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Abstract
Diffusion magnetic resonance imaging (dMRI) is a cutting-edge imaging method that provides a macro-scale in vivo map of 
the white matter pathways in the brain. The measurement of brain microstructure and the enhancement of tractography rely 
heavily on dMRI tissue segmentation. Anatomical MRI technique (e.g., T1- and T2-weighted imaging) is the most widely 
used method for segmentation in dMRI. In comparison to anatomical MRI, dMRI suffers from higher image distortions, lower 
image quality, and making inter-modality registration more difficult. The dMRI tractography study of brain connectivity has 
become a major part of the neuroimaging landscape in recent years. In this research, we provide a high-level overview of 
the methods used to segment several brain tissues types, including grey and white matter and cerebrospinal fluid, to enable 
quantitative studies of structural connectivity in the brain in health and illness. In the first part of our review, we discuss 
the three main phases in the quantitative analysis of tractography, which are correction, segmentation, and quantification. 
Methodological possibilities are described for each phase, along with their popularity and potential benefits and drawbacks. 
After that, we will look at research that used quantitative tractography approaches to examine the white and grey matter of 
the brain, with an emphasis on neurodevelopment, ageing, neurological illnesses, mental disorders, and neurosurgery as pos-
sible applications. Even though there have been substantial advancements in methodological technology and the spectrum 
of applications, there is still no consensus regarding the "optimal" approach in the quantitative analysis of tractography. As 
a result, researchers should tread carefully when interpreting the findings of quantitative analysis of tractography.
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Introduction

Image segmentation is significant for a variety of applica-
tions, such as image comprehension, feature extraction, 
processing, and interpretation. Tissue classification, tumour 
detection and volume estimation, blood cell outlining, surgi-
cal planning, atlas matching, and image registration are just 
a few of the many medical applications discovered in the 
scientific study of the human body [1]. Detecting pathology, 
monitoring illness development, or contrasting normal and 

abnormal subjects may all be accomplished with the use of 
mathematical feature extraction, modelling, and measure-
ment approaches applied to images [2].

The abbreviations used throughout this review work can 
be found in Table 1.

To perform a range of dMRI visualisation and quantifica-
tion tasks, including tractography and brain surface recon-
struction, it is crucial to segment several types of brain tis-
sues, such as WM, GM, and CSF. To better comprehend the 
structure, volume, integrity, and developmental changes in 
brain tissues and the blood–brain barrier (BBB), anatomi-
cal or structural MRI is often utilised [5, 6]. Examples of 
these types of images are T1- or T2w-weighted images, 
respectively.

Neuroscientists rely heavily on dMRI to learn about the 
structure and function of the brain's connections. dMRI is an 
imaging method that does not require any kind of invasive 
procedure, as it uses the movement of water molecules in 
tissue to provide contrast in the final image. It is difficult 
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to apply anatomical MRI-based segmentation to dMRI 
because of low image resolution and distortions caused by 
echo-planar imaging (EPI) (which can significantly shorten 
the MRI imaging times) [7]. Acquiring more information 
with a dMRI can solve these issues. To facilitate registra-
tion between anatomical MRI and dMRI data, the Center for 
Biomedical Image Computing and Analytics (CBICA) col-
lected high-resolution dMRI data utilising alternative phase 
encoding [8] to remove EPI distortions.

Although in many clinical scenarios when scan time is 
restricted, CBICA acquisition is not always accessible and is 
not currently viable. Therefore, techniques for segmentation 
which work well with dMRI data are needed. When high-
quality anatomical data are missing from MRI protocols or 
when segmentation based on anatomical MRI is difficult to 
register to the dMRI space, such approaches may be helpful. 
MD measures the microstructural integrity, and FA is an 
inverse measure of the membrane density. These are often 
used as rotation-invariant characteristics in dMRI-based 
brain tissue segmentation algorithms, which are based on 
DTI models that give non-invasive information about the 
microstructures of WM in the central nervous system (CNS). 
Brain MRI segmentation is a fundamental step in neurology 
that has a wide range of applications, including quantitative 
analysis, operational planning, and functional imaging [1, 
2]. However, medical image segmentation is a difficult task, 
even though MRI can accurately describe brain structures, 
due to poor spatial resolution and low contrast, as well as 
uncertain boundaries, inhomogeneity and other acquisition 
artefacts such as noise and object shape variability. This is 

compounded by a lack of anatomical models that can fully 
capture the possible deformations in each structure [10–12]. 
Implementing a few easy procedures as suggested in [13–15] 
can address these issues. Tumours are difficult to segment 
because of their diverse appearance, which includes their 
potential to shift in terms of size, shape, and recurrence [12]. 
Despite these problems, significant progress has been made 
in instrumentation and computer technology, resulting in 
major success in this field (Fig. 1).

It is difficult to keep track of all the different terminol-
ogy used in dMRI quantitative tractography analysis because 
there are so many different methodologies that have been 
offered over the past 2 decades. Table 2 provides a list of 
terms and their definitions that we will use throughout this 
work. In addition to the article, we also provide a graphical 
representation of many essential concepts that will be used 
in this paper (Fig. 2).

Quantitative tractography can be used to analyse the 
brain's structural connectivity in health and disease, (see 
Sects. 4, 5). The primary purpose of these analysis is to 
determine quantitative measures of connectivity (or micro-
structure) of a particular pathway (or pathways). Quanti-
tative tractography analyses are divided into two primary 
types or styles: tract-specific studies and connectome-based 
analysis (this categorization is helpful but inaccurate, as 
some approaches incorporate aspects of both analytic styles). 
These studies are often hypothesis-driven and focus on spe-
cific anatomical fibre pathways [13–16]. The tract-specific 
analysis is becoming more popular, particularly for study-
ing local white matter regions in health and disease person. 
Data-driven studies of the brain's structural connectivity are 

Table 1   List of abbreviations

Description Abbreviation

Diffusion magnetic resonance imaging dMRI
Gray matter GM
White matter WM
Cerebrospinal fluid CSF
Center for biomedical image Computing and analytics CBICA
Fractional anisotropy FA
Region of interest ROI
Diffusion-weighted image DWI
Gaussian mixture model GMM
White matter tractography WMT
Quantitative diffusion tensor imaging qtDTI
Mean diffusivity MD
Axonal diffusivity AD
Radial diffusivity RD
Multi-layer perceptron MLP
White matter hyperintensities WMH
Diffusion tensor imaging DTI
Convolutional neural network CNN

Fig. 1   a T1w image, b white matter (WM), c grey matter (GM), and 
d cerebrospinal fluid (CSF). Figure adapted from Ref. [14]
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known as connectome-based analysis [17–19]. Tractography 
over the complete white matter is required for this type of 
analysis, which tries to understand the patterns of whole-
brain connections.

Recent advances in deep learning have greatly improved 
the results of image segmentation [34]. Initially, algorithms 
like support vector machines (SVM) and non-negative 
matrix factorization (NMF) [35] were viewed as classic 
machine-learning approaches. Deep learning algorithms 
have recently been used in studies to increase segmentation 
performance. The convolutional neural network (CNN) is 
now the most widely used deep learning model, which is 
meant to automatically and adaptively learn spatial hierar-
chies (details) of an image [32] from low- to high-level pat-
terns [39]. While CNN has been used for brain segmentation 
in multi-modal segmentation, which incorporates dMRI, its 
tissue segmentation performance has shown great promise 
[40]. However, the accuracy of cross-modality registration, 
which is essential to produce the multi-modal input utilised 
for segmentation, is still a concern for this type of applica-
tion. It is impossible to develop only one standard method 
that suits all imaging applications.

Key contributions

An overview of the quantitative investigation of segmen-
tation and brain structural connectivity using tractography 
is provided in this paper. This review is designed to help 

researchers studying white matter segmentation, develop-
ers of quantitative analysis methods, and clinicians evaluate 
tractography results.

The highlights of this study are as follows:

1.	 Presented an exhaustive study of improving the quality 
of brain tissue segmentation from diffusion MR images.

2.	 The study assists clinicians in making appropriate diag-
noses and subsequent treatment decisions.

3.	 The performance and feasibility of modern systems have 
been demonstrated by quantitative analysis using various 
metrics.

4.	 In addition, it provides readers with novel future research 
directions for the segmentation of brain tissue.

The rest of the paper is planned as follows: we begin 
with an overview of the computational processes that were 
used to analyse diffusion MRI data for brain fibre tractog-
raphy (“An overview of the computational processes that 
were used to analyse diffusion MRI data for brain tissue 
segmentation”), followed by a review of qualitative brain 
tissue segmentation analysis, techniques and approaches 
(“Methods for improving the quality of Brain Tissue Seg-
mentation”, “Implementing quantitative analysis: quantifi-
cation approaches for tractography”), and finally a review 
of research that employs applications of quantitative trac-
tography analysis to study the brain in health and disease 
(“Applications of quantitative tractography analysis”).

Table 2   The following are some of the terminologies that will be used throughout this work, along with their definitions

We observe that some traditional phrases are commonly used but are not technically or biologically precise; such terms are emphasized in this 
table and are encouraged to be avoided in future studies

Terms Definition

Fiber tractography Tractography is a 3D modelling technique in neuroscience that uses diffusion MRI data to visualize nerve 
pathways. It makes use of computer-based diffusion MRI and other specialised MRI techniques [19]

Brain connectome 'Connectivity' in neuroimaging refers to assessments of anatomical and/or functional relationships between 
various brain regions [3]

Structural connectivity To quantify structural connectivity, diffusion-weighted imaging (DWI) is commonly used in humans to detect 
white matter pathways that physically connect brain areas [20]

Connectivity matrix of the brain In a two-dimensional matrix, each element of the matrix contains the estimated connection "strength" between 
regions of interest (ROIs) in the brain gray matter, and the rows and columns of the matrix correspond to the 
specific regions of interest [9]

Diffusion model A conceptual model [5, 10, 29] establishes a connection between the dMRI signal and important features of 
the microscopic structure of the tissue at the cellular level. Models of tissue microstructure or biophysics 
include Neurite Orientation Dispersion and Density Imaging (NODDI) [30] and Free Water (FW) [31, 32]. 
The diffusion tensor [33], the diffusion kurtosis [34], and many more are all instances of such representations 
of diffusion data

Microstructural measure The fractional anisotropy (FA) parameter calculated from a diffusion model fit in each voxel offers information 
about the underlying tissue microstructure

Fiber tracts or fiber pathways Biologically, these names refer to a group of white matter fibres (axons) that connect the cortico-cortical and 
cortico-subcortical regions of the brain [38]. For white matter connections rebuilt using tractography, these 
terms are more generally referred to as "tractography." A "fibre pathway" is a set of streamlines generated 
from a tractography, while a "fibre tract" or "fibre bundle" refers to a fibre pathway that also corresponds to 
known anatomy with a conventional name (e.g., the corpus callosum or the corticospinal tract)
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An overview of the computational processes 
that were used to analyse diffusion MRI data 
for brain tissue segmentation

In brain tissue segmentation, tractography can refer to any 
computational approach that calculates the anatomical tra-
jectories of white matter fibre routes using dMRI data. 
Water molecule diffusion in living tissues can be measured 
in vivo using DWI and DTI [40]. For example, a particular 
tissue structure may preferentially restrict the molecular 
motion of water molecules, resulting in anisotropic dif-
fusion, which is evaluated by DWI and DTI [41, 42]. To 
produce a 3-D field of diffusion tensors, the observed dif-
fusion can be treated as an anisotropic Gaussian, using 
each voxel's diffusion tensor as a parameter [43]. It is pos-
sible to extract diffusion anisotropy from diffusion tensor 

measurements by applying mathematical procedures and 
recalculating the underlying eigenvalues.

Although this study does not include an in-depth intro-
duction to tractography methods, we recommend that the 
reader study the following review papers [46, 49, 50, 52, 53] 
that are specific to tractography algorithms. Tractography 
research can be carried out using a variety of software tools, 
including the following: ANIMA [45], BrainSUITE [46], 
Camino [47], COMMIT [48], Diffusion toolkit [49], Dipy, 
DMIPY [50], DSI studio [51], ExploreDTI, FiberNavigator 
[52], FSL [53], MITK [54], MRtrix3 [55], PANDA [56], 
SlicerDMRI [57], TractSeg [58], and Tracula [59]. Using 
tractography data in any subsequent quantitative analysis is 
risky because of the known sensitivity of tractography to the 
underlying fibre-tracking techniques.

Table 3 includes important websites with free software 
programmes for anatomical MRI and DWI data preparation, 

Fig. 2   A graphic illustration of tractography is shown in this diagram. 
(a) An example of DWI data, is often known as dMRI. (b) Tractogra-
phy was used to generate an individual streamline. (c) An example of 
a whole-brain tractography is made up entirely of white matter stream-
lines. (d) A corpus callosum is a group of streamlines that reflect an 
anatomical fiber tract. FA, a microstructural measure of anisotropy of 
water diffusion, is used to color the lines. When looking at a stream, 
a low FA can be noticed near the cortex and a high FA can be seen 

in between the two (in the deep white matter). (e) White matter trac-
tography from the entire brain is used to create an example of a brain 
structural connection matrix. White matter connections between two 
brains’ gray matter ROIs are represented by a matrix, where each 
row and column represent a gray matter ROI (see c for an example of 
brain gray matter parcellation). The value in an element of the matrix 
denotes the strength of this connection (quantified as the number of 
streamlines in this case). Figure adapted from figure 1 [53].
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conversion, inspection, tissue segmentation, and visualisa-
tion. An easy-to-use GUI for all OS systems, MRIcro can 
convert 2D (DICOM http://​medic​al.​nema.​org/) to 3D (e.g., 
Analyze http://​mayor​esear​ch.​mayo.​edu/​mayo/​resea​rch/​robb_​
lab/​analy​ze.​cfm) or 4D neuroimaging informatics technol-
ogy initiative (NIFTI http://​nifti.​nimh.​nih.​gov/). It is pos-
sible to prepare DWI and batch processes [61] for huge data 
sets using command-line tools like AFNI, FreeSurfer, FSL 
and SPM.

A wide range of diffusion models [62, 63] and tractogra-
phy methods [64, 65, 66] have been used to produce tractog-
raphy results. Tractography results, on the other hand, can 
be affected by algorithmic parameters (such as seeding and 
stopping thresholds) [5]. Despite numerous studies compar-
ing various tractography algorithms [44], no single study has 
been able to agree on “the best method”.

Methods for improving the quality of brain 
tissue segmentation

In this section, the state-of-the-art approaches and current 
breakthroughs in improving the quality of Brain Tissue Seg-
mentation have been discussed.

Gegenbauer method of image reconstruction

The Gegenbauer image reconstruction method proposed by 
[44] is capable of reconstructing images with exponential 
precision, including the edges and structures in the image, 
without blurring any features, hence eliminating a common 

issue of image filtering (i.e., blurring of edges). In every 
high-resolution reconstruction, the first step is to figure out 
where the edges are. The location of the edges determines 
the areas in which the images can be reconstructed. The 
minimising technique introduced in [90] is combined with 
the edge-detecting method [88, 89]. The methods for edge 
detection and Gegenbauer reconstruction are discussed 
briefly in [91].

Threshold‑based method

Thresholding is a popular segmentation approach that com-
pares the intensity values of the target objects to one or more 
thresholds. Intensity thresholding is another term for this 
technique. The threshold values might be both global and 
local. There are two types of thresholding: (1) fixed thresh-
olding and (2) adaptive thresholding (see Fig. 3).

In thresholding-based techniques, T2-weighted MRI are 
used. Pixels that are above the threshold level are assigned 
to a group, whereas pixels that fall below the threshold are 
classed as background. However, there are several artefacts 
present in the MRI image of the object of interest. When 

Table 3   A list of tools that have been used in published studies for data conversion, pre-processing, and tissue segmentation using MRI images

Software/tools for fibre 
tractography (DTI)

Main purpose Available at

Dipy Tractography and tensor estimation http://​dipy.​org
AFNI Preparation and estimate of tensors http://​afni.​nimh.​nih.​gov/​afni
DoDTI Tractography, tensor estimation, and preprocessing http://​neuro​image.​yonsei.​ac.​kr/​dodti/
BioImage Suite Estimating tensors, ROI, and tractography http://​www.​bioim​agesu​ite.​org/
Camino Feature extraction and modelling of tensors, as well as tractography http://​web4.​cs.​ucl.​ac.​uk/​resea​rch/​medic/​

camino/​pmwiki/​pmwiki.​phpn=​Main.​Guide
MrDiffusion Feature extraction and modelling of tensors, as well as tractography http://​white.​stanf​ord.​edu/​mrdiff
MRtrix Feature extraction, modelling of tensors and tractography http://​www.​brain.​org.​au/​softw​are/​mrtrix/
SATUR​ Feature extraction, modelling of tensors and tractography http://​www.​lpi.​tel.​uva.​es/​saturn/
SPM and toolboxes Formulation and estimate of tensors http://​www.​fil.​ion.​ucl.​ac.​uk/​spm/​ext/
DTI-TK Registration http://​dtitk.​sourc​eforge.​net/​pmwiki/​pmwiki.​php
DTIStudio Analysis of tensor matrices, as well as ROIs and tractography https://​www.​mrist​udio.​org/​wiki/​DtiSt​udioV2
Freesurfer Analysis of tensor matrices, as well as ROIs and tractography http://​surfer.​nmr.​mgh.​harva​rd.​edu/
ExploreDTI Feature extraction and modelling of tensors, as well as tractography http://​www.​explo​redti.​com/
BrainVoyager Analysis of tensor matrices, as well as ROIs and tractography http://​www.​brain​voyag​er.​com/
3D Slicer Analysis of tensor matrices, as well as ROIs and tractography http://​www.​slicer.​org/

Fig. 3   Threshold-based approaches for brain tissue segmentation are 
classified

http://medical.nema.org/
http://mayoresearch.mayo.edu/mayo/research/robb_lab/analyze.cfm
http://mayoresearch.mayo.edu/mayo/research/robb_lab/analyze.cfm
http://nifti.nimh.nih.gov/
http://dipy.org
http://afni.nimh.nih.gov/afni
http://neuroimage.yonsei.ac.kr/dodti/
http://www.bioimagesuite.org/
http://web4.cs.ucl.ac.uk/research/medic/camino/pmwiki/pmwiki.phpn=Main.Guide
http://web4.cs.ucl.ac.uk/research/medic/camino/pmwiki/pmwiki.phpn=Main.Guide
http://white.stanford.edu/mrdiff
http://www.brain.org.au/software/mrtrix/
http://www.lpi.tel.uva.es/saturn/
http://www.fil.ion.ucl.ac.uk/spm/ext/
http://dtitk.sourceforge.net/pmwiki/pmwiki.php
https://www.mristudio.org/wiki/DtiStudioV2
http://surfer.nmr.mgh.harvard.edu/
http://www.exploredti.com/
http://www.brainvoyager.com/
http://www.slicer.org/
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it comes to the object of interest, fixed thresholding-based 
approaches incorporate criteria such as entropy or between-
class variation. A single threshold value can distinguish 
an image histogram with a bimodal pattern from the back-
ground. It assigns intensity values above and below the 
threshold to one and zero, respectively. Images are seg-
mented by the global threshold T supplied in I (x, y), where 
pixels with a value of 1 indicate an object and pixels with 
a value of 0 indicate a background. Such a technique relies 
heavily on statistical fluctuations to achieve a high level of 
segmentation accuracy. Selecting a threshold in an increas-
ingly complex landscape becomes more difficult as the num-
ber of areas increases. In terms of brain tissue segmentation, 
it should be observed that more than two tissues are required 
(i.e., WM, GM, and CSF).

Mixture models

The intensity levels of different substructures and tissues in 
brain MR images vary significantly. Images are characterised 
using statistical mixture models. The maximum-likelihood 
(ML) or maximum posterior probability (MAP) criterion 
is used to assess the probability distribution of intensity 
in an image. Gaussian Mixture Model (GMM) is a well-
known statistical model in neuroscience that is frequently 
employed. A Gaussian distribution is used to estimate the 
intensity of pixels (or voxels) in a given region. The GMM 
parameters are then estimated using the expectation maxi-
misation (EM) technique, which maximises the likelihood 
of the observed image.

Methods for feature extraction and classification

Brain tissue segmentation relies heavily on feature extrac-
tion and classification methods. T2-weighted MR images 
are used in this procedure. The fundamental objective of this 
strategy is to identify the most effective and discriminating 
elements in the MRI brain image. After that, classification 
is carried out based on the distinguishing characteristics. 
DWT, Gabor filter, and statistical approaches such as grey 
level co-occurrence matrix and grey level run length matrix 
[12] have been published in the literature. Due to distor-
tions like noise and IIH, feature extraction from MRI is still 
difficult. In addition, feature extraction methods are limited 
by excessive dimensionality. There are several techniques 
for dealing with dimensionality, including PCA (principal 
component analysis), LDA (linear discriminant analysis), 
and so on. They can identify a small range of features that 
are important for correct classification.

(1)S(x, y) =

{

1, if I(x, y) ≥ T

0, Otherwise
.

Parcellation/division of the whole‑brain tractogram 
segmentation

A whole-brain tractogram, which depicts the white matter 
of the entire brain, is used to enable quantitative analysis 
of all potential white matter connections in the entire brain 
(Fig. 4).

Fiber clustering and cortical parcellation methods are the 
two most commonly used approaches [31]. A connection 
matrix can be constructed using the cortical-parcellation-
based approaches, which can then be analysed using graph 
theory techniques (as discussed in Sect. 5.6) [42, 56].

However, despite their relative lack of use, fibre clus-
tering tractography parcellation methods continue to be 
utilised in applications such as disease categorization and 
between-population statistical analysis. As a side note, the 
terminology "fibre clustering" has been widely used in the 
scientific literature, even though "streamline clustering" is a 
more accurate term. Cortical parcellation-based techniques 
focus on grey matter, not the brain's white matter. They focus 
on the structural connection between various grey matter 
ROIs when parcelling tractography according to a cortical 
(and sometimes a subcortical) grey matter parcellation [17, 
21, 27, 31, 49, 56, 67, 68]. Tissue segmentation is done 
by obtaining the streamlines that connect two ROIs. There-
fore, the choice of a cortical parcellation scheme has a major 
impact on the final tractography segmentation. T1 or T2 
weighted MRI is used to compute cortical parcellation in the 
majority of approaches. Freesurfer Desikan–Killiany cortex 
parcellation is the most commonly used cortical parcellation; 
however, several other cortical parcellation methods have 
been widely employed [18, 39, 46].

In addition, a functional cortical parcellation calculated 
using functional MRI data has been used in a variety of 
cortical-parcellation-based approaches. It is also possible 
to look at the cortical surface as a “parcellation”, i.e., locate 
the lines that connect the vertices of the cortex. However, 
as of now, there is no consensus on which brain parcellation 
technique is the most effective.

Implementing quantitative analysis: 
quantification approaches for tractography

The goal of tractography quantification is to retrieve quanti-
tative measurements that may be used to examine the struc-
tural connectivity of white matter pathways in the brain. 
This section introduces quantitative measurements that can 
be computed from tractography (“White matter tractogra-
phy”). In “The domain of analysis: measurement of white 
matter fibre pathways in the brain”, we will discuss how to 
extract these measurements from each white matter fibre 
pathway and how to execute filtering techniques to limit the 
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risk of bias in the retrieved measures (“Quantitative analy-
sis of data using filtering techniques”). We explain how the 
retrieved metrics can be employed for tract-specific investi-
gation of anatomical white matter tracts (“Diffusion tensor 
imaging-based quantitative tractography (qtDTI)”). Finally, 
we explain Statistical or machine-learning approaches for 
fibre tract-tissue analysis (“Statistical or machine learning 
approaches for fibre tract-tissue analysis”).

White matter tractography

White matter tractography techniques estimate the connec-
tion patterns between distinct brain areas using local esti-
mations of fibre orientation at each voxel. There have been 
numerous WMT algorithms to date. These algorithms begin 
by selecting a starting point or seed, which can be either a 
voxel or an exact place that can be characterised by Carte-
sian coordinates in the brain space. There are three types 
of WMT algorithms: deterministic, stochastic, and global. 
Each seed point is assigned a unique trajectory by the deter-
ministic algorithms. This path connects two distinct areas 

of the brain in the final analysis. In probabilistic algorithms, 
propagation fronts or Monte Carlo approaches [36–43] are 
used to produce multiple alternative seed pathways. Weights 
are used in these algorithms to link the seed to a particular 
cluster of voxels or regions of the brain. Global optimization 
methods [44–47] use smoothness and signal fit to find the 
best path between two brain regions.

The domain of analysis: measurement of white 
matter fibre pathways in the brain

After the selection of a quantitative measure of interest 
(“White matter tractography”) and a brain tissue segmenta-
tion approach (“Methods for improving the quality of brain 
tissue segmentation”), there are a variety of methods for 
extracting the measure inside a single white matter fibre 
pathway. This is necessary to conduct tract-specific analysis 
(“Diffusion tensor imaging-based quantitative tractography 
(qtDTI)”) and to generate a connectivity matrix (“Statistical 
or machine learning approaches for fibre tract-tissue analy-
sis”). A scalar value can be used to summarise data, or data 

Fig. 4   a Whole-brain tractogram has been calculated using tractogra-
phy on DWI data, b anatomical tracts have been recovered from the 
tractogram. c Finally, a  structural connection matrix has been con-

structed by performing whole-brain tractography segmentation across 
all pairs of FreeSurfer cortical areas. Figure adapted from [51]
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collected along the fibre path can be used. Scalar values are 
the most often used method for extracting quantitative infor-
mation from fibre pathways. For tract-specific analysis, this 
is a common method to connectome-based analysis, which 
is necessary. While some quantitative metrics (e.g., NOS or 
tract volume) yield a single scalar value per pathway, others 
(e.g., sampled values of a quantitative metric) involve the 
calculation of some statistic to obtain such a scalar. The most 
commonly utilised microstructural measure is the mean of 
the fibre path. Additionally, other summary statistics such 
as the median, maximum, and lowest were used [50, 53]. 
According to how microstructural metrics are computed 
along fibre paths, a summary statistic can be generated in 
a variety of methods. In a microstructure image, it can be 
calculated within a binary mask that defines a fibre pathway 
(e.g., the mask means FA) [4, 19, 44, 47]. Additionally, it 
can be estimated using the average of each point’s micro-
structural measurements [28, 32, 39, 53, 69]. We are still 
debating which summary statistic is the most appropriate 
for data collected along a fibre pathway. When comparing 
outlier-resistant statistics such as microstructure param-
eter distributions along a streamline to mean distributions, 
researchers have found that studies have indicated that the 
median statistic is more robust than the mean statistic [50, 
53]. According to one study, the maximum and minimum 
values in machine learning-based disease classification are 
more discriminative than the mean value [59].

Quantitative analysis of data using filtering 
techniques

The filtering methods outlined in “Mixture models” can also 
be utilised to produce "microstructure-informed" tractogra-
phy, which aims to derive quantitative estimates of white 
matter fibre routes and eliminate potential bias in connec-
tion estimation. These approaches assign a specific micro-
structural property to each reconstructed path, assuming 
that the microstructure attributes corresponding to a single 
streamline remain constant. This is based on the fact that the 
microstructure properties of the magnetic resonance signal 
are sensitive to a feasible resolution, and so we can assume 
that on average, the microstructure qualities of a single axon 
are not affected by a group of axons following the same 
trajectory. A whole-brain tractogram is converted to pixel-
wise fibre density using SIFT [15], SIFT2 [16], which offers 
a value for each streamline that may be used (for example) 
to determine the connectome edge weights. Deconvolution 
of the dMRI signal measured on the streamlines is similar 
in LiFE [33], COMMIT [15, 16, 38], COMMIT 2 [37], and 
COMMIT2tree [31] utilising traditional multicompartment 
models [32] assign a single contribution, or "weight," to each 
of them. We have seen better results than with the usual NOS 
when using these methods to explore the characteristics of 

both healthy and diseased brains. Complementing tractog-
raphy with biophysical models of tissue microstructure such 
as the COMMIT, COMMIT2 and COMMIT2tree allow one 
to access more quantitative and biologically informative fea-
tures of individual bundles, such as average axon diameter, 
myelin content and bundle-specific T2 [25].

Diffusion tensor imaging‑based quantitative 
tractography (qtDTI)

Scalar metrics and tractography are employed in qtDTI tech-
nology to estimate bundle-specific properties that character-
ise the structural aspects of fibre bundles, such as average 
fiber bundle length (FBL), total length and average scalar 
metrics (AD, RD, MD, and FA). Anisotropy-weighted FBL 
and intracranial volume (ICV)-normalized length can also be 
combined to generate more sophisticated composite meas-
urements [17]. Tractography can be halted due to micro-
structural changes that reduce anisotropy or cause sudden 
changes in fibre orientation [36)] Microstructural abnormali-
ties and variations in bundle metrics can be used to diag-
nose white matter damage associated with inflammation in 
multiple sclerosis, which can produce these microstructural 
changes [42]. Tract-specific changes can be detected with the 
use of qtDTI technology rather than traditional DTI meas-
urements like FA, which are more limited in their ability to 
detect tract-wide changes [17]. White matter structure and 
function in healthy and diseased populations should benefit 
greatly from this novel method.

Statistical or machine learning approaches for fibre 
tract‑tissue analysis

Once a quantitative measure for individual fibre routes has 
been obtained, several tract-specific analytic techniques are 
available, including hypothesis-driven statistical analysis 
and data-driven machine learning. These approaches may 
use a summary statistic for each tract, or they may analyse 
data along a particular tract. For example, a hypothesis-
driven approach is utilised to examine whether there are 
differences in the tracts of interest between groups (e.g., 
between health and disease, or between different subtypes of 
a disease). Assuming that the chosen microstructural meas-
ure has been extracted from the tracts of interest, statistical 
group-wise comparison methods such as the Student’s t test, 
ANOVA, or other more advanced statistical analysis meth-
ods are used to compute the level of group differences such 
as p values [18, 33, 38, 85]. Using a regression model (e.g., 
a generalised linear model [12] or support vector regression 
[36]), the correlation between the tract quantitative meas-
urement and a behavioural or disease symptom score can be 
evaluated. It has been used to explore how white matter fibre 
pathways are impacted by clinical outcomes [42, 70, 80] and 
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how they grow during human neurodevelopment [17, 29, 
60]. If there are several quantitative measurements and/or 
multiple tracts evaluated, it is necessary to compensate for 
multiple comparisons. It is not uncommon for researchers to 
employ false discovery rate (FDR) and Bonferroni correc-
tions to adjust multiple comparisons [20, 42].

Data-driven and machine learning techniques are used 
to perform tasks like illness categorization and prediction 
in another tract-specific analysis strategy. Individual fibre 
paths are handled as feature descriptors in machine learning 
analysis, and feature descriptors are used to train a model 
using a set of training samples that have known informa-
tion (such as a support vector machine) (e.g., labels such as 
disease or healthy control). The model can then be used to 
forecast new samples after it has been properly trained. The 
machine-learning-based methods, on the other hand, strive 
to provide predictive relevance instead of only finding white 
matter structures with statistical differences (Table 4).

Applications of quantitative tractography 
analysis

Recent advances in dMRI-based tractography, which pro-
vides quantitative measures of fibre tracts, have expanded 
neuroanatomy methodologies and become a crucial tech-
nology for studying the brain's white matter in a variety of 
applications over the last 2 decades. This section focuses 
on various important topics, such as development, ageing, 
neurological illnesses, mental disorders, and neurosurgery. 
These findings can be divided into two categories, one for 
tract-specific studies and the other for analyses based on 
the connectome. The first category focuses on main fibre 

channels or localised structural connections to capture the 
fine-grained characteristics of brain circuits. Clustering 
analysis and graph theoretical analysis is used in the second 
category because they view the white matter as a complex 
system and hence use these techniques to reduce features or 
quantify topological properties.

Mapping of specific white matter tracts

White Matter Tracts have been widely employed to illus-
trate in vivo mapping of the brain's white matter pathways 
[6–9, 51, 52, 57, 58, 71–76]. There were initial efforts to 
replicate the major fibre patterns of classical anatomy in 
WMT investigations. WMT was able to detect the corpus 
callosum, superior longitudinal fasciculus, corona radiata 
fibres, and front-occipital fasciculus fibres. The WMT fibre 
reconstruction's closeness to known anatomy was the first 
confirmation of WMT's ability to map discrete white mat-
ter structures noninvasively. Very few anatomical structures 
may be located on an individual specimen through the use of 
invasive post-mortem anatomical techniques including fibre 
dissections and fibre tracing operations (as unveiling a struc-
ture of interest involves a specific sequence of dissection 
steps, which render unusable the specimen for future inves-
tigations). When using WMT, you can perform as many ‘in 
vivo’ anatomy and physiology as you like on a single dataset 
because it is a three-dimensional computational technique. 
Recent tractography research has provided new insights into 
the anatomy and development of brain segmentation. As a 
result of these findings, we now have a better grasp of the 
linguistic pathways [74] and the U-fibers [75] as well as 
other connection fibres in the brain.

Table 4   Databases frequently used for brain tissue segmentation

Database name Type of image available Link to download

BrainWeb Simulated brain MR images generated using three 
sequences (T1-, T2-, and proton-density (PD)-
weighted) along with a variety of slice thick-
nesses, noise levels, and intensity inhomogeneity 
levels

http://​brain​web.​bic.​mni.​mcgill.​ca/​brain​web/

The internet brain segmentation 
repository (IBSR)

MRI along with manually segmented images for 
comparing automatic segmentation results

https://​www.​nitrc.​org/​proje​cts/​ibsr

Harvard medical school website It is a database which contains various types of 
images like normal brain images, images for 
cerebrovascular diseases, brain tumor images, 
degenerative diseases images, inflammatory or 
infectious diseases images

http://​www.​med.​harva​rd.​edu/​aanlib/​home.​htm

The cancer imaging archive (TCIA) Medical images of subjects having cancer and/or 
anatomical site like lung, brain, etc

http://​www.​cance​rimag​ingar​chive.​net/

Human connectome project (HCP) Imaging behavioural, and demographic information 
on a large sample of healthy adults

https://​www.​human​conne​ctome.​org/​study/​hcp-​
young-​adult/​data-​relea​ses

MICCAI Multi-contrast MR scans https://​www.​med.​upenn.​edu/​sbia/​brats​2017/​data.​html

http://brainweb.bic.mni.mcgill.ca/brainweb/
https://www.nitrc.org/projects/ibsr
http://www.med.harvard.edu/aanlib/home.htm
http://www.cancerimagingarchive.net/
https://www.humanconnectome.org/study/hcp-young-adult/data-releases
https://www.humanconnectome.org/study/hcp-young-adult/data-releases
https://www.med.upenn.edu/sbia/brats2017/data.html
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White matter parcellation

WMT can be used to segment the brain volume occupied by 
several white matter tracts. Consequently, WMT allows for 
the segmentation of white matter into various regions that 
correspond to different structures. Using any other imaging 
approach, this information would be impossible to obtain. 
The segmented tracts can be analysed using anisotropy, 
and diffusivity data, or data from other imaging modalities, 
for morphometric analysis (volumetric, cross-sectional area, 
etc.) According to the constituent structures, white matter 
can be segmented as illustrated in Fig. 5. This approach has 
lately been used to study white matter integrity in a variety 
of brain disorders. Frontal and limbic lobe tract segmenta-
tion in patients with schizophrenia [77] and temporal epi-
lepsy [78], frontostriato-thalamic connections in Tourette 

syndrome [79], and hippocampo and amygdalo fusiform 
pathways in autism [80] are a few instances. Anisotropy 
and diffusivity variations between populations were stud-
ied using ROIs derived from the segmented volumes. White 
matter microstructure in both normal and sick populations 
was analysed.

Gray matter parcellation

Primate brain connectivity maps show that different parts 
of the brain have different connectivity patterns [81]. Using 
WMT, researchers have been able to identify distinct regions 
of grey matter based on patterns of connection [82, 83, 84]. 
Clustering was used to differentiate the supplementary motor 
area (SMA) from the pre-SMA regions of the premotor cor-
tex, based on unique patterns of distributed connectivity 

Fig. 5   White matter tractography can mark brain voxels accord-
ing to their white matter structure. Image tractogram of the projec-
tion (green), association (red), and callosal (blue) fibres are mapped 
into the brain space to show their position in relation to other brain 
regions. External capsule (ec); internal capsule (ic); posterior region 
of corona radiata (pcr). (b) A similar technique was implemented to 

identify the corpus callosum (purple), superior longitudinal fascicu-
lus (yellow), cingulum (green), uncinate fasciculus (dark red), inferior 
occipitofrontal fasciculus (orange), inferior longitudinal fasciculus 
(brown), corticobulbar tract (light blue), corticospinal tract (white), 
fornix, and stria terminalis (light yellow). Several sagittal and axial 
slices indicate tract locations. Figure adapted from [92]
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across the brain. In addition to the parietal cortex, Broca's 
area, and cingulate gyrus, other grey matter regions have 
been segmented using these techniques.

Development of brain fibre tractography

The development from a neural tube to a multilayer connec-
tome requires highly organised mutations in white matter. 
DMRI tractography has been used to study brain develop-
ment from the middle fetal stage through adulthood over the 
past decade [14, 46, 49, 53, 55, 60, 61]. When it comes to 
the early stages of development, most tractography investi-
gations are focused on discovering the pathways that neu-
rons use to migrate and the creation of major tracts in the 
brain. It is possible to see the fornix and cerebellum bundles 
at 13 weeks of gestation using ex vivo dMRI images on 
infant brain tissues, but only the corpus callosum is visible 
by 15 weeks [26]. Studies reveal that the basic structural 
pathways are already recognised by term, and the radial and 
tangential pathways organisation are evident by 17 weeks 
[42]. Traditional histology research [24, 48] supports these 
findings. Methodological breakthroughs like motion cor-
rection algorithms have made it possible to conduct in vivo 
tractography on infants’ brains, and these studies show tre-
mendous potential for future early brain investigations. By 
applying quantitative dMRI measurements from the early 
years [24, 46, 46, 53, 61] to the adolescent stage [25, 43], 
we may better map the spatiotemporal maturation patterns 
of rebuilt tracts. These studies, despite focusing on diverse 
developmental ranges, consistently report large age-related 
increases in FA and MD in extensive fibre tracts during post-
natal growth [53]. For long tracts of development, such as 
from infancy to childhood or from adolescence to maturity 
[33–35] or from adolescence into adulthood, studies have 
also characterised many typical nonlinear diffusion trajec-
tory (piecewise, exponential and quadratic) metrics. Accord-
ing to one study, researchers can use multivariate analysis 
to estimate the growth of tracts at the subsystem level; for 
example, they can find out how many months it takes for a 
linguistic bundle to mature by looking at its maturational 
calendars [25].

Brain fibre tractography in neurosurgery

Tractography in vivo is essential for the planning and imple-
mentation of surgery by neurosurgeons because white matter 
tracts that have been displaced or otherwise impacted by 
the tumour can be visualised and localised. Aside from a 
few hitches, tractography has shown to be a useful tool for 
neurosurgery patients in terms of pinpointing lesions and 
improving their quality of life and overall survival. However, 
in vivo tractography provides critical spatial information 
about particular anatomical pathways for surgery planning, 

even though quantitative image-based metrics of local tracts 
are of limited utility in the field of neurosurgery. The trade-
off between preserving function and maximising resection is 
critical in malignant lesion surgery. Direct electrical stimula-
tion (DES) is the gold standard for intraoperative identifica-
tion of eloquent regions [26, 27, 32, 41]. DES intensities 
and distances to reconstructed tracts have recently shown a 
high degree of connection when used with recent intraop-
erative MRI-based in vivo tractography applications [32]. 
It has also been shown that intraoperative MRI can identify 
fibre tracts that were not previously detected in preoperative 
tracings [16]. Intraoperative tractography can help patients 
with malignancies near the superior longitudinal fasciculus 
retain their ability to speak when used in conjunction with 
navigated transcranial magnetic stimulation (nTMS) [32, 
41]. Tractography estimation may be the sole viable option 
for measuring the white matter tracts involved in language 
area surgery when awake operation is impractical or una-
vailable. There have been numerous studies using in vivo 
tractography to examine lesions in the supratentorial and 
infratentorial regions of the brain [31, 37, 40], examining 
not only the larger tracts but also the finer fibre structures 
[87]. The traditional surgical technique could benefit from a 
move away from local tumour topography to network-guided 
"oncological disconnection surgery" if the brain connec-
tome idea is adopted [28, 85, 86]. Classical neurosurgery 
holds that cancers involving the sensorimotor, language, and 
visual cortices, which are all considered to be "eloquent" 
brain regions, should not be removed, whereas tumours 
in other, "non-eloquent" regions can be removed with lit-
tle thought [26]. A consistent location of "eloquent" areas 
across patients appears erroneous, however, because of the 
possibility of functional compensation and the presence of 
individual variance [25]. For functional mapping, research-
ers have combined tractography atlases with intraoperative 
electrical stimulation to create probabilistic atlases of white 
matter pathways and structural hubs that define a minimal 
common brain connectome with low inter-individual vari-
ability and low postlesional compensation potential. It may 
be possible to use information from previous "structural and 
functional skeletons" of the brain to guide the removal of 
specific neural tracts during tumour surgery [28].

Limitations

Several drawbacks of qtDTI technology should be addressed. 
To begin, qtDTI is highly sensitive to imaging errors driven 
by partial-volume averaging of fibre bundle populations with 
varying degrees of myelination, orientation, and/or axon 
diameter. Partial-volume confounds can be avoided to some 
extent by reducing the voxel size and increasing gradient 
strengths and the number of orientations. These limitations 
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likewise apply to tractography, which is predicated on the 
underlying assumptions of the diffusion tensor analysis. In 
general, DTI calculates the average water diffusion behav-
iour (including its anisotropy features) inside the pixel vol-
ume and makes the assumption that the water diffusion only 
shows one preferred orientation of motion. This is because 
DTI assumes that the anisotropy of the water diffusion is 
constant. Therefore, volume averaging may become a major 
source of inaccuracy when the image pixel size is raised or 
if disproportionally high slice widths are employed (both of 
which are frequent methods to improve SNR). Moreover, 
magnetic field inhomogeneity may occur at the brain and 
bone interface when the rapid echo-planar MRI technique 
is utilised to acquire images [18]. Furthermore, when the 
pixel volume has two or more fibre populations crossing at 
nonparallel angles, such as when fibres cross, the one-fiber 
population diffusion tensor model may fail. Several methods, 
such as q-space imaging [19] and high angular resolution 
diffusion imaging [20–23], may prove useful for resolving 
multi-population fibre structures. Finally, small changes in 
brain architecture might confound tractography investiga-
tions. Procedures must be developed so researchers can seed 
the areas they wish to examine. Atrophy presents a unique 
set of difficulties for research involving older populations. 
DTI signals could be reduced as a result of these sorts of 
difficulties [46]. When it comes to detecting and identify-
ing white matter pathways, diffusion tensor imaging based 
tractography has a lot of promise for a number of possible 
applications. It is possible that this will allow for a better 
understanding of how a change in the brain circuitry is con-
nected with neuropsychiatric disorder.

Discussion and conclusion

Tractography provides a high-level overview of how it can 
be used to quantitatively analyse the anatomical connectivity 
of the brain in health and disease. For quantitative analysis 
of tractography, we looked at the methodologies that are 
involved in each of the primary processing steps. The white 
matter of the brain has also been studied using quantitative 
tractography approach.

Researchers and clinicians who use tractography in their 
work should use the utmost caution when interpreting bio-
logical findings from quantitative results. There is no direct 
correlation between reconstructed streamlines and nerve 
fibres [23, 51], and fundamental diffusion metrics are just 
assumptions from local diffusion properties, which are not 
direct measures of tissue qualities [11]. To avoid errors in 
quantitative dMRI analysis and brain connection studies uti-
lising tractography, several review papers have been pub-
lished [10, 27, 31, 36].

Research is underway to improve biological specificity to 
the type of tissue change, by improving the information that 
is obtained at the acquisition level [19, 24, 28, 30, 39, 48] by 
proposing advanced mathematical modelling and machine 
learning techniques [33, 37, 49]. False-positive and false-
negative tracking outcomes are common in quantitative trac-
tography analysis [46, 79].

Tractography has made it possible to examine the con-
nections in the brain's white matter in both healthy and dis-
eased individuals for their lives. Overall, we conclude that, 
despite significant advances in methodological technology 
and application breadth, there is still no consensus regarding 
the "optimal" approach for quantitative tractography analy-
sis, and researchers should exercise caution when interpret-
ing results in research and clinical applications.

Brain tissue segmentation: future 
applications and innovations

As a novel technique, qtDTI is still in its early stages 
of development, and additional study is needed to deter-
mine reproducibility and reliability. Studies using histologi-
cal techniques and known indicators of white-matter disease 
will support the method validity (e.g., WMH). For further 
information on how white matter integrity and cognitive 
development in children are linked, we can use qtDTI tech-
nology. DTI, in combination with fibre tractography, may 
help us learn more about the ways in which different parts 
of the brain are linked to one another and how these connec-
tions affect things like emotional stability and memory. This 
may improve our understanding of how the brain functions, 
but to do such work we must couple DTI with measures of 
function, including fMRI studies or neuropsychological test-
ing. Inter-regional connections in the brain are particularly 
dense in complex cognitive areas like mood control [53]. 
DTI has the potential to become yet another helpful tool as 
we move forward with this work. It will also help us learn 
more about the potential role of connection abnormalities 
in neuropsychiatric diseases. Till now, the majority of neu-
ropsychiatric studies utilising this method have compared 
people with mental illness to healthy controls to look for 
abnormalities. This is an essential beginning: it can support 
existing hypotheses of the neurological underpinnings of 
various diseases and help to identify regions demanding of 
further investigation.

Furthermore, measurements (for example, FBL) may be 
used to improve a given organism's sensitivity to injury and 
abnormal growth. qtDTI measures can be applied to infants 
and children, but further research is needed to determine 
their relevance, particularly with myelin water fraction map-
ping [8]. Experimenting with diffusion models that are more 
complex than the single-tensor model can provide a wealth 
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of new information. Crossing bundle reconstruction and 
the quantification of characteristics such as fibre dispersion 
and free water contamination could benefit from these tech-
niques. This constraint is presently being addressed through 
the use of methods that use more advanced models, such as 
limited spherical convolution, diffusion ball-and-sticks and 
neurite orientation dispersion and density imaging [53]. In 
addition, there is much to understand about the qtDTI and 
other imaging modalities interaction. When qtDTI and fMRI 
are used together, the model of brain integrity can be better 
understood since it provides a parallel perspective of both 
structural and functional integrity.
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