestimation of large r g4, resulting in a reduced dynamic range of estimated
values. We labeled this effect “model-inherent bias” because it persisted even in
simulations isolating axon radius-related signal components. As such, it joins other
fundamental limitations — most notably, the unmodeled influence of complex axonal

morphology 150, which violates the perfect cylinder assumption in
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current axon radius dMRI signal models. Better understanding this bias is essential
for improving sensitivity and for defining the anatomical and experimental conditions
under which r.g mapping remains viable.

A separate issue concerns specificity: our experimental results showed a global
offset compared to simulations, whose origin is difficult to trace given the number
of potential candidates. While some discrepancies are inherent to the validation
design—particularly in comparisons between in vivo dMRI and histology—others
likely stem from limitations in the dMRI signal model. These include insufficiently
accounted for signal compartments [19H22], exchange between intra- and extra-
axonal compartments [19, [164] [165], axonal surface relaxation effects [38], fixed
diffusivity assumptions , , or noise characteristics . Identifying the most
relevant contributors is essential to improving specificity and ensuring that observed
variations in 7. can be reliably attributed to underlying microstructural differences,
especially with a view toward future clinical application.

In this chapter, we use histology-based dMRI simulations to investigate both the
origin and implications of model-inherent bias in 7,4 mapping, as well as the impact
of potential confounding factors. We begin by examining signal approximations
as candidate sources of the observed sensitivity reduction via the model-inherent
bias and show that the effect arises directly from how axon radius distributions
are compressed into the scalar metric r,g. Moreover, we demonstrate that the
magnitude of this effect increases with both r g itself and the diffusion gradient
amplitude — making it particularly relevant under ex vivo conditions, where gradient
strengths are typically higher. To assess potential confounders affecting specificity,
we evaluate the influence of plausible inaccuracies in noise and model parameters.
Our results show that incorrect estimation of the noise level can substantially distort
r.g When using magnitude dMRI with Rician-distributed signals. In ex vivo tissue,

the immobile water fraction (f,,) emerges as an additional strong confounder.

5.2 Results

5.2.1 Origins of model-inherent bias

To identify the origins of the model-inherent bias, we examined the successive
approximations made during the derivation of . (see Section [2.3.6.2). Specifically,
we compared their effects on powder-averaged signals S°(b), the signal level at which
Tog 1s fitted.

Figure shows simulated S°(b) for both in vivo and ex vivo experimental
MRI protocols across these approximations. The matrix method (see Appendix |Al)
provides the most detailed representation among the evaluated approaches and
therefore serves as a reference. All other methods introduce successive simplifications,
as arranged from left to right in the legend, ultimately leading to the signal model
used for r g fitting in experimental data.
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The Taylor approximation drives the model-inherent bias

Both ex vivo and in vivo (see Figure -d), deviations between approximations
scale with r.g, mirroring the proportional bias observed in r.g itself. The Taylor
approximation introduces by far the largest deviations among the successive approx-
imations, thereby driving the model-inherent bias. The WPA causes only minor
deviations, whereas the GPA aligns with the reference (matrix method) almost
perfectly. Although the relative pattern of differences is consistent across ex vivo
and in vivo conditions, deviations are overall stronger for the ex vivo case.

Dependence of the model-inherent bias on r 4 and acquisition parameters
The observed scaling of deviations with 7.4 for the Taylor approximation and
the WPA can be understood from their underlying dependencies. For the Taylor
approximation, accuracy improves when the necessary but not sufficient condition
krie < 1 (with k = T9°9%0. 1 values annotated above the plots) is satisfied. While

48 D,
violation of this condition with increasing r.g is evident, the stronger deviations

under ex vivo conditions arise from the quadratic dependency on g and the reduced
D,. Similarly, the WPA assumption (§ 3> 72/D,) is less well satisfied ex vivo, where
D, is reduced and 4 is shorter (enabled by higher g). Thus, the stronger deviations
observed in ex vivo dMRI likely reflect the combined impact of tissue properties and
acquisition settings.

Powder-averaged signals decay near-linearly at high b

Interestingly, S°(b) appears to decay almost linearly with r4 for protocols with
high b (see Figure ,d). This behavior suggests an intrinsic property of the signal
model, warranting further exploration.

5.2.2 Implications of model-inherent bias

To assess the implications of model-inherent bias beyond the human corpus callosum,
we mimicked axon radius distributions of other axon populations. Specifically, we
applied scaling factors to our human corpus callosum axon radius distributions to
extrapolate to the rat corpus callosum (scaling factor: 0.5 ) and the human
corticospinal tract (scaling factor: 1.15 [6]).

Figure illustrates the resulting distributions alongside their corresponding r g
values. Figure [5.2b-c show ROI-wise comparisons of r.g between dMRI simulations
and histological values for these populations, evaluated under both ex vivo and in
vivo protocols.

The previously observed trends — stronger model-inherent bias at larger r.4 and
under ex vivo conditions — persist across axon populations (see Figure fc). The
extended r g range across populations provides a broader perspective on how the bias
scales, revealing a nonlinear relationship with a tendency toward saturation at large
Teg- 10 small-axon populations such as the rat corpus callosum, the comparatively
mild model-inherent bias may facilitate accurate validation, provided that lower
rog values remain distinguishable from noise under experimental conditions [157].
Conversely, in regions with particularly large axons, such as the human corticospinal
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Figure 5.1: Origins of model-inherent bias. (a—b) Ex vivo simulated powder-
averaged signals S°(b) for: (a) the minimum b = b,;, shell and (b) the maximum
b = b, shell (see annotated b values). Marker symbols/lines represent different
S°(b) approximations. The matrix method provides the most accurate approach and
serves as the reference. All other methods introduce successive simplifications, as
arranged from left to right in the legend, ultimately leading to the signal model used
for r g estimation. Approximations shown as markers correspond to simulations based
on axon radius distribution—weighted signals, with individual markers representing
histological ROIs in Figure . In contrast, lines depict S°(b) at later approximation
stages, where the axon radius distribution is incorporated into rg, allowing S°(b) to
vary continuously. The annotated x values encode a constant used in the wide pulse
approximation (WPA), which depends both on acquisition and tissue parameters.
(c—d) In vivo simulated S°(b), following the same definitions as in (a—b). For all
panels (a—d), simulations were performed using Equation (2.51)) with the matrix
method, whereas the approximations correspond to Equations (2.41)), (2.42)), (2.45))

and .

tract, the bias is more pronounced, illustrating the method’s inherently lower
sensitivity in brain regions characterized by large r 4.

5.2.3 Modeling assumptions as confounders

Beyond r.g, the signal model used for fitting relies on several assumptions: fully
decayed extra-axonal signal (S, = 0) and fixed values for axoplasmic diffusivity
(D, = 0.35pm?/ms ex vivo and Dy = 2.07pm?/ms in vivo). In ex vivo tissue,
one also needs to estimate the immobile water fraction (f;,,). Violations of these
assumptions or inaccuracies in their estimation (f,,, D,) may bias 7. Here, we
assess these effects by simulating the impact of residual extra-axonal signal (S, > 0)
and by systematically varying fim and DO relative to the ground-truth values used
for signal simulation.

Residual extra-axonal signal introduces modest offset
Figure shows how residual extra-axonal signal affects estimated 7.4 values
compared to the case of fully decayed extra-axonal signal, under both ex vivo (see
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Figure 5.2: Implications of model-inherent bias. (a) Axon radius distri-
butions for different populations: rat corpus callosum (magenta), human corpus
callosum (green), and human corticospinal tract (orange). Vertical lines indicate
the corresponding r.4 values. To synthesize axon radius distributions for the rat
corpus callosum and human corticospinal tract, we applied literature-derived scal-
ing factors to axon radii from our primary dataset of the human corpus callosum
(see annotations). The displayed distributions correspond to the ex vivo scenario;
for in vivo simulations, an additional scaling factor of 1.3 was applied to account
for tissue shrinkage [17} [167]. (b-c¢) ROI-wise comparisons of r.g from idealized
dMRI simulations (SNR = oo) against histological r g for each population in (a),
evaluated under: (b) the experimental ex vivo protocol and (c) the experimental
in vivo protocol. Marker /line colors indicate axon population as in (a). Markers
correspond to histological ROIs in Figure [I.1f. Dashed lines illustrate theoretical
perfect agreement, whereas dotted lines represent linear regressions.

Figure [5.3p) and in vivo (see Figure [5.3b) conditions.

Residual extra-axonal signal introduces a modest overestimation of r.g, par-
ticularly in the in vivo case and for smaller .4 values. While R remains largely
unaffected by residual extra-axonal signal, NRMSE is reduced because the overesti-
mation partially compensates for the model-inherent bias.

Inaccuracies in D, have minimal impact on 4

Figure studies the impact of imperfect Dy, estimation, with panels Figure [5.4h,d
showing 7.4 comparisons with histological values for both ex vivo and in vivo
conditions. Panels Figure [5.4pb—c,e—f show the resulting R and NRMSE as a function
of relative misestimation (Dy/D,).

Inaccuracies in DO have only moderate effects on estimated 74 (see Figure = ,d),
with only minor offsets visible even under substantial under- or overestimation of up
to 50 %. This insensitivity to misestimation translates into stable R and NRMSE
values across a broad range of bo settings (see Figure -C,e-f).

Inaccuracies in f,, strongly affect r 4
Figure [5.5] repeats the Dy analysis from Figure [5.4] but for f; . Here, only ex vivo
conditions are shown, assuming that f;  is present only in ex vivo tissue , 172].
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Figure 5.3: Impact of residual extra-axonal signal. (a) ROI-wise comparisons
of r g from ex vivo dMRI simulations (SNR = 00) against histological 7, comparing
signals simulated with a fully decayed (magenta) or residual (green) extra-axonal
signal (S,). In both cases, r.g was fitted under the assumption of fully decayed extra-
axonal signal. Markers correspond to histological ROIs in Figure [1.1f. The dashed
line illustrates theoretical perfect agreement, whereas the dotted line represents
a linear regression. Legend reports Pearson’s correlation coefficient (R), p-value,

and normalized root-mean-square error (NRMSE) (see Section for metric
definitions). (b) Impact of residual extra-axonal signal on in vivo dMRI-based 7,

following the same definitions as in (a).

Even mild deviations from the ground truth in j?lm introduce noticeable offsets
in 74 estimates (see Figure ), indicating that inaccuracies in fim can strongly
confound ex vivo 7.4 estimation. While R is only mildly affected, NRMSE is
highly sensitive to bias introduced by inaccurate fl (see Figure —c). The
NRMSE reaches its minimum when this bias compensates for the model-inherent
underestimation — corresponding to the blue markers in Figure [5.5h.

5.2.4 Noise as a confounder

To assess the impact of measurement noise on r.g estimation, we conducted sim-
ulations with Gaussian and Rician noise. We used the corresponding maximum
likelihood estimators during the powder-averaging step across directions g, an
intermediate stage before r g fitting. In the Rician case, we also tested the impact of
inaccuracies in noise level (o) estimates o, which is required for Rician ML fitting.

Figure [5.6h-b,e-f compare estimated 7. against histological values under Gaus-
sian and Rician noise, both in ex vivo and in vivo settings. For Rician noise (see
Figure [5.6p,f), the analysis is shown for various &.

In the ex vivo case, neither the noise distribution nor the choice of ¢ in the
Rician noise scenario substantially affects r.g, R, or NRMSE (Figure 5.6h—d), likely
due to the relatively high SNR.

For in vivo dMRI (Figure [5.6p-h), differences between Gaussian and Rician noise
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Figure 5.4: Impact of axoplasmic diffusivity estimation. (a) ROI-wise
comparisons of simulated ex vivo dMRI-based 7.4 and histological values for different
axoplasmic diffusivity (D) estimates, denoted as Dy, (see legend). Here, signals were
simulated using ground truth D, while fitting assumed Do- Markers correspond
to histological ROIs in Figure [I.1If. Dashed lines illustrate theoretical perfect
agreement, whereas dotted lines represent linear regressions. (b—c) Error metrics as

a function of relative misestimation (Dy/D,): (b) Pearson’s correlation coefficient
(R) and (c) normalized root-mean-square error (NRMSE) (see Section for

A

metric definitions). Colored markers indicate the D, values shown in (a). (d—f) In
vivo dMRI equivalents of (a—c).

become apparent even in the idealized case of perfectly estimated noise level (6 = o).
Although the resulting r.4 values appear qualitatively similar, R and NRMSE are
slightly improved under Gaussian noise (see magenta markers versus blue lines in
Figure —h). This suggests that the Rician ML estimator does not fully correct
for the noise floor — despite accurate knowledge of 0. When o # o, estimation errors
propagate into the r 4 estimates, introducing noticeable offsets. Interestingly, both
R and NRMSE become optimal when ¢ > o. For NRMSE, this improvement likely
reflects partial compensation of the model-inherent underestimation bias. For R,
we hypothesize that overestimating o leads to overcorrection of the Rician bias,
effectively suppressing the noise floor at the cost of r.g overestimation. This effect,
however, is not observed in experimental data (see Figure , possibly due to
greater voxel-wise heterogeneity in parameters such as orientation dispersion, which
is not captured in our simulations.
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Figure 5.5: Impact of immobile water fraction estimation. (a) ROI-
wise comparisons of simulated ex vivo dMRI-based 7.4 and histological values
for different immobile water fraction (f,. ) estimates, denoted as f;,, (see legend).
Here, signals were simulated using ground truth f;, while fitting assumed fim.
Markers correspond to histological ROIs in Figure [I.1f. Dashed lines illustrate
theoretical perfect agreement, whereas dotted lines represent linear regressions. (b-
c) Error metrics as a function of relative misestimation (f,,/f.,): (b) Pearson’s
correlation coefficient (R) and (c¢) normalized root-mean-square error (NRMSE)

(see Section for metric definitions). Colored markers indicate the f;, values
used in (a).
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Figure 5.6: Noise as a confounder. (a-b) ROI-wise comparisons of ex vivo
dMRI-based .z and histological values for (a) Gaussian noise and (b) Rician
noise. Color coding in (b) indicates different noise level (o) estimates, denoted
as 0. Here, signals were simulated using ground truth o, while fitting assumed
0. Markers correspond to histological ROIs in Figure [1.1f. Dashed lines illustrate
theoretical perfect agreement, whereas dotted lines represent linear regressions.
(c-d) Error metrics as a function of relative misestimation (6/0): (c) Pearson’s
correlation coefficient (R) and (d) normalized root-mean-square error (NRMSE)
(see Section for metric definitions). Colored markers correspond to the & values
used in (b), whereas the solid blue line corresponds to the Gaussian noise scenario
in (a). (e-g) In vivo dMRI equivalents of (a-d).
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5.3 Discussion

We revisited the experimental validation of state-of-the-art dMRI protocols for
Tog estimation using simulations, aiming to better understand the driving forces
behind limitations in sensitivity and specificity observed in the experimental results
(see Chapter {4)). For sensitivity, the key limitation—previously identified as a
model-inherent bias—is shown here to stem from a violated modeling assumption,
related to how the axon radius distribution is compressed into the scalar metric 7.
This leads to a disproportionately strong underestimation of large r. g, imposing
anatomical constraints in brain regions with large axons, and practical limitations
when using high gradient amplitudes typical for ex vivo dMRI. In terms of specificity,
we examined how plausible inaccuracies in model parameters affect r 4 estimates.
The most pronounced effects stem from incorrect assumptions about the immobile
water fraction (f,,,) under ex vivo conditions and the noise level (o).

Implications of model-inherent bias

We investigated the origin of the model-inherent bias and found that it depends
predominantly on 7.z and the diffusion gradient amplitude. Adding to these theo-
retical insights, we extrapolated from our corpus callosum histology to other axon
populations to explore the practical implications of the bias.

While in vivo experimental validation in Chapter 4 demonstrated that dMRI
can capture group-level correlations with histological r.g in the corpus callosum,
our simulations reveal that further challenges may arise in other brain regions. The
model-inherent bias increases non-linearly with r.4, saturating toward larger values,
and may therefore limit sensitivity in areas with larger axons such as the corticospinal
tract [5] [6]. Additionally, the dependency of the model-inherent bias on diffusion
gradient amplitude suggests that sensitivity could further decline on newer research
scanners with even stronger diffusion gradients of up to 500 mT /m than those used
in our study (300 mT/m). While such high gradient amplitudes are beneficial for
resolving small r.g [6] [14] [30| [42] [157], their impact on sensitivity reduction to large
rog 1S another factor that may be relevant for protocol design.

Under ex vivo conditions, the sensitivity reduction becomes even more pro-
nounced. Although our ex vivo experimental data (Chapter 4) already suggested
this limitation, the analyses in this chapter show that the limited sensitivity is
inherent to ex vivo conditions by providing a mechanistic explanation: the combi-
nation of high diffusion gradient amplitudes and low axoplasmic diffusivity (D)
typical of ex vivo tissue amplifies the model-inherent bias, effectively diminishing
sensitivity to r.g. While practical measurements may retain sufficient sensitivity
in species with predominantly small axons, such as rats, the sensitivity in human
white matter appears prohibitively low — at least for the investigated experimental
protocol. Consequently, validation studies performed in rodents , are not only
anatomically limited in their relevance , but would also likely fail to generalize
due to fundamentally different sensitivity constraints.
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The impact of noise distribution

Our simulations highlight the advantages of Gaussian over Rician-distributed signals
in dMRI. Rician noise, typical of magnitude dMRI, arises from rectifying complex-
valued signals and introduces a signal-dependent bias at low SNR — commonly
known as Rician noise bias . Correcting this bias requires an accurate estimate
of the noise level o , whereas no such estimate is needed when working with
Gaussian-distributed signals. Even when o is known, Rician-distributed signals
yield lower Pearson’s correlation (R) and higher normalized root-mean-square error
(NRMSE) than Gaussian-distributed signals. In practice, o must always be estimated,
and inaccuracies in this estimate lead to under- or overcompensation of the Rician
noise bias, resulting in substantial residual bias in r . Interestingly, our simulations
showed that overestimating o can increase R, though at the cost of increased bias
in absolute r.g values. This apparent improvement may reflect an illusory gain of
our idealized simulations, as the effect did not persist in our experimental data —
likely due to greater tissue heterogeneity (e.g., voxel-wise variation in dispersion or
diffusivity). Overall, we recommend preprocessing pipelines that enforce Gaussian-
distributed real-valued dMRI signals , which eliminate the need for o

estimation.

Immobile water is a critical confounder ex vivo

Our simulations show that small inaccuracies in estimating the immobile water
fraction (fi,,) can strongly bias 7. in ex vivo tissue. This is concerning, as our
experimental results in Chapter [4] showed covariation between . and f;,, suggesting
that estimates may lack specificity — at least with our estimation approach. Based
on our ex vivo estimation, we assumed that f; would contribute 27 % to the
non-diffusion-weighted signal, which is notably higher than the values of 8 to 17 %
obtained with a dedicated acquisition in rodents . This discrepancy may also
reflect differences in fixation techniques: immersion fixation, as used here, and
perfusion fixation, as in the rodent study , can have different effects on diffusion
and compartmental water fractions , . Regardless of the exact magnitude of
fim, its substantial contribution—as a non-decaying signal component—can become
dominant at strong diffusion weighting, where most other compartments are strongly
attenuated. To address this confounding effect, recent methods propose avoiding
explicit estimation of f,, by modeling the spherical variance of the dMRI signal
instead of its spherical mean , . However, the practical feasibility of these
approaches remains to be systematically evaluated, given their potentially increased
demands on SNR and directional sampling.

Azxoplasmic diffusivity and extra-axonal signal appear less influential
Imperfect assumptions about D, had only limited effect in our simulations, aligning
with previous findings . This is likely due to the fourth-root dependency in 7.
estimation. Similarly, residual extra-axonal signal (.S,) appears effectively suppressed
in the diffusion regimes of the evaluated protocols. While our conclusions are based
on simulations using corpus callosum literature values , they are consistent with
in vivo experimental evidence in whole white matter [19].
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Limitations and future directions

Our simulation-based assessment of potential confounding factors was designed to
illustrate plausible explanations for the global offsets observed in experimental 7.
estimates (see Chapter . While we considered several prominent candidates, the
assessment remains non-exhaustive and omits other plausible contributors, such
as somas , exchange between intra- and extra-axonal compartments , ,
, axonal surface relaxation effects , and the influence of complex axonal mor-
phology , . Importantly, our approach serves to demonstrate the potential
magnitude of specific confounders, but identifying the dominant contributors in
experimental data would require targeted experimental investigations beyond the
scope of simulations alone.

Unmodeled effects could also influence how the model-inherent bias manifests in
realistic tissue. The bias stems from compressing axon radius distributions into the
scalar 7.4, and our simulations focused on across-axon variation sampled with 2D
histology. While recent work suggests that r g also reflects along-axon variation |150],
our analyses show that the bias will continue to scale with r.g. Thus, the practical
impact of the bias would only change if the altered distributions substantially shift
the resulting r g regime.

An alternative approach to reduce the model-inherent bias at large r.4 may
involve measurements in the narrow-pulse limit (§ < r%/D,) rather than the wide-
pulse limit (§ > r2/D,) used in our work. In this regime, the effective axon
radius is given by ot parrow = V(1) /(12) , which emphasizes smaller radii.
Consequently, narrow-pulse measurements can be expected to yield smaller values
in humans, thereby reducing the model-inherent bias that grows with r 4 under
wide-pulse conditions.

Finally, refining the signal model appears to be an immediate avenue for im-
provement — either by incorporating higher-order terms in the Taylor approximation
or by exploring the apparent linear decay of powder-averaged signals with r.g.

Conclusion

Taken together, our results offer a deeper understanding of the mechanisms lim-
iting r.g mapping with current dMRI protocols and their practical consequences.
By identifying key factors underlying limited sensitivity and highlighting strong
candidates that reduce specificity, we provide a mechanistic basis to guide future
improvements in modeling and experimental design. Practically, we find that, in
vivo, sensitivity may be constrained in brain regions with very large axons, while
the inherently low sensitivity under ex vivo conditions raises fundamental questions
about the feasibility of ex vivo validation for r.z. Building on these insights, the
next chapter explores how in vivo dMRI protocols can be optimized for clinically
feasible 7, mapping (see Chapter @
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Chapter 6

Towards clinical translation of
MRI-based axon radius mapping

This chapter is based on Mordhorst et al. , with adaptations and extensions for
this thesis.

6.1 Introduction

While the validation of r.g sensitivity to anatomical variation on in vivo research
dMRI scanners in Chapter [4f marks a key milestone, it remains only an initial step
toward meaningful application. To realize the clinical potential of 7.4, the next
major challenges are to establish its technical feasibility on clinical dMRI scanners
and to evaluate its utility as a biomarker for neurological disorders.

Although a few studies have applied dMRI-based axon radius mapping in clinical
research , , its broader adoption remains limited due to validation challenges
and technical constraints on clinical MRI systems. In contrast, histological evidence
of disease-related changes in axon caliber is more prevalent, including the loss of large
axons or focal swellings due to disrupted axonal transport. Such effects have been
reported in autism spectrum disorder (ASD) , , multiple sclerosis ﬂgﬂ, Parkinson’s
disease , Alzheimer’s disease , and related disorders , . Importantly,
large axons—or their selective loss—appear to play a critical role in pathology.
Fortunately, these are precisely the axons to which 7.4 is most sensitive, positioning
it as a promising imaging biomarker for detecting such abnormalities in clinical
research.

The absence of r,4 mapping on clinical scanners has largely reflected a technical
barrier. Conventional clinical MRI systems, with gradient amplitudes limited to
approximately 80 mT /m, are widely considered insufficient for reliable r 4 estimation
, , . In contrast, most studies demonstrating promising results with
r.g mapping have relied on advanced research scanners with gradient amplitudes
of up to 300 mT/m—including the system used for in vivo experiments in this
thesis (see Chapter . However, the emergence of next-generation clinical scanners
offering gradient amplitudes up to 200 mT /m now substantially narrows this gap
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and motivates a re-evaluation of whether clinically feasible protocols for r.g mapping
can be developed.

The design of such protocols has largely relied on Cramér-Rao lower bound
(CRLB) analyses, which optimize the precision for an unbiased estimator [}, [I81H183].
However, these analyses cannot account for model violations or systematic biases,
such as the reduction in sensitivity caused by model-inherent bias, as demonstrated
in Chapters [4] and [5|

In this chapter, we present a data-driven framework for optimizing in vivo dAMRI
protocols for r g mapping, using simulations grounded in our histological dataset
of the human corpus callosum. We show that, provided substantial improvements
in SNR can be achieved, .4 mapping may become feasible on emerging clinical
scanners with maximum gradient amplitudes (g,,,,) up to 200mT/m. We propose
specific acquisition protocols and illustrate their potential in a hypothetical clinical
scenario, distinguishing individuals with ASD from healthy controls based on r.g-.
Finally, we extend our optimization to next-generation research scanners with g, ..
up to 500 mT /m—exceeding the 300 mT/m system used in this thesis—and show
that model-inherent bias ultimately limits the achievable gains on these scanners.

6.2 Results

6.2.1 Optimal in vivo MRI protocols

We optimized dMRI protocols across existing in vivo 3T scanners, spanning the
range of clinical scanners with g, up to 200mT/m, as well as research scanners
with g, up to 500mT/m. For each g, we conducted a protocol parameter grid
search and evaluated protocol candidates by assessing their Pearson’s correlation (R)
between histological r.g and simulated r,4 under Gaussian noise, focusing on clinically
relevant single-subject correlations across the ROIs in Figure [1.1f. We accounted
for protocol parameter—dependent signal-to-noise (SNR) variations and additionally
considered increases in baseline SNR, independent of protocol parameters, to explore
potential gains achievable through technical or acquisition improvements.

Next-generation clinical scanners could narrow gap to research scanners
Figure shows R and normalized root-mean-square error (NRMSE) as a function
of g, across a range of SNR baselines. In general, higher performance corresponds
to larger R and smaller NRMSE, both of which improve with increasing g, up
to an optimal value. Beyond this point, R tends to plateau while NRMSE begins
to rise again, indicating diminishing returns of higher ¢, ... While the optimum
is typically accessible or nearly so with research scanners, current state-of-the-art
clinical scanners consistently operate well below this range. In contrast, next-
generation clinical systems — despite having g, .. values only midway between
current clinical and research scanners — yield R and NRMSE values much closer to
research scanners, especially at increased SNR baselines. Figure replicates the
analysis in Figure for various assumptions on tissue shrinkage, showing similar
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qualitative trends.

Next-generation scanners may support correlation at sufficient SNR

Figure illustrates selected results from Figure in more detail, focusing on
optimal next-generation clinical scanner protocols. It shows correlations between
reg sSimulations and histological values at different SNR levels, corresponding to the
diamond markers in Figure[6.1l At SNR » 27, corresponding to the expected SNR
of the protocol candidate under our experimental conditions in Chapter [4], next-
generation clinical scanners would not support a significant subject-level correlation
with our histology data (R = 0.29, p = 0.13; see Figure[6.2h). However, a significant
correlation could be revealed at SNR ~ 48 (R = 0.49, p = 3.7-1073; Figure ) and
a stronger correlation at SNR ~ 68 (R = 0.63, p < 0.05; Figure [6.2c). Figure
provides complementary correlation plots for all scanner classes highlighted in

Figure 6.1}, suggesting that improvements are largely precision-driven across most
and SNR baselines.

g max

Protocol design requires a trade-off between sensitivity and bias

The deterioration of NRMSE at high g,.. observed in Figure highlights a
challenge for protocol design. Up to a certain point, increases in g, improve both
R and NRMSE, suggesting that improved precision drives both metrics. Beyond
this optimal range, however, R plateaus while NRMSE worsens, indicating that
the model-inherent bias begins to dominate (see also Figure [B.9). This trade-off
between precision and bias becomes particularly relevant for protocol design on
ultra-high-gradient next-generation research systems.

6.2.2 Clinical application simulation

Figure[6.3]illustrates a hypothetical application of r g mapping on the next-generation
clinical scanner protocols evaluated in Figure [6.2 Specifically, we estimated the
required sample sizes (assuming equal group sizes) to distinguish individuals with
ASD from healthy controls, based on a reported 28.6 % reduction in axon radii
in the splenium under ASD conditions (see Figure —c). This analysis follows
the approach of Veraart et al. @, who assessed cohort-level detectability of r g
differences through statistical power estimation in the presence of scan-rescan
variability, whereas our analysis models the anatomical variation of axon radii within
the splenium based on our histological dataset.

Figure presents the statistical power as a function of group size. A typical
power target of 0.9 could be achieved with 12 subjects per group at SNR =~ 27,
corresponding to the conditions of our experimental protocol. Increasing the SNR
to SNR > 48 would substantially reduce the group size requirement to 6 or fewer
subjects per group.
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Figure 6.1: In vivo MRI protocol optimization metrics. (a-b) Performance
metrics as a function of maximum gradient amplitude (g,,..): (a) Pearson’s correla-
tion coefficient (R) and (b) normalized root-mean-square error (NRMSE). Markers
encode g, of existing clinical scanners and research scanners (assuming 90 % of
the nominal g, ,.). Line colors indicate different SNR baseline levels. While the
reference SNR baseline level reflects our experimental conditions, increased SNR
baseline levels assume an SNR increase through potential technical or acquisition
advances. In addition, the SNR of a particular protocol candidate depends on the
protocol parameters (see Equation ) For our experimental protocol, baseline
SNR levels would correspond to SNR values of 32 (reference), 56 (75 % increased),
and 80 (150 % increased). Note that we optimized protocols by maximizing R,
whereas NRMSE is an auxiliary metric. The full set of scanner protocol parameters
highlighted by markers in (a-b) is listed in Table
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Figure 6.2: Optimal in vivo MRI protocols for clinical scanners. (a-c)
Comparison of r.g from dMRI simulations against histological values for next-
generation clinical scanners across different SNR levels: (a) 27, (b) 48 and (c) 68.
These protocols correspond to diamond markers in Figure [6.1. Markers correspond
to histological ROIs in Figure [I.1f. The 95% confidence intervals (shaded areas)
were computed across 1000 noise realizations. Dashed lines illustrate theoretical
perfect agreement, whereas dotted lines represent linear regressions. Annotated
metrics include Pearson’s correlation coefficient (R) and corresponding p-value,
normalized root-mean-square error (NRMSE), and the fitting success rate (FSR)
(see Section for metric definitions).
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Figure 6.3: Simulation of clinical application for r & mapping. (a) Exem-
plary axon radius distributions in the splenium for subjects with autism spectrum
disorder (ASD) and healthy controls, based on distributions from a splenium ROI
in Figure [I.1f. ASD conditions were simulated by scaling down radii by 28.6 %
7], whereas distributions for healthy controls were used as is. (b) Ilustration of
subject-level mean r.g in the splenium, denoted as 7.4. Values were computed over
11 voxels, reflecting the average number of splenium voxels in the mid-sagittal slice
in our in vivo dMRI subjects. (c) Illustration of one Monte Carlo iteration for
statistical power estimation. We assessed group differences in 7.4 between healthy
and ASD subjects using a two-sample t-test (o« = 0.05) and approximated statistical
power over 5000 Monte Carlo iterations as the fraction of tests that rejected the
null hypothesis of equal means. (d) Statistical power as a function of the group
size. Colors indicate optimal next-generation clinical scanner protocols for different
SNR baseline levels determined in Figure 6.2 The dashed line indicates a typical
statistical power target value of 0.9. We assumed equal group sizes.
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6.3 Discussion

We investigated the clinical feasibility of in vivo dMRI-based axon radius mapping
through data-driven protocol optimization anchored in histology-based simulations
from two densely sampled human corpora callosa. We show that — when combined
with substantial SNR gains — the proposed clinical scanner protocols may enable
subject-level correlation with histology and support clinical applications, as illus-
trated in detecting axonal abnormalities in autism spectrum disorder (ASD) within
feasible group sizes. Beyond the clinical scope, our broader evaluation across scanner
types revisits the relationship between protocol performance and achievable diffusion
gradient amplitude ( ). While existing research primarily highlights the benefits

of increasing ¢,,,., for precision in r.g, our results highlight that the model-inherent

g max

bias simultaneously degrades accuracy, making it a relevant factor for protocol
design.

Clinical adoption appears achievable but challenging

To date, r.g mapping with dMRI has been largely confined to advanced research
scanners with gradient amplitudes up to 300 mT/m — the same class of system
on which we demonstrated group-level correlation between dMRI-based r.4 and
histology (see Chapter . Conventional clinical scanners are limited to around
80 mT /m, but next-generation clinical systems now offer gradient amplitudes of up to
200 mT /m, substantially narrowing the gap. Our data-driven protocol optimization,
grounded in histology-based simulations, suggests that these next-generation clinical
scanners can approach the performance of research-grade systems, particularly when
potential SNR improvements are factored in.

At a baseline SNR ~ 27, reflecting our experimental conditions after adjusting
for protocol differences, subject-level correlations with histology are unlikely to
reach statistical significance. However, with a 75% SNR increase (SNR ~ 48),
a significant correlation emerges (R = 0.49, p = 3.7 - 1073). Further increases
(SNR = 68) could strengthen this association (R = 0.63, p < 10~3), although such
gains may exceed what is practically achievable. Overall, the SNR gains necessary to
support subject-level correlations appear substantial, and these requirements may be
even higher when unmodeled signal components reduce correlation strength or when
the assumed Gaussian signal distributions cannot be enforced through advanced
preprocessing techniques [1044106].

On the bright side, employing the latter technique could enable effective SNR
gains through denoising, which we did not apply in our experiments or simulations,
in order to preserve Rician-distributed signals for Rician ML fitting of powder-
averaged signals . Importantly, the identified model-inherent bias highlights a
key target for future modeling advances that could help relax SNR demands. Recent
developments also promise future SNR gains, e.g., a 30 % SNR gain was recently
demonstrated using advanced acquisition techniques for the same in vivo protocol
applied in our study . Looking further ahead, improvements may arise from
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ongoing innovations in coil design and gradient hardware [184], [185].

Hypothetical application in ASD illustrates potential clinical
utility

Extending our simulations from technical feasibility to potential clinical utility, we
explored how SNR advances could support applications of r.g in neurological disor-
ders. In a hypothetical clinical scenario, we estimated the group size requirements to
distinguish individuals with ASD from healthy controls, based on an assumed 28.6 %
reduction in axon radii in the mid-sagittal splenium . Although this reduction
was reported for the arithmetic mean axon radius, we applied it uniformly across
all radii. This may, in fact, underestimate the effect size, as large axons — which
disproportionately influence r.4 — appear particularly reduced in ASD subjects.
Our simulations suggest that 12 subjects per group would be needed to achieve
a statistical power target of 0.9 at SNR a 27, while only six or fewer would be
required at SNR > 48. These modest numbers are enabled by spatial averaging
across splenium voxels, which effectively boosts SNR — a strategy previously applied
for r.g mapping along white matter tracts @ However, we suggest that these
results rather emphasize the strong positive impact of potential SNR gains rather
than providing accurate estimates for the required group sizes, given that there are
unmodeled variabilities such as scan-rescan variability [6], [163].

Model-inherent bias influences optimal protocol design

Expanding beyond clinical protocols, we provide broader insights into the design
of in vivo r.g measurements, exploring gradient amplitudes ranging from state-of-
the-art clinical scanners with 80 mT/m to next-generation research systems with
500 mT /m. Previous studies have primarily evaluated scanner performance in terms
of achievable precision as a function of gradient amplitude and noise @, , ,
, . In contrast, we assess accuracy alongside precision using a data-driven
approach grounded in histology-based simulations, which allows us to implicitly
capture the newly identified model-inherent bias. This bias increases with both
gradient amplitude and 7.4, degrading absolute agreement as measured by normalized
root-mean-square error (NRMSE). By contrast, higher gradient amplitudes tend to
improve correlation (R) through improved precision, aligning with previous findings
ﬂ§|, , , , . However, these gains in R become marginal for gradient
amplitudes beyond 300 mT /m in regimes of high SNR and large r.4, at the expense
of reduced accuracy. This becomes particularly pronounced for next-generation
research scanners with gradient amplitudes of 500 mT /m, suggesting that further
improvements in modeling are required to fully harness the potential of these
scanners.
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Limitations and future directions

In addition to the fixed parameter choices discussed in Chapter [3], the simulations
in this chapter assume Gaussian-distributed signals. This differs from the Rician-
distributed signals, typical of magnitude dMRI [31], present in our experimental data
in Chapter 4l While advanced preprocessing techniques exist that can effectively
restore Gaussian-distributed complex dMRI signals , they are not yet widely
adopted, particularly in clinical practice.

A core strength of our protocol design approach is its data-driven nature,
grounded in a large histological dataset of the human corpus callosum. Rather
than relying solely on theoretical considerations, this allows us to capture practical
limitations such as the sensitivity reduction caused by model-inherent bias. Although
the qualitative agreement between these simulations and experimental dMRI on
research scanners (see Chapters 4| and [5)) suggests that our simulations capture
relevant effects, they do not account for all discrepancies, indicating that further
improvements in specificity are needed. Hence, our optimized next-generation clinical
scanner protocols represent only an initial step toward clinical translation and must
be validated experimentally. In the absence of acquisition techniques that achieve
the required SNR directly, a practical first step could involve averaging over repeated
scans.

While our hypothetical application assumes that changes in r g reflect alterations
in the underlying axon radius distribution, it remains unclear whether dMRI-derived
Tog 1S specific to such changes. Other morphological features commonly observed
in pathological tissue — such as beadings, undulations, or branching — may also
affect the diffusion signal and thereby influence rg [25] [26] [150]. Further research is
needed to determine whether such effects can be disentangled and to evaluate the
specificity and broader clinical utility of 7.4 as a biomarker.

Conclusion

Our study outlines a pathway for translating axon radius mapping from advanced
research scanners to clinical scanners. While experimental validation of the proposed
clinical scanner protocols is a necessary next step, the suggested feasibility of
T Mapping on clinical scanners encourages the exploration of potential clinical
applications of r 4 as a biomarker, as exemplified by the autism spectrum disorder
application shown here. Beyond the proposed specific clinical protocols, our insights
into the impact of model-inherent bias on protocol design may help guide further
methodological improvements or practical measurements under the current modeling
constraints.
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Chapter 7

General discussion

This thesis provides the first experimental evidence that in vivo dMRI-based estimates
of the effective axon radius (r.4) reflect anatomical variation in the human brain.
Leveraging a novel light microscopy (LM) dataset that bridges the spatial scale gap
between histology and dMRI, we demonstrate a significant group-level correlation
between in vivo 7.4 and histologically derived values in the corpus callosum. These
findings are complemented by histology-informed simulations, which provide insight
into the sensitivity and limitations of the current signal model and help define a
path toward implementation on clinical scanners.

Quantitative evidence for anatomical validity in vivo

We provide the first quantitative evidence that in vivo dMRI-based r 4 captures
anatomical variation in axon radius distributions, based on a significant group-level
spatial correlation with histological values (R = 0.41, p < 0.05). This marks a shift
from prior qualitative hints ﬂ§|, , , , to quantitative validation —
a critical milestone. Mechanistically, it supports the feasibility of measuring r.g as a
genuine biophysical property with dMRI, despite evidence from 3D histology that
real axons deviate from the idealized cylindrical model underlying r.g 2528,
, . Biologically, r.g reveals a coarse anterior-posterior gradient across the
corpus callosum, partially consistent with earlier anatomical reports , , .

Scope and limits of in vivo validation

Despite the group-level correlation observed in vivo, most individual subjects do not
show significant subject-level correlations. This may reflect the moderate overall
sensitivity of the method, which is partly driven by a newly discovered model-
inherent bias, reducing sensitivity to large r.g. Beyond this bias, the substantial
inter-individual variability observed in both in vivo dMRI and histology raises the
question of whether fine-grained spatial patterns exist across individuals at all, or
whether such patterns are merely misaligned between them.

More broadly, our demonstration of sensitivity does not imply specificity, as
evidenced by persistent global offsets between histology, dMRI experiments, and
simulations. Although we explore potential sources of these offsets through simu-
lations, improving specificity in experimental data remains an open challenge and
lies beyond the scope of this thesis, which focused on establishing the previously
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unproven sensitivity of r.z mapping in the human brain.

Large-scale 2D light microscopy as a scalable validation framework
Our light microscopy (LM) dataset addresses critical limitations in the histological
validation of dMRI-based r.g. First, it enables dense sampling within individual
ROlIs, capturing axon ensembles large enough to match the spatial scale of dAMRI
voxels. Second, it allows for high-throughput coverage across many ROIs. Together,
these features allowed us to move beyond previous 2D histological efforts , , ,
and enabled quantitative spatial correlation with dMRI-based 7.g-.

Importantly, the observed correlation between in vivo dMRI-based r.g and our
histological values not only demonstrates the sensitivity of dMRI to r.g, but also
strengthens confidence in our 2D histological reference. This is noteworthy in the
light of recent findings from 3D histology [23] [26] [148] [149], which show that real
axons often deviate from the idealized cylinder shapes assumed in our histological
analysis. Hence, until 3D histology becomes more practical at scale, our approach
offers a scalable and effective framework for validating g

Ex vivo validation appears challenging

Ex vivo dMRI is often used as an intermediate step toward in vivo validation,
as it enables histological comparison within the same tissue sample and thereby
avoids inter-individual variability. However, in the context of 7.4, ex vivo validation
appears inherently difficult. This is because the model-inherent bias, which already
limits sensitivity under in vivo conditions, is further amplified under typical ex
vivo tissue and scanning conditions. As a result, sensitivity in ex vivo human
white matter is so low that there is little margin to detect correlations with the
investigated experimental protocol — especially if additional unmodeled effects are
present. One strong candidate is the immobile water compartment in fixed tissue
, which introduces an extra parameter estimation step—along with its associated
uncertainty—that is not required for in vivo modeling.

A path to clinical translation
Axon radius mapping has so far been limited to a few research scanners, as used in
this thesis, with diffusion gradient amplitudes of at least 300 mT /m. While standard
clinical systems (up to 80 mT/m) do not provide sufficient sensitivity to 7.5, new
high-gradient clinical scanners—reaching up to 200 mT /m—are narrowing this gap.
Our histology-informed simulations suggest that clinical adoption of r.g mapping
may become feasible on these scanners, provided that substantial SNR gains on
the order of 75 % can be achieved to support single-subject correlations between
histological and dMRI-based r.4. While challenging, several strategies may help
meet this requirement, including advanced acquisition schemes , and
complex denoising [106], [186] [187], while further gains could come from hardware
innovations , . Moreover, the model-inherent bias we identified points to
untapped sensitivity that advances in signal modeling may help unlock.
Encouragingly, if such SNR levels can be achieved, our simulations suggest that
clinically meaningful applications based on r.g may become feasible — illustrated
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by a hypothetical case of distinguishing individuals with autism spectrum disorder
(ASD) from controls.

Limitations and future directions

The observed in vivo correlation was derived from a single multimodal dataset. Given
substantial variability across individuals and cohorts—such as the age difference
between our histological (61 years) and in vivo (31 years) samples—replication on
independent data is needed to confirm the robustness and generalizability of our
findings.

While we optimized dMRI protocols for in vivo application, we did not attempt
to improve protocols for ex vivo application. Given the important role of ex vivo
validation as an intermediate step toward in vivo validation, optimizing such protocols
should be a priority for future work.

Our 7.4 estimates and simulations relied on fixed parameter assumptions from
the literature, including axoplasmic diffusivity, compartmental volume fractions, and
tissue shrinkage corrections. While these simplifications may introduce biases, we
expect our correlation-based findings to remain qualitatively robust.

We conclude that large-scale 2D histology and emerging 3D histology offer
complementary strengths: the former enables broad sampling across many axons,
while the latter captures detailed along-axon morphology. Combining both modalities
could enable more realistic simulation substrates and improved model validation.

Finally, while we identify the origin of the model-inherent bias, we do not propose
methods to mitigate it. Future work should explore modeling advances to address
this limitation, as doing so could unlock substantial sensitivity gains.

Conclusion

This work establishes a scalable framework for validating dMRI-based 7.4 in the
human brain. Building on this framework, we provide the first quantitative evidence
that dMRI is sensitive to axon radius variation in the human brain. By combining
large-scale histology data, experimental validation, and simulation-based analysis,
we define the conditions under which r g mapping is feasible today and identify what
is still missing for clinical adoption. At the same time, we identify a key limitation
in current modeling, thereby highlighting an avenue toward realizing this goal.
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Chapter 8

Materials and methods

This chapter details the materials and methods used throughout the thesis. Sec-
tion describes the ex vivo tissue samples and their preparation. The following
sections describe the imaging and processing steps specific to each modality: mi-
croscopy, with a dedicated section on convolutional neural network (CNN) training
for axon segmentation of microscopy data (Sections and [8.3); in vivo dMRI
(Section [8.4); and ex vivo dMRI (Section [8.5). Section [8.6] presents the framework
used to conduct dMRI simulations based on axon radius distributions derived from
the microscopy data. Finally, Sections to outline analyses specific to the
individual Chapters [3] to [6

8.1 Tissue samples

We used six ex vivo human white matter samples from distinct donors: three from
the corpus callosum and one each from the optic chiasm, corticospinal tract, and
anterolateral system. The entire procedure of case recruitment, acquisition of the
patients’ personal data, the protocols and the informed consent forms, performing
the autopsy and handling the autopsy material has been approved by the responsible
authorities (Approval #205/17-ek and WF-74/16).

In total, we prepared 48 ROIs for imaging with light microscopy (LM), 6 with
electron microscopy (EM), and 15 with ex vivo dMRI. Table summarizes tissue
sample and ROT information, whereas Figure [I.1e-f illustrates ROI locations in the
corpus callosum samples.

Cross-modality correspondences
While all ROIs were imaged with LM, the ROIs imaged with EM and ex vivo dMRI
formed subsets of the LM ROIs, enabling cross-modality comparisons.

For EM, we imaged six ROIs of CC-01. Each ROI was represented by a single
tissue block, from which we cut adjacent sections for LM and EM. The separation
between the LM and EM imaging planes within a block was at most 100 pm (see
Figure [8.1h).

For ex vivo dMRI, we imaged 15 ROIs of CC-02. Before histological preparation,
we bisected the corpus callosum along the mid-sagittal plane, yielding hemispheric
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sections. We placed LM ROIs close to the cutting plane so that we could define
corresponding ROIs in the contralateral ex vivo dMRI hemisphere (see Figure [8.1p).

Tissue preparation
We first immersion-fixed tissue samples in 3 % paraformaldehyde and 1% glutaralde-
hyde in phosphate-buffered saline (pH 7.4).

For ROIs used for microscopy imaging (LM or EM), we extracted tissue blocks
of 1 to 4mm edge length and applied a preparation protocol typically used for
EM: contrasting with osmium tetroxide and uranyl acetate, dehydration in graded
acetones, and embedding in Durcupan resin. This ensured structural preservation
and cross-modality comparability. For LM imaging, we then cut semi-thin sections

2 on average, mounted them on Thermo Scientific

(~ 500 nm thickness) covering 8 mm
SuperFrost Plus glass slides, stained them with 1% toluidine blue, air dried, and
coverslipped them with Sigma-Aldrich Entellan toluene. For EM imaging, we cut
ultrathin sections (=~ 50 nm thickness) covering 120% pm? on average.

For ex vivo dMRI, we cut the corpus callosum hemisphere dedicated for imaging
into five segments along the anterior—posterior axis (see Figure ) using a Reichert
Ultracut IT and embedded the segments in 1.5 % low-melting agarose in phosphate-

buffered saline in a custom-made container.

Table 8.1: Tissue sample information. The following tissue samples were
investigated: three corpus callosum (CC) samples, a corticospinal tract (CST), an
optic chiasm (OC), and an anterolateral system (AS). Six ROIs in CC-01 were
spatially matched between LM and EM (see Figure ) ROIs in CC-02 were
spatially matched between LM and ex vivo dMRI (see Figure ), with one genu
ROI missing in ex vivo dMRI. Abbreviations: PMD — postmortem delay, the time
between death and tissue fixation.

Sample  Sex Age PMD  Cause of death Modality ROIs Application
[years] [hours]

ocC m 59 48  multi organ failure LM 1 CNN training/validation
CST f 89 24 heart failure LM 1 CNN training/validation
AS m 81 24 multi organ failure LM 1 CNN training/validation
CC-01 m 74 24 multi organ failure LM 4  ONN training/validation

LM 6 CNN test

EM 6 CNN test
CC-02 m 61 20 myocardial infarction LM 16  Experimental validation

dMRI 15  Experimental validation
CcC-03 f 60 24 multi organ failure LM 19  Experimental validation
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Figure 8.1: Cross-modality correspondence in ex vivo tissue. (a) Illustration
of spatially matched ROIs between light microscopy (LM) and electron microscopy
(EM) for six ROIs of CC-01. These ROIs were used to test the performance of our
LM-based axon radius estimation pipeline. Using the tissue block of the same ROI,
we cut sections for LM (blue plane) and EM (gray plane) within 100 pm distance,
with the same bundle of axons (thin lines) passing through both image planes. (b)
[lustration of spatially matched ROIs between LM and ex vivo dMRI for CC-02. We
bisected the brain along the mid-sagittal plane, indicated by the red line, yielding
hemispheric sections for LM (left) and ex vivo dMRI (right). We first defined LM
ROIs near the mid-sagittal plane; then, we manually defined corresponding ROIs
in ex vivo dMRI. Magnified views illustrate an example of matching ROIs in LM
and ex vivo dMRI (extracted tissue area in histology and magenta area in ex vivo
dMRI). Note that the genu was only partially scanned with ex vivo dMRI (anterior
segment).

8.2 Microscopy

FElectron microscopy

We acquired six EM images, one for each CC-01 ROI shown in Figure [8.1h, using a
Zeiss LEO EM 912 Omega TEM operated at 80 kV. We recorded digital micrographs
with a dual-speed 2K on-axis charge-coupled device (CCD) camera coupled to a
yttrium aluminum garnet scintillator (TRS-Trondle) at a pixel size of 0.0043 pm
and a resolution limit of 4 nm.

Light microscopy

We acquired 48 LM images, one for each ROI listed in Table using a Zeiss
AxioScan Z1 with a 40x objective (numerical aperture 0.95; resolution limit 292 nm)
in brightfield mode. Images were sampled at 0.1112 pm/ pixe]ﬂ.

Axon radius estimation on light microscopy

We estimated axon radii in three steps: semantic segmentation, instance segmen-
tation, and radius approximation (see Figure . First, we performed semantic
segmentation to classify each pixel as axon, myelin, or background using a convolu-
tional neural network (CNN) applied in a sliding-window manner (see Figure [3.1h).
The architecture and training of this CNN are detailed in a dedicated section (see
Section [8.3). Next, we identified individual axons by applying connected component

aThe effective resolution is limited by the objective to ~ 292 nm despite finer pixel sampling.
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labeling (see Figure ) Finally, we approximated the radius of each axon
using the circular equivalent area method (see Figure [3.1c), yielding empirical axon
radius distributions (see Figure [3.14d).

8.3 Convolutional neural network training

This section describes the convolutional neural network (CNN) and its training used
for the semantic segmentation step of our axon radius estimation pipeline on LM

images (see Figure [3.1h).

Training data annotation

For CNN training, we manually annotated 64 LM subsections drawn from 7 ROIs
dedicated to the training (see Table , with subsection sizes ranging from 70 x
70 um? to 120 x 120um?. In particular, we annotated 46 subsections of CC-01,
four from the optic chiasm, four from the corticospinal tract, and 10 from the
anterolateral system. Within some subsections, we labeled only a subset of pixels
and assigned an "ignore” label to the remaining pixels, which were excluded during
training. We adopted this strategy to prioritize (i) capturing a diverse range of axon
shapes and staining contrasts across many subsections, and (ii) ensuring inclusion of
large axons, given their disproportionate influence on 7.

We followed the annotation procedure described by Zaimi et al. , first
outlining the myelin sheath and then filling in the axonal interior. At later stages,
we used a prototype CNN to generate preliminary annotations, which were manually
refined. We carried out annotation using GIMP or ITK-SNAP by six
trained raters, all instructed by experts (M. Morawski and M. Morozova).

Network architecture

We used a CNN based on the U-Net architecture , with an EfficientNet-B3
encoder pretrained on ImageNet , (see Figure . The encoder—decoder
structure followed the typical U-Net design of downsampling and upsampling paths
connected via skip connections. In the decoder, we used standard convolution blocks
combined with batch normalization, rectified linear unit (ReLU) activations [72],
and squeeze-and-excitation (scSE) modules [193]. The final output layer applied
a softmax activation to generate pixel-wise probabilities for axon, myelin, and
background. The network had approximately 3.8 million trainable parameters.

Input preprocessing
We normalized input images by subtracting the per-channel mean and dividing by
the corresponding standard deviation, computed across the entire training dataset.

Input augmentation
We applied data augmentation on-the-fly during training using imgaug [194], includ-
ing the following transformations:

o adjustments to hue, saturation, and value in HSV color space

» contrast modification
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Figure 8.2: Semantic segmentation network architecture. (a) Overview of
the U-Net architecture used for segmenting axons, myelin, and background. The
encoder (top path) is a pretrained EfficientNet-B3 [191], and the decoder (bottom
path) follows the standard U-Net design with skip connections (from top to bottom)
between matching resolutions. Annotated numbers denote spatial resolution and the
number of channels. (b) Decoder block. Applied are nearest-neighbor upsampling,
concatenation of encoder features, and two consecutive blocks of: a 3 x 3 convolution
with batch normalization and rectified linear unit (ReLU) activation [72]. Finally,
a squeeze-and-excitation (scSE) module [193] is used and a softmax activation is
applied to yield pixel-wise class probabilities.

o Gaussian blurring

e horizontal and vertical flipping

o affine transformations (scaling: [0.8,1.2], rotation: [—45°,45°],
shearing: [—25°,25°])

o staining augmentation based on

Hyperparameter optimization

We optimized the initial learning rate, learning rate decay factor «, and the number
of epochs of 150 randomly sampled training patches?| using a grid search with Optuna
1197] in a 4-fold cross-validation setup across the 64 LM training subsections. As a
target metric, we used the mean Dice score (see Equation (2.12)) for axon and myelin
classes, evaluated every 10 epochs on the validation data from the respective fold.
Each model was trained for at least 150 epochs. To mitigate overfitting, training was
stopped early if the target metric did not improve for three consecutive validation
steps (i.e., 30 epochs). Final hyperparameters were selected to maximize the average
target metric across all CV folds.

Training the final model

Using the selected hyperparameters, we trained the final model for 200 epochs. We
performed training using mini-batch gradient descent with a batch size of 4, Nesterov
momentum (0.95) [80], an initial learning rate of 1072, and a decay factor vy = 0.2
applied every 50 epochs after the initial 100 epochs, minimizing a Lovasz-softmax
loss . We trained the model end-to-end, with all weights updated. Training
took approximately 45 minutes on an NVIDIA Quadro RTX 6000 GPU. We used a
PyTorch-based framework , for the entire training workflow.

“We use "epoch” to denote a fixed number of resampled, augmented patches rather than a
strict full pass over unique samples.
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8.4 In vivo diffusion MRI

Subjects

We recruited five healthy adult subjects (age: 31 4 3 years, representing mean 4+
standard deviation; sex: two male, three female). The subjects were scanned under
the approval of the Ethics Commission of the Medical Faculty of Leipzig University
(reference number 293/18-ek). The participants gave written informed consent before
participation in the study.

Image acquisition

We acquired magnitude dMRI data using a 32-channel receive coil and 300 mT /m
gradient coils on a Siemens Connectom 3T scanner at the Max Planck Institute for
Human Cognitive and Brain Sciences in Leipzig, Germany. We followed the dMRI
protocol described by Veraart et al. @ Briefly, we used a single-shot multi-band
EPI sequence (multi-band factor: 2) with blipped-CAIPI [201](Controlled Aliasing
in Parallel Imaging) and in-plane GRAPPA (GeneRalized Autocalibrating Partial
Parallel Acquisition) acceleration (acceleration factor: 2) [202] 203]. We applied
diffusion-weighting with the following fixed parameters: § = 15ms, A = 29.25 ms,
TE = 66ms, TR = 3500 ms, matrix size of 88 x 88 with 54 slices, and isotropic
voxel edge length of 2.5 mm. We varied the diffusion weighting across five b =
(0.5,1,2.5,6,30.45) ms/pm?2. For each b, we acquired (30, 30, 30, 60, 120) gradient
directions isotropically distributed on a sphere , with corresponding gradient
amplitudes g = (36, 51,80, 124,279) mT/m.

For geometric susceptibility correction, we acquired 23 non-diffusion-weighted
images interleaved with the diffusion-weighted acquisition, along with 10 images
with reverse phase encoding. Additionally, we acquired T1-weighted MP-RAGE
(Magnetization Prepared — Rapid Gradient Echo) images . The total scan time,
including non-diffusion-weighted and diffusion-weighted MRI, was 25 min.

Preprocessing

We corrected for Gibbs ringing artifacts (using MRtriz3 mrdegibbs , ),
susceptibility distortions, eddy current distortions, and motion artifacts (using
MRtriz3 dwifslpreproc |113] |115] |206| 207]), and gradient nonlinearity distortions
(using gradunwarp , ) We did not correct for gradient nonlinearity effects
on b, as our analysis focused on the corpus callosum, a region close to the isocenter
where these effects are expected to be small .

Parameter estimation

For b < 2.5 ms/pm?, we estimated the noise level o using Marchenko-Pastur principal
component analysis prior to preprocessing (using MRtrizs dwz’denoz’sdﬂ , ,
206]). After preprocessing, we estimated the diffusion tensor D (see Equation (2.29))
using diffusion kurtosis imaging (DKI) and mapped fractional anisotropy (FA) (using
MRtriz8 dwiltensor and tensor2metric [122} |125, 206} 208]).

&We discarded the denoised images and kept only the o map.
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For b > 6 ms/nm?, we estimated powder-averaged signals S°(b) as the zeroth-
order spherical harmonic using an estimator of the even-order spherical harmonic
coefficients up to the sixth order (using the Standard Model Imaging (SMI) Toolbox
[48], 209] 210]). Specifically, we determined the spherical harmonics basis functions
and estimated the coefficients using a Rician maximum likelihood (ML) estimator
[34], which relied on the o maps. Finally, we estimated 7.4 using Equations

and , assuming Dy = 2.07 pm?/ms and f;, =0 .

8.5 Ex vivo diffusion MRI

Image acquisition

We acquired magnitude dMRI data of CC-02 (see Figure and Figure )
using a Bruker Biospin 9.4T scanner with a single-channel transceiver volume coil
and a gradient insert coil with a maximum gradient amplitude of 1500 mT/m at
the Berlin Ultrahigh Field Facility in Berlin, Germany. We followed a protocol
similar to that suggested by Veraart et al. for ex vivo r.g mapping in rats.
Briefly, we applied diffusion-weighting for 65 gradient directions using a multi-shot
EPI sequence with four segments and the following fixed parameters: § = 7ms,
A =20.1ms, TE = 34.7ms, TR = [15000, 25000] ms (depending on the size of the
tissue segment, see Figure 8.1p), and isotropic voxel edge length of 0.35 mm. For
different tissue segments, the field-of-view was adjusted between 22 x 28 x 9mm? and
25 x 30 x 10.5 mm?3. We varied b between 2.5 and 100 ms/pm?, and g between 200
and 1278 mT /m, as detailed in Table . To enhance SNR, we averaged repeated
measurements prior to image reconstruction for higher b-values, as shown in the
Repetitions column of Table 8.2

Preprocessing
We corrected for Gibbs ringing artifacts (using MRtriz3 mrdegibbs [112, [206]). To
account for signal drift across b-shells, we normalized images within each b-shell to

an S, using a non-diffusion-weighted image acquired at the start of acquisition for
that shell.

Parameter estimation
Per b, we estimated the noise level o using Marchenko-Pastur principal component
analysis prior to preprocessing (using MRtriz3 dwidenoise?| [186] 206]). Then,
we estimated powder-averaged signals S°(b) as the zeroth-order spherical harmonic
using an estimator of the even-order spherical harmonic coefficients up to the sixth
order (using the Standard Model Imaging (SMI) Toolboz [48],[209] 210]). Specifically,
we determined the spherical harmonics basis functions and estimated the coeflicients
using a Rician ML estimator [34], which relied on the b-dependent o maps.

For b < 10ms/pm?, we estimated the main fiber orientation nj € R3, with the o

aWe discarded the denoised images and kept only the o map.
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Table 8.2: Ex vivo dMRI acquisition parameters. Repetitions denotes the
number of repeated measurements per diffusion gradient direction, which were
averaged in k-space prior to image reconstruction.

b g ..
[ms/pm?]  [mT/m] Repetitions
2.5 200 1
5.0 283 1
7.5 347 1
10.0 401 1
20.0 567 2
30.0 695 2
40.0 802 3
50.0 896 3
60.0 982 4
70.0 1061 5
80.0 1134 6
90.0 1203 7
100.0 1278 8

map for b = 2.5 ms/pm? provided as additional input (using the N ODDﬁ matlab
toolboz[108] 211]).

For b > 20 ms/pm?, we estimated r g from S°(b) using Equations (2.38)) and (2.49)
via non-linear fitting , assuming Dy = 0.35 pm?/ms . We expected a non-
negligible contribution of the immobile water fraction f. (see Section and
estimated it from strongly decayed directional signals. Specifically, we selected
signals from the highest b-shell with high alignment between g and n (angle < 20°),

fitted a Rician distribution, and approximated f,, by its expected value.

8.6 Diffusion MRI simulations

To place the experimental dMRI results from Sections and into a model-
based context, we mirrored the experimental protocols and conditions with realistic
simulations grounded in histological axon radius distributions. First, we generated
one tissue substrate per histology ROI (see Figure and simulated diffusion-
weighted signals S(b, g) relative to the non-diffusion-weighted reference S, using the
three-compartment model in Equation (2.51). Then, we applied the same powder-
averaging and 7.4 estimation pipeline as for experimental data. The following
paragraphs describe the simulation approach in detail, and Table |8.3| summarizes all
parameters.

&Neurite Orientation Dispersion and Density Imaging, a variant of the standard white matter
model (see Section [2.3.6.1)) with fixed diffusivity assumptions.
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Figure 8.3: Schematic of diffusion MRI simulations. We modeled the tissue
substrate using histologically derived axon radius distributions (blue cylinders and
circles). Each substrate was based on one axon radius distribution from histological
ROIs in Figure [1.1f. The signal included intra-axonal contributions (S,) and, for ex
vivo only, an immobile water fraction (f;,,). We neglected the extra-axonal signal
(S,) but retained a nonzero signal fraction (f, > 0) to keep compartment fractions
realistic. To mimic experimental conditions, we added Rician noise (in vivo: SNR =
32; ex vivo: b-dependent SNR = 17 to 51). We then performed powder-averaging
and estimated r g using the same pipeline as for experimental data (see Sections

and .

Intra-axonal signal
We factorized the intra-axonal signal in Equation (2.36)) into a product of parallel
and perpendicular components [213]:

251 f H(r)r2 S.,(b,g,n,r)dr
Sa(b,g)%/ U(n) e—(gn)*bDa 5 dn.  (8.1)
/=1 -—Sl(b,g,n) fo H(r)r2dr
Si(b,g,n)

We simulated S! (b, g, n) using a literature value for Dl (see Table and computed
S(b,g,n) as a volume-weighted average over histological axon radius distribu-
tions H(r) (analogously to Equation (2.43))). For in vivo simulations, we scaled
histologically-derived r by 1.3 to compensate for tissue shrinkage , . We
discretized the radius 7 into non-uniform bins with edges (0,0.1,...,5,5.2, ..., 10,
10.5,...,20). For each bin, we simulated S, yl(b g,n,r) using the matrix method
(see Appendix |A]), which is not limited to the Gaussian phase approximation (GPA).
Specifically, we used the MISST (Microstructure Imaging Sequence Simulation Tool-
Box [214] 215]) implementation of the matrix method with modifications for the
rectangular PGSE waveform . The rectangular waveform assumes infinitely fast
gradient ramp-up (infinite slew rate), whereas real scanners impose finite slew rates.

Extra-axonal signal
We assumed a fully decayed extra-axonal signal (S,(b,g) = 0) but retained a nonzero
f. to prevent artificial inflation of f, or f;,,,, which would otherwise lead to an effective
overestimation of SNR.
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Immobile water

In ex vivo simulations, we included an immobile water fraction f,,, = 0.27 (estimated
from data; see Section [8.5). For in vivo simulations, we set f,,, = 0, assuming
negligible contribution 172].

Fiber orientation dispersion

We modeled a single fiber bundle oriented along the main fiber direction n = [0,0, 1]"
and drew orientations n from the Watson distribution , which we used as the
orientation distribution function (ODF)[¥|n). The neurite dispersion (concentration)
parameter k£ = 8.2 was estimated from our experimental in vivo dMRI data using

NODDI , . We performed the integration over n using Lebedev quadrature
of degree 590 [218] [219].

Simulation scenarios
We simulated two scenarios:

o Idealized: noise-free simulations to isolate model-inherent effects.

o Experiment-like: simulations with Rician noise (in vivo SNR = 32; ex vivo SNR
= 17 to 51). We repeated each simulation 1000 times to quantify variability
and precision.

While these scenarios were designed to closely mirror our experimental data (Sec-
tions and , we introduce further targeted simulations within this framework
in Sections 8.9 and

Estimation of r g

We estimated r.g using the same pipeline as for the experimental data. We fitted
the powder-averaged signals while assuming known f, . For noise-free data, we used
a Gaussian ML estimator; for noisy data, we used a Rician ML estimator [34].
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Table 8.3: MRI Simulation Parameters. Annotations denote:
estimated as the mean of previously reported values , ;
estimated from our experimental data;

parameters of our experimental protocols;

we assumed Dy = Dl;

reported by West et al. |212];
reported by Veraart et al. [128];
reported by Tax et al. [172];
computed as f, = foe T /(foe T Ton 4 (1 fo — fr)e”"H oo 4 f) where
fo is the non-T,-weighted intra-axonal water fraction and f;, includes the T,-related
decay at experimental TE;

9 computed as f, =1 — f, — fim;

19 we extrapolated T, , and T, , values from a 3T scanner to 9.4T by scaling
with a conversion factor 7,(9.4 T)/T,(3T) ~ 30 ms/83.8 ms &~ 0.358 using literature

values , .

N O Otk W N

8

Parameter Symbol Unit Ex vivo value In vivo value
Signal-to-noise ratio SNR - 322 [17,51]2
Radius scaling factor - - 1.0 1.31
Neurite dispersion - - 8.22 8.22
Diffusion shells - - 93 23
Gradient directions per shell - - 653 (60,120)3
Axoplasmic diffusivity D, nm?/ms 0.35% 2.074
Parallel intra-axonal diffusivity D! nm?/ms 0.35° 2.076
Minimum b brnin ms/pm? 203 63
Maximum b s ms,/pm? 1003 30.453
Minimum g Irmin mT/m 2003 1243
Maximum g rnax mT/m 12783 2793
Diffusion gradient time ) ms 73 153
Diffusion gradient separation A ms 20.13 29.253
Intra-axonal water fraction - 0.416 0.416
Immobile water fraction fim - 0.272 07
T,-weighted intra-axonal signal fraction  f, - 0.588 0.588
T,-weighted extra-axonal signal fraction  f, - 0.15° 0.42°
Extra-axonal signal S, - 0 0
Intra-axonal transverse relaxation time T, , ms 29.410 826
Extra-axonal transverse relaxation time T}, ms 15.810 446
Echo time TE ms 34.73 663
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8.7 Analyses for Chapter ’g‘: A histological refer-
ence for MRI-based axon radius mapping

8.7.1 Segmentation metrics

Image-level segmentation performance

To assess how well the CNN trained in Section segments axons, we treated
the task as a binary pixel-wise classification, distinguishing axons from non-axonal
structures (myelin and background). We compared the CNN segmentations against
manual annotations on 30 small LM subsections (see Figure and evaluated
segmentation using the metrics defined in Equations to .

Per-axon segmentation performance

Because the ensemble metrics (r.g and r,.;,) assessed in our work are sensitive
to specific axon size regimes, we further analyzed segmentation performance as
a function of axon size. Following Abdollahzadeh et al. [158], we matched each
annotated axon to the predicted axon with the highest pairwise Dice score (see
Equation (2.12)), enforcing a one-to-one correspondence. Annotated axons with no
overlap to any prediction (Dice = 0) were counted as false negatives, while predicted
axons without a corresponding annotation were counted as false positives.

8.7.2 Axon radius estimates at MRI scale

To assess the ability of our method to represent r 4 and r,,;, at a scale relevant for

arit
dMRI, we evaluated both metrics in LM subsections that match the spatial scale
of the ex vivo dMRI voxels used in this thesis (field-of-view: 350 pm x 350 pm; see
Figure —b). Specifically, we applied our axon radius estimation pipeline (see
Figure on 18 LM subsections, with three selected from each test ROI of CC-01
(see Figure and Table [8.1)). To generate reference values for rg and .y,
we used manual annotations on these LM subsections and additionally included
annotations from smaller EM subsections cut in close spatial proximity with a
plane-to-plane distance of at most 100 pm between LM and EM (see Figure )

The detailed approach for computing reference r 4 and 7, values, along with the

arit
quantitative metrics evaluated, is outlined below.

Reference for ..,

We computed reference values for r, ;;, from EM-based axon radius distributions
(see Figure ), assuming that EM best captures the most relevant parts of the
axon radius distribution for the frequency-weighted r,,;;,, including small axons
(r < 0.3um) that LM cannot resolve.

Reference for r g

Since rg is highly sensitive to the tail of the axon radius distribution, it is essential
to assess large fields-of-views of LM to robustly sample the sparsely occurring large
axons. To make manual annotation tractable, we annotated large axons (r > 1.6 um)
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Image-level
segmentation metrics

Per-axon
segmentation metrics

LM (whole ROI) LM subsection Annotation CNN segmentation
(5 per ROI) (Ground truth)

Figure 8.4: Evaluation of segmentation performance. (a) Whole light
microscopy (LM) section of an exemplary ROI. (b) Exemplary LM subsection from
the ROI in (a). (c—d) Segmentation of the LM subsection in (b) into axons (red,
yellow) and background (black) for: (¢) manual annotation (ground truth) and (d)
convolutional neural network (CNN) segmentation. We quantitatively compared the
CNN segmentation (d) to the manual annotation (c¢) using both image-level and per-
axon segmentation metrics, as defined in Equations to and Section m
The analysis included 30 LM subsections in total (five per ROI in Figure )

in the LM subsections and captured the distribution of smaller axons (r < 1.6 um)
from the smaller EM subsections. Due to differing axon counts between EM and LM
subsections, we applied a scaling factor f when combining axon counts to synthesize
a unified axon radius distribution:

J - ngyg,  for bins k with bin radius r;, < 1.6 pm,
Neff p = (8.2)

TLM ks for bins k with bin radius r;, > 1.6 pm.

Here, ngyy j, and ny ), denote the counts in EM and LM subsections for the k-th
bin. Because there was no single correct choice for f, we computed both a lower
and an upper bound (see Figure for an illustration). As a lower bound, we used
the ratio of LM-resolvable axons (r > 0.3pm) in LM and EM. This reflects our
expectation that the CNN is more likely to underestimate than overestimate axon
counts. As an upper bound, we used the ratio of subsection areas in LM and EM,
acknowledging that EM subsections were hand-picked for high axon density and
excluded large non-fiber structures such as blood vessels.

FEvaluation metrics
To quantify the agreement between estimates (7,5, ;) and reference values (7,,i,.4),
we computed bias using the normalized mean bias error

~ ZN (farith i — Tarith 'L>
NMBE = Y ==l : " (8.3)

1 N
N Zi:l Tarith,’i

and precision using the coefficient of variation

Std(¢arith,i )

= , (8.4)

1 N
N Zi:l rarith,i
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where std(-) denotes the standard deviation across N subsections. For r.z, we
computed the same metrics separately for the axon radius distributions synthesized
using the lower and upper bounds of f, yielding lower and upper estimates for the
metrics above.

8.7.3 Staining as a confounder

We assessed whether spatial variation in image intensity, e.g., due to staining

heterogeneity, confounds the mapping of rg and r,.,;. To this end, we computed

arit
their spatial Pearson’s correlations (R) with the grayscale-converted image intensity
across whole LM ROIs, analogously to the use of Pearson’s correlation coefficient
defined in Equation . We performed this analysis on a 350 x 350 pm? grid,
where each grid cell provided a local sampling area for estimating 7.4, 7pyitp, and
mean image intensity. We restricted this analysis to four of the six test ROIs of

CC-01 (see Figure and Table with similar r.g and 7, values.

arit

8.7.4 Establishing a reference for MRI validation

We applied our LM axon radius estimation pipeline (see Figure to all ROIs of
CC-02 and CC-03 (see Figure ) to generate a new histological reference dataset
for MRI-scale axon radius distributions and 7.4 in the human corpus callosum.
To assess whether the larger ROIs improve bias and precision in 7.4 compared to
existing 2D histology datasets [4] [17, 38, [45], we used our LM-based axon radius
distributions as a baseline and simulated smaller ROIs via subsampling. Specifically,
we drew 1000 subsamples per ROI size, with sizes ranging from 10? to 10° axons,

and computed the sampling distribution of 4. For each subsample size, we assessed
bias and precision across all ROIs following Equations ({8.3) and (8.4).
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Figure 8.5: Evaluation of r g and 7, estimation at dMRI scale. (a)
Light microscopy (LM) and electron microscopy (EM) sections from the same test
ROI. Sections were cut parallel to each other with a maximum distance of 100 pm
(see also Figure [8.1h). (b) Microscopy subsections used for r.g and 7, evaluation,
consisting of three LM subsections and one EM subsection. (c) Reference data
generation. We fully annotated EM subsections and used the resulting axon radius
distribution as a reference for r, ;. For 7.4, we used part of the axon radius
distribution from EM, including only axons with r < 1.6 pm, and complemented
the distribution with large axons from LM (r > 1.6 pm). This approach follows
the notion that the large-axon tail of the radius distribution can only be robustly
captured in the large fields-of-view of LM. (d) CNN segmentation and derived
axon radius distribution. For evaluation, r.g and r,.;, computed from this axon
radius distribution, were compared against their reference counterparts in (c). This
procedure was applied to 18 LM subsections in total, three per test ROI of CC-01
(see Figure and Table [8.1). Within each ROL, the same EM subsection served
as the counterpart reference for all three LM subsections.
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Figure 8.6: Generating reference axon radius distributions for r_ g The
histogram shows how we combined axon radius distributions from light microscopy
(LM) and electron microscopy (EM) images to compute reference values for 7.
Counts for r < 1.6 um (gray background) were extracted from EM-based distri-
butions, while counts for » > 1.6 um (blue background) are taken from LM-based
distributions. While LM-based counts were fixed, EM-based counts were scaled
by a factor f to compensate for count differences due to the different subsection
sizes between LM and EM. As f was unknown, we used lower and upper bound
estimates based on specific assumptions (see main manuscript), leading to the two
possible EM-based distributions shown. The resulting lower and upper estimates
for r g, obtained after combining EM-based counts with fixed LM-based counts, are
annotated as vertical lines.

8.8 Analyses for Chapter ’Z‘: Experimental valida-

tion of MRI-based axon radius mapping

8.8.1 Comparison of MRI-based axon radii across modalities

Qualitative comparison of spatial r 4 patterns

We examined how spatial patterns of r g in the mid-sagittal corpus callosum compare
across modalities, including in vivo dMRI, ex vivo dMRI, histology and histology-
based dMRI simulations. To this end, we projected r.g values from each modality
onto the mid-sagittal slice in MNI space . The procedure was as follows:

 For histology and histology-based dMRI simulations, we aligned two-dimensional
tissue masks to the mid-sagittal slice of the FSL HCP-1065 FA atlas in MNI
space (see Figure [8.7h,c,f). We then transformed ROI centroids into MNI
space, assigned the corresponding histological or simulated 7.4 values, and
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generated continuous spatial maps using nearest-neighbor interpolation.

« For ex vivo dMRI, each ROI contained several voxels. We averaged r.g values
across voxels within the ROI in native space, then mapped these ROI-mean
values to MNI space in the same way as for histology, taking advantage of
the ROI-level registration between histology and ex vivo dMRI defined by our
study design (see Figure [8.7¢).

o For in vivo dMRI, we performed registration using both 7}-weighted images
and FA maps to align data to MNI space (using the FSL HCP-1065 FA atlas
and the FSL MNI152 T)-weighted template [222]; see Figure 8.7g). After
transforming per-subject rg maps to MNI space, we restricted analyses to
voxels within the corpus callosum by applying a coarse mask from the JHU
ICBM-DTI-81 white matter atlas , , together with thresholds on FA
and r.q (FA > 0.65, rg > 0.1m).

Quantitative comparison of spatial r 4 patterns

For the quantitative analysis, we compared 7.4 values from dMRI experiments and
simulations with corresponding histological measurements in their respective native
spaces.

« For histology-based simulations, we directly compared simulated r 4 against
the ground truth.

« For ex vivo dMRI, we calculated the mean r g across all voxels within each
ROI, making use of the registration between ex vivo dMRI and histological
ROIs established in our study design (see Figure [3.7g).

o For in vivo dMRI, histological ROI coordinates were first transformed to MNI
space and then projected back to the closest voxel in native dMRI space
(see Figure [8.7h,c-d). We applied the same voxel selection criteria for the
corpus callosum as in the qualitative analysis (see previous paragraph). To
generate values for comparison with histology, we used group-average r.g
maps obtained from spatially smoothed per-subject data (FWHM = 3.75 mm),
with smoothing constrained to corpus callosum voxels . The influence of
spatial smoothing on the quantitative results was evaluated separately (see

Figure .

Error metrics
We evaluated quantitative agreement between histological values (r.) and estimates
from dMRI experiments or simulations (7.) using several complementary metrics.
We fitted a linear regression and used its slope to characterize the scaling behavior
of 7 relative to 7.

Additionally, we calculated the fitting success rate (FSR), defined as the propor-
tion of ROIs with biologically plausible estimates:

1SN
[ESRl = N; L(Tegr; > 0.13m), (8.5)

where N = 35 is the number of histological ROIs (see Figure [L.1f) and 1(-) is the
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indicator function, equal to 1 if the condition holds and 0 otherwise.

To quantify absolute agreement, we computed the normalized root-mean-square
error (NRMSE):

\/Zfil(?efﬁi - 7"eff,z')2
NRMSE = N , (8.6)
i—1 ' effy

where we set 7o ; = 0 pm for unsuccessful fits.
To quantify the ability to capture linear relationships, we computed Pearson’s
correlation coefficient:

Zi]\i1<?eff,i - <7A"eff>)(7"eff,¢ — (Tetr))

B \/Zi]\il(?eff,i - <7A“eff>>2\/zi]il (Teff,i — (Tetr))?

, (8.7)

with (r.) and (7)) denoting the mean histological and estimated values across
ROIs. We assessed statistical significance using a Monte Carlo permutation test
under the null hypothesis that 7 and 7.4 are uncorrelated (R = 0). We computed
the p-value as

1 K
Hz 7o 20 LR > |R) (8.8)

where R resulted from pairing shuffled histological values with fixed 7., using
K = 10° permutations.

For dMRI simulations with M = 1000 repetitions, we pooled over all M x N
values to compute the linear regression, FSR, R, and NRMSE. Accordingly, we
computed p over M x K iterations with K = 1000 so that M x K = 106.
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Figure 8.7: Regions of interest in different spaces and their registration
(a-d) Regions of interest (ROIs) shown in different spaces: (a) histology, (b) ex
vivo dMRI, (c¢) MNI space (overlaid on T1-weighted template), (d) in vivo dMRI
(overlaid on T1-weighted image). Polygons and circles indicate ROI boundaries
and centroids, with colors representing tissue sample CC-02 (magenta) or CC-03
(green). (e) Registration between histology and ex vivo dMRI. Matching ROIs were
defined by the study design (see details in Figure [8.1b). Shown is one matching
ROI in the two modalities. (f) Registration between histology and MNI space. We
manually created 2D tissue masks (left image) for the images in (a) and registered
these masks with the mid-sagittal slice of a fractional anisotropy (FA) atlas (the
FSL HCP-1065 FA atlas [222], thresholded at FA > 0.3) in MNI space (see red
area in right image). (g) Registration between MNI space and in vivo dMRI. We
simultaneously registered T;-weighted image and FA map in native space to their
corresponding templates in MNI space (the FSL HCP-1065 FA atlas and the FSL
MNT152 T;-weighted template [222]).

8.9 Analyses for Chapter ’g‘: Understanding limi-
tations of MRI-based axon radius mapping

8.9.1 Investigating the model-inherent bias

The analyses in Section revealed a systematic discrepancy between dMRI-
based r.g and histological values, which we denoted as "model-inherent bias”. To
further study this bias, we conducted additional simulations based on the framework
in Section to examine its origins and its implications across different axon
populations.

Origins of model-inherent bias

To identify the origins of model-inherent bias, we studied the approximations made
during the derivation of r 4 from S(b, g) (see Equation (2.51])) as potential candidates
behind the model-inherent bias. These approximations include in successive order:
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the Gaussian phase approximation (GPA; see Equation (2.41)),

the wide pulse approximation (WPA; see Equation ({2.42])),

the Taylor approximation (see Equation (2.45))),

the exponential approximation (see Equation (2.46])).

To assess the accuracy of these approximations with respect to our reference method,
we compared powder-averaged signals S°(b) generated using these approximations. In
case of GPA and WPA | we used the corresponding expressions (see Equations
and (2.42)) for S,(b, g, n,7) to simulate S, (b, g) (see Equation (8.1))), then deter-
mined S°(b) via powder—averagmg. For Taylor and exponential approximations, we
directly simulated S°(b) using Equation (2.38]) with the corresponding expression

for ;- (b) (see Equations (2.45) and (2.46)).

Implications of model-inherent bias

While the previous analysis aimed to identify the mechanisms behind the model-
inherent bias to guide future modeling improvements, it is also essential to assess
the applicability of r g within current methodological constraints. Therefore, we
investigated how the model-inherent bias could affect r s measurements beyond the
human corpus callosum, specifically in the human corticospinal tract and the rat
corpus callosum. To this end, we repeated idealized (noiseless) simulations as in
Section [8.6, applying scaling factors to extrapolate axon radii representative of the
target anatomies (rat corpus callosum: 0.5 , human corticospinal tract: 1.15
[6]). For in vivo simulations, these scaling factors were combined with the tissue
shrinkage compensation factor (1.3). For example, this resulted in an effective scaling
of 1.15- 1.3 &~ 1.5 for the corticospinal tract.

8.9.2 Impact of potential confounding factors

While the model-inherent bias originates from the mathematical formulation of the
intra-axonal signal model, additional biases can arise from external sources, such as
unaccounted-for signal contributions or noise.

Modeling assumptions as confounders

The signal model underlying r 4 estimation (see Equation (2.38)) requires additional
parameters beyond 7.4 itself: the immobile water fraction f;,, and the intra-axonal
diffusivity D,. In the experimental validation in Chapter {4 these parameters
are either estimated from experimental data (e.g., f;,, ex vivo) or assumed to be
fixed (e.g., fi,, = 0 in vivo; literature-based D, for both scenarios). In additional
simulations, we studied how inaccuracies in these parameters affect r g estimation
by systematically varying estimates ( f and DO) while using the "true” f,, and
D, for signal simulations.

Noise as a confounder
We assessed how noise affects r g-estimation under both Gaussian and Rician noise
models, which correspond to the expected noise distributions in complex-valued and

magnitude dMRI data, respectively [31], [33] [34] [225]. To this end, we simulated
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diffusion-weighted signals with Gaussian- or Rician-distributed signals, and used
the corresponding ML powder-average estimator in the simulation pipeline (see
Figure[8.3). The Rician ML estimator requires knowledge of the noise level o. Similar
to Dy and f;,,, the o-dependency introduces an additional parameter estimation
step and its associated errors. Hence, we adopted the approach of varying estimated
values ¢ during processing while keeping the true o for signal simulation.

8.10 Analyses for Chapter @: Towards clinical
translation of MRI-based axon radius map-+

8.10.1 Optimal in vivo MRI protocols

Using our dMRI simulation framework (see Section , we optimized in vivo
protocols across maximum gradient amplitudes g, ,, € [40,600] mT/m, covering
contemporary clinical and research 3 T scanners. The objective was to maximize the
correlation R between histological 7.4 and simulated 7.4 for a single hypothetical
subject across candidate protocols.

Definition of the optimization problem

To streamline the parameter search, we imposed the constraints of our experimental
in vivo protocol: two-b-shell designs with timing parameters (§, A) and the minimum
gradient amplitude g, ;, as optimization variables, with (J, A) shared across shells.
We fixed the minimum b-value to b, = 6ms/pm? and assumed this effectively
suppresses the extra-axonal signal; accordingly, we set S,(b,g) = 0 in the simulations.
Formally, the optimization problem can be written as:

0| = argmax, R(O)| 0 =13, g} (8.9)

Imax Imax

The search grid for # and additional simulation parameters and assumptions are
listed in Table Furthermore, we enforced the timing constraint A > 6 + 4ms to
accommodate RF and readout gradients.

Noise assumptions

We assumed Gaussian noise for the optimization, in contrast to the Rician noise
present in magnitude dMRI data , including our experimental data. While
Rician noise tends to obscure correlations, preprocessing techniques can mitigate its
effects and approximately restore Gaussian-distributed signal behavior |[104-H106].
We therefore used Gaussian noise to focus on protocol performance independent of
correction methods for non-Gaussian noise distribution [3234].

Modeling echo time, intra-axonal fraction, and SNR
We modeled how the timing parameters (J,A) affect the echo time (TE), the
T,-weighted intra-axonal water fraction (f,), and signal-to-noise ratio (SNR). We
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estimated the echo time for a candidate protocol as
TE@)=d+A+C, (8.10)

with C' = 21 ms to account for RF and readout gradients; this value was derived
from our experimental protocol. Assuming f;, = 0 [172], we computed

fO e_TE/T2,a
fO e_TE/T2,a 4+ (1 - f0> e_TE/TQ,e7

f.(TE) = (8.11)

with fo = 0.41, T; , = 82ms, and T, , = 44 ms [128]. We scaled SNR relative to our

experimental reference protocol (SNR, = 32, TE,; = 66 ms) as

foe T e 4 (1 — fy) e TE/Tae
ref fO eiTEref/TZa + (1 — f()) eiTEref/TZ,e )

SNR(TE) = SNR (8.12)

Note that, despite assuming S, = 0, the extra-axonal compartment still enters
Equations and via T, , and (1-f;). These equations are evaluated for
the two-compartment baseline at b ~ 0, consistent with how SNR, was measured.

To assess potential gains from improved hardware or acquisition, we repeated
the optimization with SNR,; increased by 75 % and 150 %, yielding SNRs of 56 and
80 for our experimental reference protocol.

8.10.2 Clinical application simulations

Motivated by prior reports of a 28.6 % reduction in axon radii in the splenium of
individuals with autism spectrum disorder (ASD) [7], we studied a hypothetical
application in which r g distinguishes ASD subjects from healthy controls. To
this end, we conducted a statistical power analysis using optimized protocols for
next-generation clinical scanners (see Section[8.10.1). We focused on the mid-sagittal
slice of the splenium, which contained L = 11 voxels on average in our in vivo dMRI
data. We estimated statistical power via a Monte Carlo simulation with M = 5000
iterations, evaluating various group sizes (V). In each iteration:

1. We sampled L x N splenium ROIs per group (healthy and ASD) with replace-
ment from our histological dataset (see splenium ROIs in Figure [1.1f).

2. To synthesize axon radius distributions for the ASD group, we reduced all
radii by 28.6 %, while leaving those of healthy controls unchanged.

3. We simulated Gaussian-distributed dMRI signals and estimated rg for all
sampled ROIs.

4. We averaged r.g across the L splenium voxels to obtain subject-level values.

5. We performed a two-sample t-test (o = 0.05) to assess group differences, with
the null hypothesis of equal group means.
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Table 8.4: Protocol optimization parameters. Annotations denote:
estimated as the mean of previously reported values , 167];

0o N O Uk~ W N

estimated from our experimental data;
parameters of our experimental protocol;
we assumed Dy = Dli;

reported by Veraart et al. [128|;
reported by Tax et al. @ ;

computed via the PGSE b-value relation (see Equation (2.28));

computed as f, =1—f, — fi.-

Parameter Symbol Unit Value
Signal-to-noise ratio SNR - Equation (8.12])
Radius scaling factor - - 1.3

Neurite dispersion - - 8.22
Diffusion shells - - 23
Gradient directions per shell - - (60,120)3
Axoplasmic diffusivity D, nm?/ms 2.074
Parallel intra-axonal diffusivity D‘all nm?/ms 2.07°
Minimum b binin ms/jm? 63
Maximum b brnax ms/pm?  f(5, A, Grax)
Minimum g rmin mT/m  f(6,4,b,,) "
Maximum g rmax mT/m [40, 600]
Diffusion gradient time 5 ms [2,60]
Diffusion gradient separation A ms [6, 80]
Intra-axonal water fraction fo - 0.415
Immobile water fraction fim - 0°
T,-weighted intra-axonal water fraction  f, - Equation @
T,-weighted extra-axonal water fraction f, - F(far fi) ©
Extra-axonal signal Se - 0
Intra-axonal transverse relaxation time 75 , ms 82°
Extra-axonal transverse relaxation time Tj ms 445
Echo time TE ms Equation (]W[)
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Finally, we estimated statistical power as the proportion of iterations in which the
t-test rejected the null hypothesis (of equal group means).
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Appendix A

The matrix method for diffusion
MRI simulations

The matrix method provides an efficient way to compute diffusion-weighted
signals in restricted geometries, such as axonal cylinders, without resorting to
computationally expensive Monte Carlo simulations. The key idea is to discretize
the gradient waveform into short intervals of length 7, with the instantaneous
gradient amplitude g(n7) encoded as integer steps of size g, (see Figure .
At time nr, the amplitude of the (scalar) wave-vector is m,,q, where m, € Z and
q=(2m)" 17 Jstep- Following the convention in the literature, the normalized signal
is denoted by E and can be written as

E = 5(q) RIA(g)]"™R... R[A(q)]"~ R ST(~q), (A1)

where the matrices S, R, and A represent, respectively, the initial phase modulation,
diffusive attenuation during 7, and coupling of diffusion modes under a gradient.
Their specific form depends on the restricted geometry (e.g., cylindrical or spherical),
but once computed, they provide a compact and efficient representation of the signal
evolution. For further details, see Callaghan [216].
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Figure A.1: The matrix method. Schematic decomposition of a generalized
gradient waveform ¢(t) into a sequence of time intervals of length 7 (top). Each
interval is represented by an integer multiple m,, of the basic gradient step gy,
The diffusion signal can then be written as a sequence of matrix operators (bottom),
alternating between phase-modulation operators S and A"~ and diffusive attenua-
tion R. Negative gradient steps are represented by the Hermitian transpose AT ﬁ

“Reproduced from Callaghan [216], with permission from Elsevier.
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Appendix B

Supplementary figures
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Figure B.1: Validation of r_ g in the narrow-pulse definition. (a) Comparison
of light microscopy (LM)-based estimates of the narrow-pulse approximation of the
effective radius, ogt parrow-puise = V/ (74)/(1?), against reference values from manual
annotations. Each marker represents one LM subsection, while the dashed line indi-
cates theoretical perfect agreement. Reference values are shown as a bounded range,
reflecting uncertainty in combining EM-based estimates for small axons (r < 1.6 pm)
and LM-based estimates for large axons (r > 1.6 um) (see Figure 8.5 in Materials
and methods for an illustration). The legend reports bias (see Equation (8.3))), and
coefficient of variation (CoV, see Equation (8.4))), each calculated for the lower and
upper bounds of the reference.
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Figure B.2: Validation of r,¢ using the minor-axis definition. Comparison
of light microscopy (LM)-based r 4 estimates against reference values from manual
annotations, using the minor axis of an ellipse fitted to each axon as the radius
estimate (see Figure for an illustration). Each marker represents one LM
subsection, while the dashed line indicates theoretical perfect agreement. Reference
values are shown as a bounded range, reflecting uncertainty in combining EM-based
estimates for small axons (r < 1.6um) and LM-based estimates for large axons
(r > 1.6 um) (see Figure in Materials and methods for an illustration). The
legend reports bias (see Equation ({8.3)), and coefficient of variation (CoV, see
Equation (8.4))), each calculated for the lower and upper bounds of the reference.
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Figure B.3: Axon radius distributions from light microscopy. (a) Corpus
callosum sketch with light microscopy (LM) ROIs (polygons) and segmentation into
five regions (dashed lines). (b-f) Axon radius distributions pooled over the light
microscopy ROIs for each corpus callosum region shown in (a).
tissue sample (see legend in (b)). Vertical lines denote r 4 as per Equation (2.47)).
Annotated numbers inside the plot denote axon count. Insets highlight the tail of

axon radius distributions.
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Figure B.4: Validation of in vivo MRI-based spatial r g pattern. (a)
Group-level spatial patterns of r 4 across the corpus callosum for histology and
in vivo dMRI, shown in a mid-sagittal MNI slice with corpus callosum subregions
indicated (dashed lines). Histological spatial patterns were interpolated using the
nearest-neighbor method, evaluated at histological ROI locations in Figure [L.1f. (b)
Distribution of r.g values across corpus callosum subregions annotated in (a), pooled
over ROI voxels within each subregion. Histological values in (a—b) were scaled by
1.3 to compensate for tissue shrinkage compared to in vivo conditions .
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Figure B.5: Reproducibility of in vivo MRI-based r.g. (a-j) ROI-wise
comparisons of group-level in vivo dMRI-based 7.4 against histological values. Each
plot represents one of ten repeated runs through our in vivo processing pipeline.
Markers correspond to histological ROIs in Figure [I.1f. Dashed lines illustrate
theoretical perfect agreement, whereas dotted lines represent linear regressions.
Legends provide metrics computed over all ROIs, including Pearson’s correlation
coefficient (R) with corresponding p-value, and the normalized root-mean-square
error (NRMSE) (see Section 8.8.1] for metric definitions). Run-to-run differences arose
from non-determinism in the GPU-accelerated eddy current and motion correction

[115], 206} during in vivo dMRI preprocessing.
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Figure B.6: Impact of smoothing on in vivo MRI-based r 4. (a-b) Spatial
patterns of 7.4 across the corpus callosum: (a) before smoothing and (b) after
smoothing with FWHM = 3.75 mm (1.5x voxel size). Patterns show the mid-sagittal
section of the corpus callosum for an exemplary subject in native space. (c-d) ROI-
wise comparison of group-level in vivo dMRI-based r. g against histological values.
The group-level r 4 were computed from: (c¢) unsmoothed maps, as illustrated in (a),
and (d) smoothed maps, as illustrated in (b). Markers correspond to histological
ROIs in Figure [I.1f. Dashed lines illustrate theoretical perfect agreement, whereas
dotted lines represent linear regressions. Legends provide metrics computed over
all ROIs, including Pearson’s correlation coefficient (R) and the corresponding p-
value, the normalized root-mean-square error (NRMSE) (see Section for metric

definitions).
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Figure B.7: Impact of noise level estimation in experimental in vivo MRI.
(a) ROI-wise comparisons of in vivo dMRI-based r.4 and histological values. Color
coding indicates different noise level (o) estimates, denoted as o. Here, we assumed
o estimated from experimental data (see Section as the ground truth, and
varied o relative to o. From there, we repeated processing as in experimental data,
including powder-averaging and r.g estimation. Markers correspond to histological
ROIs in Figure [I.1f. Dashed lines illustrate theoretical perfect agreement, whereas
dotted lines represent linear regressions. (b-c) Error metrics as a function of relative
misestimation (6/0): (b) Pearson’s correlation coefficient (R) and (c) normalized
root-mean-square error (NRMSE) (see Section for metric definitions). Colored
markers correspond to the & values used in (a).
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Figure B.8: In vivo protocol optimization metrics for varying tissue
shrinkage. (a-c) Optimal Pearson’s correlation coefficients (R) as a function of
maximum gradient amplitude (g,,,,). Columns show R for different radius scaling
factors used to compensate for tissue shrinkage: (a) n =1, (b) n = 1.3, and (c)
n = 1.5. While n = 1.3 was used as an estimate for in vivo conditions
throughout the main body of the thesis, n = 1.0 and = 1.5 represent the scenarios
of no tissue shrinkage and very strong tissue shrinkage. Markers encode g, of
existing clinical scanners and research scanners (assuming 90 % of the nominal
Omax)- Line colors indicate different SNR baseline levels. While the reference SNR
baseline level reflects our experimental conditions, increased SNR baseline levels
assume an SNR increase through potential technical or acquisition advances. In
addition, the SNR of a particular protocol candidate depends on the protocol
parameters (see Equation (8.12))). For our experimental protocol, baseline SNR
levels would correspond to SNR values of 32 (reference), 56 (75 % increased), and
80 (150 % increased). (d-f) Optimal normalized root-mean-square error (NRMSE)
as a function of maximum gradient amplitude (g,,.,) for different n, with definitions
as in (a-c). Note that we optimized protocols by maximizing R, whereas NRMSE is
an auxiliary metric.
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Figure B.9: Optimal in vivo MRI protocols for various scanners. The
plots show r.g derived from dMRI simulations with optimal protocols against the
histological r.g for various maximum gradient amplitudes g, of existing/upcoming
scanners (columns), assuming 90 % of nominal values. The 7 values (rows) denote
radius scaling factors compensating for tissue shrinkage in histology data. While
n=13 was used as an estimate for in vivo conditions throughout the
main body of the thesis, n = 1.0 and n = 1.5 represent the scenarios of no tissue
shrinkage and very strong tissue shrinkage. Markers correspond to histological ROIs
in Figure [I.1f. The 95 % confidence interval for ROIs (shaded areas) was computed
across 1000 noise realizations. Colors indicate different SNR baseline levels. While
the reference SNR baseline level reflects our experimental conditions, increased SNR
baseline levels assume an SNR increase through potential technical or acquisition
advances. In addition, the SNR of a particular protocol candidate depends on the

protocol parameters (see Equation (8.12))). See Table for the full set of protocol
parameters and metrics for protocols shown here.
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Table C.1: Optimal in vivo MRI protocol parameters. All dMRI protocols
use two shells with (60, 120) diffusion gradient directions. The SNR, baseline level
describes the SNR conditions compared to our dMRI experiments. While the
reference SNR baseline level corresponds to our experimental conditions, increased
SNR baseline levels assume an SNR increase through potential technical or acquisition
advances. 7 is a radius scaling factor compensating for tissue shrinkage in histology
data, where n = 1.3 reflects the value assumed throughout the main body of the
thesis. g¢,;, and g,,.. are the diffusion gradient amplitudes of the two diffusion
shells; b,.. = 6ms/pm? and b, denote the corresponding diffusion-weightings. &
and A are the gradient diffusion time and separation, consistent across shells. Echo
time (TE) was estimated according to Equation (8.10). The SNR was estimated
using Equation , reflecting not only the baseline SNR level, but also protocol
parameter-dependent SNR variation. Metrics include Pearson’s correlation coefficient
(R) and its associated p-value, as well as the normalized root-mean-square-error
(NRMSE), and the fitting success rate (FSR) (see Section for metric definitions).
The optimal dMRI protocol with maximum R per combination of n and SNR baseline
level is highlighted in bold.

SNR [T dmax min B 5 & TE  onn & NRMSE  FSR
baseline [mT/m] [mT/m] [ms/pm?] [ms] [ms] [ms] P [%] [%]

72 30.9 32.5 48 54 124 12.8 0.05 8.4e 1 80.3 54.2

1.0 180 81.3 29.4 24 30 76 27.3 0.16 4.5e 1 58.3 68.7

270 119.9 30.4 18 24 64 33.2 0.26 1.8e71 49.0 78.4

° 450 167.0 43.6 14 20 56 38.0 0.40 2.5e 2 38.8 89.6
o

§ 72 46.4 14.4 36 42 100 18.6 0.09 7.0e ! 68.5 59.2

<L 1.3 180 81.3 29.4 24 30 76 27.3 0.29 1.3e71 46.1 82.5

2 270 119.9 30.4 18 24 64 33.2 0.41 2.0e2 38.5 91.4

450 203.9 29.2 12 18 52 40.7 0.54 <le 3 35.1 97.5

72 40.1 19.4 40 46 108 16.4 0.12 5.8¢ 1 61.8 65.3

1.5 180 81.3 29.4 24 30 76 27.3 0.36 4.6e72 41.0 89.4

270 119.9 30.4 18 24 64 33.2 0.47 4.8¢73 36.6 96.0

450 203.9 29.2 12 18 52 40.7 0.57 <le 3 37.4 99.2

72 35.0 25.4 44 50 116 25.3 0.07 7.6e 1 71.8 57.9

1.0 180 81.3 29.4 24 30 76 47.7 0.31 1.2¢71 47.2 79.3

o 270 119.9 30.4 18 24 64 58.1 0.46 9.9¢3 36.6 89.1

% 450 203.9 29.2 12 18 52 71.1 0.62 <le 3 29.1 96.6

g 72 35.0 25.4 44 50 116 25.3 0.16 4.6e71 59.3 67.7

- 1.3 180 81.3 29.4 24 30 76 47.7 0.49 3.7¢3 34.1 92.7

X 270 119.9 30.4 18 24 64 58.1 0.63 <le 3 30.2 97.6

E 450 203.9 29.2 12 18 52 71.1 0.72 <le 3 32.0 99.7

72 40.1 19.4 40 46 108 28.7 0.23 2.7e1 52.2 75.1

1.5 180 81.3 29.4 24 30 76 47.7 0.58 <le 3 31.7 96.9

270 119.9 30.4 18 24 64 58.1 0.68 <le 3 32.1 99.3

450 203.9 29.2 12 18 52 71.1 0.73 <le 3 36.1 100.0

72 35.0 25.4 44 50 116 36.2 0.11 6.3¢ 1 66.8 61.4

1.0 180 81.3 29.4 24 30 76 68.1 0.43 1.9e¢2 39.0 86.1

—qv) 270 119.9 30.4 18 24 64 83.0 0.60 <le 3 29.4 94.2

@ 450 203.9 29.2 12 18 52 101.6 0.74 <le 3 25.8 98.6
o

g 72 40.1 19.4 40 46 108 40.9 0.23 2.5e"! 52.6 74.1

: 1.3 180 81.3 29.4 24 30 76 68.1 0.63 <le 3 28.5 96.6

% 270 119.9 30.4 18 24 64 83.0 0.74 <le 3 27.8 99.2

ﬂ 450 203.9 29.2 12 18 52 101.6 0.79 <le3 31.3 100.0

72 35.0 25.4 44 50 116 36.2 0.33 8.5e 2 44.7 82.3

1.5 180 81.3 29.4 24 30 76 68.1 0.70 <le 3 28.8 98.8

270 119.9 30.4 18 24 64 83.0 0.77 <le 3 31.1 99.8

450 190.8 33.4 12 20 54 98.2 0.79 <le 3 35.6 100.0
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