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DTI Diffusion Tensor Imaging 

HARDI High Angular Resolution Diffusion Imaging 
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Abstract: 

Diffusion MRI tractography is the most widely used macroscale method for mapping 
connectomes in vivo. However, tractography is prone to various errors and biases, and thus 
tractography-derived connectomes require careful validation.  Here, we critically review 
studies that have developed or utilized phantoms and tracer maps to validate tractography-
derived connectomes, either quantitatively or qualitatively. We identify key factors impacting 
connectome reconstruction accuracy, including streamline seeding, propagation and filtering 
methods, and consider the strengths and limitations of state-of-the-art connectome phantoms 
and associated validation studies.  These studies demonstrate the inherent limitations of 
current fiber orientation models and tractography algorithms and their impact on connectome 
reconstruction accuracy. Reconstructing connectomes with both high sensitivity and 
specificity is challenging, given that some tractography methods can generate an abundance 
of spurious connections, while others can overlook genuine fiber bundles. We argue that 
streamline filtering can minimize spurious connections and potentially improve the biological 
plausibility of connectomes derived from tractography. We find that algorithmic choices such 
as the tractography seeding methodology, angular threshold and streamline propagation 
method can substantially impact connectome reconstruction accuracy.  Hence, careful 
application of tractography is necessary to reconstruct accurate connectomes. Improvements 
in diffusion MRI acquisition techniques will not necessarily overcome current tractography 
limitations without accompanying modeling and algorithmic advances. 

 

1. Introduction: 

Diffusion-weighted magnetic resonance imaging (dMRI) can be used to non-invasively infer 
microstructural properties of the brain. Tractography is a reconstruction method based on 
dMRI to compute the trajectories of white matter (WM) fiber bundles. The primary objective 
of tractography is to reconstruct non-invasively WM fiber bundles from dMRI. More 
recently, tractography has been used to map the human structural connectome [1-3] i.e. a 
comprehensive network description of WM fiber bundles connecting pairs of gray matter 
(GM) regions (also referred to as structural connectivity). Structural connectomes model the 
physical links between brain regions, whereas functional connectomes represent the network 
of functionally connected regions. These connectomes are a static representation of the brain 
that could change over time [4, 5]. When referring to connectomes in this review, we 
specifically mean structural connectomes mapped with tractography. 

Generally, connectome mapping using tractography is a five-step process involving: (1) 
dMRI acquisition (2) segmenting the cortex into Regions of Interest (ROIs - cortical 
parcellation) (3) diffusion/fiber orientation estimation (4) streamline generation using 
tractography, and (5) linking pairs of ROIs with streamlines to build a connectivity matrix. 
Fiber orientation models [6-19] and tractography [20-38] involve an indirect estimation of 
microstructural properties, making them prone to errors and biases [39].  Many of the 
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orientation estimation models impose different constraints on the dMRI acquisition, such as 
the number of diffusion-weighting gradients, their strength (b-value), and Signal-to-Noise 
(SNR) ratio, along with the assumptions associated with signal models. Moreover, 
tractography itself depends on numerous constraints, which include angular threshold, 
seeding methodology, number of streamlines, and termination criteria. With all of these 
algorithmic choices, the impact of tractography methods on connectome mapping is not well-
understood, particularly given the absence of a “gold standard” enabling assessment of 
reconstructed connectomes.  

Hence, given that tractography is an indirect method of reconstructing WM fiber bundles, it is 
important to measure its accuracy and precision. Phantoms with a known ground truth have 
been used extensively for evaluating tractography. These can be divided into three broad 
categories: i) Physical phantoms comprising synthetic or natural fibers that mimic the 
geometry of neuronal fiber tracts; ii) tracer maps derived from invasive axonal tract-tracing; 
iii) numerical phantoms generated by simulating fiber trajectories according to a given 
model. While tracer studies are considered a more accurate (albeit invasive) technique for 
mapping WM fiber bundles than tractography, tracers are not errorless mapping techniques 
and thus they are sometimes referred to as a “silver standard” [40].  Guidance on the design 
of phantoms for tractography validation can be found in [41-44].  Many such phantoms exist 
in the literature [45-52], which have been successfully used to evaluate the performance of 
fiber estimation models and tractography algorithms. The objective of these studies is to 
evaluate the accuracy of the local fiber orientation estimation and the geometrical properties 
(curvature and spatial extent) of the estimated fiber bundles. The impact of various 
tractography-specific parameters like angular threshold [53, 54], step-size [53, 55, 56] and 
seeding methodology [57, 58]) and dMRI-specific parameters (diffusion-weighted gradients 
[48, 59], b-value [47-49, 59, 60] and Signal-to-Noise Ratio- SNR [49, 61]) have been 
evaluated using phantoms. The association between microstructural properties and their 
functional implications has been extensively studied in the presence and absence of 
neurological disorders to analyze the WM bundles [62-64]. 

Tractography validation studies suggest that current tractography outcomes are biased to a 
certain extent. Complex fiber architectures involving crossing fibers are challenging to 
resolve and current models of diffusion can either overlook certain fiber populations or infer 
spurious populations. Estimation of spurious orientations at the local scale can result in the 
reconstruction of spurious fiber bundles. Common Gaussian reconstruction models cannot 
fully represent fiber bundle characteristics, including intra- and extra-axonal compartment, 
axonal density, and tissue complexity [65]. Hence, a local diffusion model that fails to detect 
certain fiber orientations can result in tractography failing to detect the corresponding fiber 
bundles. Moreover, accurate modeling of local fiber orientations does not necessarily imply 
accurate tractography reconstruction [66].     

Connectomes are typically mapped based on the locations of streamline endpoints. If the 
endpoints of sufficiently many streamlines reside within two separate regions, those regions 
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are considered structurally connected, irrespective of the geometrical properties of the 
streamlines  [67]. Thus, streamline geometry is therefore not explicitly modeled when 
mapping connectomes.  

In contrast to conventional criteria used to evaluate tractography (e.g. tract geometry, spatial 
extent, etc.), evaluating tractography in the context of connectome mapping is primarily 
concerned with the presence/absence of fiber bundles between pairs of regions and 
connection strengths. The geometric properties of a reconstructed fiber bundle are less of a 
consideration in connectomics. Given the inherent challenges and limitations of tractography 
and fiber estimation [39, 47, 68], it is important to evaluate the extent to which these 
limitations impact the connectome mapping process [67]. Network analyses of connectomes 
provide valuable insight into brain disorders [69-71], cognition [72, 73], and developmental 
changes [74, 75], and thus understanding the limitations of current connectome mapping 
algorithms is crucial to ensure the validity of these insights.   

Here, we review studies that developed or utilized phantoms and tracer maps to validate 
connectomes mapped with tractography either qualitatively or quantitatively. While many 
phantoms have been developed for validating brain microstructure inferred from dMRI [44, 
76-80], we will restrict our review to studies that have evaluated connectomes mapped with 
tractography. Section 2 describes the background and nomenclatures used in this review. 
Section 3, 4 and 5 discusses studies that have used physical phantoms, tracer maps, and 
numerical phantoms for evaluating tractography reconstructed connectomes, respectively. 
These sections discuss the findings and conclusions reported from the validation studies, 
which can help to identify the key factors that affect the accuracy of the reconstructed 
connectome. After reviewing the outcomes of the connectome validation studies, we briefly 
review recent methodological advances aimed to improve the accuracy and biological 
plausibility of tractography-derived connectomes in Section 6, including streamline filtering, 
thresholding and related advanced algorithms.  

2. Background: 
 
We begin by providing a brief overview of key terminology and a summary of the 
nomenclatures used for describing these algorithms and technical concepts. A brief overview 
of tractography and fiber orientation models is presented in the appendix (Table A1). 
 
Fiber tract/bundle: a group of tightly packed axons following a common spatial trajectory 
in WM. Tractography aims to estimate the trajectories of these fiber bundles/tracts non-
invasively. 

Streamline: a computer-generated curvilinear map approximating the trajectory of an 
underlying fiber bundle. 
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Structural connection: a monosynaptic axonal connection between a pair of regions enabled 
by a fiber bundle. Distinct from functional connectivity, which refers to statistical 
dependencies in brain activity.  

Connectome: a comprehensive network description of structural connectivity.  

Connection density: proportion of non-zero connections to the total number of connections 
that could be formed in a brain network (connectome). 

Connectivity strength: a measure of the strength of connectivity associated with a structural 
connection. With tractography, it is often measured as the number of interconnecting 
streamlines between a pair of regions (streamline count). It is important to note that 
streamline counts are not necessarily proportional to the number of axons in a fiber tract.  

 

 

 

 

 

Nomenclatures: 
Table 1: List of nomenclatures 

Terminology Explanation Terminology Explanation 

CoCoMac Collations of Connectivity data 
on the Macaque brain 

COMMIT Convex Optimization Modeling for 
Microstructure Informed 
Tractography 

COMMIT2 Variant of COMMIT CSD Constrained Spherical 
Deconvolution  

dMRI Diffusion-weighted magnetic 
resonance imaging  

DSI Diffusion Spectrum Imaging 

DTI Diffusion Tensor Imaging EEW Errors of the Edge Weights 

FA Fractional Anisotropy FPR False-Positive Rate  

FOD Fiber-Orientation Distribution 
function 

GM Gray Matter 

HARDI High Angular Resolution 
Diffusion Imaging 

IB Invalid Bundle 

IC Invalid Connection LiFE Linear Fascicle Evaluation 

NC No Connection PVE Partial Volume Effect 

ROI Region-of-Interest SIFT Spherical-deconvolution Informed 
Filtering of Tractograms 

SIFT2 Variant of SIFT SNR Signal-to-Noise Ratio 
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TPR True-Positive Rate  VB Valid Bundle 

VC Valid Connection WM White Matter 

 

3. Physical Phantoms 

Physical phantoms for evaluating tractography are composed of materials that can represent 
the anisotropic diffusion in WM fiber bundles. Generally, this can be achieved by using 
synthetic, natural, or glass materials for constructing the fiber trajectories.  Von dem Hagen 
and Henkelman [45] were the first to develop a physical phantom to study the effect of fiber 
orientations on diffusion profile in terms of the apparent diffusion coefficient. The phantom 
comprised water-filled polytetrafluoroethylene fibers, with an inner diameter of 50 μm and an 
outer diameter of 325 μm. The fibers were arranged to study the effect of changing and 
multiple fiber orientations, by winding the plastic fibers in parallel, coiled and random 
orientations. Many other physical phantoms were later developed to evaluate the validity of 
estimated microstructures and fiber bundles. The material of the fibers used for these 
phantoms included glass capillaries [81], acrylic fibers [48] , rayon fibers [82], polyester [83], 
hemp and linen [84], plastic [47], dyneema [85], cotton [52], and  ex-vivo rat spinal cords 
[86]. These fibers were either doped or immersed in a liquid (e.g. pure water, aqueous 
solutions) to generate the microstructural properties, which can be measured using the 
diffusion-weighted signal [44].  

The beforementioned phantoms were primarily used to evaluate the accuracy of either the 
local diffusion/fiber orientation estimation models or tractography algorithms for 
reconstructing the synthetic fibers. “FiberCup” is another physical phantom that was used to 
quantitatively evaluate 10 tractography algorithms [87]. The phantom was manufactured 
using acrylic fibers of diameter 20 µm, enclosed in a polyurethane case. The phantom was 
filled with distilled water under vacuum conditions and the remaining air bubbles were 
destroyed with an ultrasound beam. Seven fiber bundles were modeled targeting bending, 
crossing, kissing, and fanning configurations found in the coronal section of the human brain 
(Figure 1). The study primarily focused on evaluating the spatial accuracy of estimated fiber 
bundles. The “FiberCup” phantom was later simulated under varying fractional anisotropy 
(FA) and b-values using “Fiberfox”, an open-source framework for simulating WM fiber 
tracts, to compare the connectomes reconstructed by state-of-the-art algorithms 
(deterministic, probabilistic, and global) [88]. The validity of the connectome was quantified 
in terms of sensitivity, specificity and sum of errors of the edge weights (EEW).  

The Fiberfox study reported that for lower FA values (<0.13), tractography performance 
using the simple tensor model was similar to the sophisticated models (Constrained Spherical 
Deconvolution-CSD, Persistent Angular Structure, Q-ball). This was the case for both the 
physical and simulated “FiberCup”. As the physical “FiberCup” phantoms had low FA 
(average ≈0.1), the same phantom was simulated for evaluating the tractography under high 
FA values. For high FA, probabilistic tractography algorithms showed a higher deviation 
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from the ground truth in comparison to deterministic algorithms and hence were not 
recommended for mapping connectomes. Overall, deterministic CSD had the best 
performance in terms of EEW. The effect of various artifacts (Rician noise, distortion, Gibbs 
ringing, thermal noise, ghosting) on the estimated connectome was also investigated using the 
simulated “FiberCup”. The results demonstrated that Rician, ghosting, and thermal noise 
resulted in a substantial increase in the error and the number of false connections, whereas 
image distortion and Gibbs ringing artifact had a minor impact on the connectivity analysis. It 
should be noted that except for the Fiberfox study, physical phantoms have not been used to 
evaluate measures of structural connectivity. 

Although physical phantoms offer control on generating fiber bundles, this method is limited 
to relatively simple fiber architectures comprising a few fiber bundles, given that 
manufacturing these phantoms is often challenging. A physical connectome phantom will 
further require specification of the physical regions within a phantom to represent GM, which 
could be challenging. To solve this issue, these regions can be virtually assigned at the 
endpoints of the fiber bundles. To date, physical phantoms to evaluate structural connectivity 
in the context of connectomics have not been developed.  

 
Figure 1.  FiberCup imitating a coronal slice of the brain with short ‘U’ fibers (bundle 4), left-to-right hemisphere 
commissural projections (bundle 3), larger ‘U’ and fanning bundles representing corpus callosum (bundle 1) and 

corticospinal tract (bundles 2, 5, 6 and 7) respectively. Reproduced from [57] 

 

4. Tracer Maps 

Tracer studies enable the mapping of axonal trajectories using invasive chemical tracers.  
While tracer studies are invasive, the extracted WM maps are generally considered accurate 
as they represent the microstructural properties of real brain tissues. In comparison to 
physical and numerical phantoms, tracer maps are extensively used to evaluate microstructure 
estimation models [89, 90] or the spatial properties of WM estimated by tractography [37, 51, 
91]. The estimated WM bundles have been validated using various performance metrics e.g., 
FA, mean diffusivity, root-mean-square error, etc. for both normal (healthy) and pathological 
subjects [40, 92-94]. This validation method has been extended to estimate tracer-based 
connectivity matrices for evaluating connectomes.  
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Histological dissection is another well-known invasive validation method that provides 
ground truth for qualitatively evaluating fiber bundles derived from tractography. Dissection 
(Klingler’s method [95, 96]) and myelin staining have been successfully used to validate the 
accuracy of estimated fiber bundles [97, 98]. Given that dissection is laborious and time-
consuming, this method is generally limited to qualitative evaluation of a few selected fiber 
bundles, e.g. a recent study used dissection to validate the reconstruction of vertical occipital 
fasciculus and its projections to the visual cortex [99]. 
 

Impact of local orientation estimation and tractography algorithm 

Numerous diffusion fiber orientation estimation models and tractography models can be 
found in the literature (Table A1). The variation in tractography estimation is generally 
observed for different local orientation models. For example, due to the inability of the tensor 
model to resolve multi-fiber configurations, tractography-derived streamlines may be 
inaccurate for geometrically complex fiber bundles [82]. Similarly, the inter-variability in the 
reconstructed connectomes by different categories of the tractography algorithms is also 
expected for the same local orientation estimation model. A squirrel monkey connectome 
mapped using tensor-based deterministic and probabilistic tractography reported that 
probabilistic tractography did not provide a higher correlation with the ground truth in 
comparison to deterministic methods  [100]. A macaque connectome estimated by 
deterministic Generalized Q-ball Imaging tractography showed a correlation of 0.25–0.31 
with the tracer estimated connectivity matrix  [101].  On the other hand, a higher correlation 
of 0.59 was reported between connectomes reconstructed by probabilistic tractography, 
where the fiber orientations were estimated by an improved ball and stick method [102]. For 
a mouse brain, a correlation of 0.46 between the probabilistic tractography estimated and 
tracer-based connectivity matrix was reported [103]. Hence, variability in the reconstructed 
connectome is observed for different orientation estimation models and tractography 
algorithms where the choice of the algorithm depends on the application. Readers are referred 
to [66, 104] for further details on the validation of local orientation models and tractography 
algorithms. 

 

Impact of user-defined tractography parameters 

Tractography depends on various user-defined parameters, which include step-size, angle 
threshold, stopping criteria (FA/Fiber Orientation Distribution-FOD threshold), and seeding 
methodology. Variation in these parameters can generate different tractograms that can 
potentially estimate different connectomes. Aydogan and colleagues [105] evaluated 
compartment-based FOD probabilistic tractography estimated connectomes under varying 
tractography parameters against tracer maps. This study demonstrated that the overlap 
between tractography and tracer injection experiments changes dramatically with different 
choices of parameter combinations. Lower FOD threshold (< 2.25x10-2) and step-size (50µm) 
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increased the true positive rate (TPR) and false positive rate (FPR), whereas lower values of 
angle threshold and the number of streamlines had an adverse effect on connectome 
reconstruction. This phenomenon was also supported by Thomas and colleagues [54] i.e. 
optimal results can only be achieved by optimizing tractography parameters. Sinke and 
colleagues [106] also reported the variability in TPR and FPR under varying conditions 
(connection density, streamline, angle and FA/FOD threshold). So far, optimal values of 
these user-defined parameters do not exist. 

 

Sensitivity and specificity 

Tractography evaluation studies have reported the estimation of false fiber bundles, which 
were not a part of the underlying “ground-truth” phantom [57]. Hence, it is expected that 
tractography estimates false connections along with the true connections but for high 
accuracy, the number of the false connections should be minimal. Many validation studies 
have confirmed generation of FPs. Calabrese and colleagues [103] conducted the first study 
to map the mouse connectome using probabilistic tractography, which was compared against 
a neuronal tracer map. They reported a TPR of 61% and FPR of 26% for probabilistic 
tractography. In another study, Diffusion Spectrum Imaging (DSI)-based tractography was 
used to map the connectome of the fascicularis monkey, which was quantitively compared 
against ground truth from the CoCoMac (Collations of Connectivity data on the Macaque 
brain [107]) database [108]. CoCoMac comprises more than four hundred published tracing 
macaque studies. The study concluded that the accuracy of the connectome is a trade-off 
between TPR and FPR e.g. for a specificity of 90%, the sensitivity dropped to 40%.  A 
common consensus among these studies is the presence of FPs for estimated connectomes, 
even for the optimal connectome reconstructed using optimal tractography parameters  [54] 
(Figure 2). A tractography algorithm that demonstrates high sensitivity is much likely to have 
low specificity [109]. Post-mortem human connectome study by Seehaus and colleagues 
[110] is an exception that showed high sensitivity and specificity of ≈80%. As the validation 
setting varied for these studies, a direct comparison between them is not possible.  
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Figure 2: Assessing the anatomical accuracy of tractography algorithms (A) The red dots indicate the topography of axonal 
pathways following the injection of an anterograde tracer in the left precentral gyrus (PCG) (B) For each dMRI slice that 
was anatomically matched with the histology slice from the reference atlas, the GM (black lines) and WM (white lines) 

regions were manually segmented and parcellated into discrete ROIs. The red dots represent the location of axonal pathways 
as determined with the Q-ball tractography (C) The agreement between tracer and tractography results was computed for 
each slice. The colors indicate ROIs that were categorized as true positives (TP), true negatives (TN), false positives (FP), 
and false negatives (FN). (D) Histogram showing the TP, TN, FP, and FN for the specific slice where FPs are higher than 

TPs. AS, arcuate sulcus; Cd, caudate; Cl, claustrum; LF, lateral fissure; Put, putamen; SLF, superior longitudinal fasciculus; 
StB, striatal bundle; STS, superior temporal sulcus. (Reprinted from [54])  

Reconstruction of true connections  

Although FPs are inevitable, validation studies have confirmed that tractography can estimate 
a high percentage of TPs.  For the macaque visual system, Azadbakht and colleagues [111, 
112] reported an average connectome mapping accuracy of 74% and demonstrated a good 
correspondence between the tracer map and tractography-derived connectivity under a 
connection strength threshold of 10%. Zakszewski and colleagues [113, 114] demonstrated 
that the connectivity maps obtained from probabilistic tensor tractography were largely 
consistent with the macaque tracer maps. Gao and colleagues [100] also found approximately 
75–98% of streamlines reached the correct ROIs. These studies confirm that regardless of the 
limitation, challenges, and biases in the indirect WM estimation process, tractography can 
estimate true connections providing valuable information about the in vivo brain. 

 

Impact of microstructural properties  

In addition to the fiber/diffusion orientation models and tractography algorithms, the 
estimation of connections also depends on the microstructural properties of the tissues. This 
phenomenon is evident for complex fiber configurations which is a bottleneck for many 
tractography algorithms. Knösche and colleagues [40] reported that tractography was able to 
estimate the true fiber tracts, but FP connections were also generated due to the presence of 
complex WM configuration. It is well-known that Diffusion Tensor Imaging (DTI) is unable 
to adequately model complex WM microstructure because it assumes a Gaussian diffusion 
profile. In comparison, Diffusion Kurtosis Imaging, HARDI (High Angular Resolution 
Diffusion Imaging) and other multi-fiber models have successfully resolved some of the 
limitations of DTI [57, 115, 116].  While these models have addressed the resolution of 
multi-fiber complex configuration with good local performance,  the current tractography 
algorithm cannot achieve good global performance for connectome reconstruction [66]. The 
qualitative evaluation of macaque’s connectome demonstrated that the complex arrangement 
of superficial fibers impeded tractography by acting as barriers between the cortex and deep 
WM, irrespective of HARDI modeling and high-quality data [98]. The study reported that 
≈50% of cortical locations were affected by these superficial fibers, limiting the detectability 
of cortical connections. GM–WM partial volume effect (PVE) can further pose difficulties in 
identifying the terminating fiber bundles [51].  
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Gyral bias refers to the difficulty in tracing highly-curved axonal trajectories across WM-GM 
boundaries in gyral blades, which can affect the performance of tractography algorithms 
[117]. Schilling and colleagues [118] investigated the impact of gyral bias by comparing 
tractography against myelin histology performed on a Rhesus macaque brain. This effect was 
evident for single and multi-fiber implementations (tensor and CSD) of deterministic or 
probabilistic tractography, though the bias introduced in tensor-based tractography was larger 
than CSD-based tractography. Connectomic studies [98, 119] have also reported the 
estimation of inaccurate cortical connections in the presence of gyral bias. 

The distance between the regions also results in the estimation of FPs and false negatives 
(FNs), especially for regions separated at a longer distance [111, 112]. Sinke and colleagues 
[106] demonstrated that the number of FPs and FNs increased with the fiber length where 
probabilistic CSD outperformed global tractography for the reconstruction of long-range 
connections. An exponential relationship between connection weight and fiber length was 
found for macaque’s connectome [102]. Readers are referred to [120, 121] for further details 
on the challenges the underlying anatomical and microstructural properties pose on the 
connectome mapping process. 

 

Impact of parcellation resolution 

The coarseness of GM parcellation is a relatively arbitrary choice that influences the process 
of connectome mapping [122]. The reliability of the tensor-based deterministic tractography 
in constructing connectomes for three cortical parcellations of 69, 96 and 300 nodes was 
studied for a mouse brain [123]. For the optimal selection of tractography parameters for each 
parcellation, the accuracy of reconstructed connectomes with 69 and 96 regions was higher 
than the connectome with 300 regions. But the tractography performed equally well for 69 
and 96 regions. Thus, the study concluded that an appropriate scale of parcellation scheme 
was critical in constructing a reliable connectome along with the optimal tractography 
parameter selection. The dependency of connectome accuracy on the resolution of 
parcellation was also observed for tracer study in squirrel money, where the accuracy reduced 
for high-resolution GM subdivisions [100]. 

Most connectome validation studies focus on parcellated connectomes, where connectivity 
is estimated between brain regions delineated using a parcellation atlas.  Alternatively, 
high-resolution connectomes can be mapped at the resolution of individual voxels/vertices, 
thereby avoiding the need for a parcellation atlas [124]. The analysis of high-resolution 
connectomes (voxel/vertices-wise connectivity matrix) can provide advantages relative to 
parcellated connectomes, including improved spatial localization of effects [125]. But 
currently, generating and analyzing high-resolution connectomes is computationally 
expensive [126]. 
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Connectivity strength and network analysis of connectomes 

As previously mentioned, the connectome evaluation is primarily concerned with the 
absence/presence of connections and their connectivity strength. Graph theory has served as 
an important tool for evaluating the network properties of the reconstructed connectomes 
[127, 128]. Ideally, the network properties and strengths of the connections should be 
preserved in the reconstructed connectome. But as tractography is not perfect, some deviation 
in these characteristics is expected. Shen and colleagues [129] found an agreement between 
tracer and tractography for the strength of the connected fiber bundles for macaque brain. A 
similarity in topological properties like degree and modularity was also observed, but a 
mismatch was identified for hubs.  In another macaque study [130], the strengths of the 
extracted corticocortical interconnections were comparable to the tracer map but variability in 
terms of small-world properties, hub identification, and hemispheric asymmetry was reported 
under varying seeding methodologies [131]. The study proposed that usage of thresholded 
tract volume instead of streamlines count as the index for connectivity strength could reduce 
the distance-bias effect for probabilistic tractography. On the other hand, Donahue and 
colleagues demonstrated that the tractography became less correlated with tracer as strong 
connections were removed progressively [102]. Generally, the tracer maps and tractography 
estimated connections is challenging due to the mismatch in the two modalities, which is why 
the majority of the validation studies have analyzed binary connectomes. 

 

5. Numerical Phantoms 

In comparison to tracer studies, numerical phantoms offer a degree of controllability and 
definability of fiber tracts for generating a ground truth. Hence, they provide flexibility for 
simulating dMRI with complex geometries under a wide range of acquisition conditions (e.g. 
b-values, SNR and diffusion-weighted gradients). The majority of numerical phantom 
validation studies have evaluated tractography under varying conditions (acquisition and 
user-defined tractography control parameters [47-49, 59-61]). But it should be noted that the 
findings of the numerical connectome validation studies support the conclusions drawn from 
tracer maps. The prominent conclusions on which these studies agree include variation in 
connectome’s accuracy under varying tractography parameters and the inevitability of FPs.  

For evaluating the state-of-the-art tractography algorithms, Côté and colleagues [57] 
proposed an online evaluation and validation system, namely Tractometer. The study utilized 
the simulated “FiberCup” phantom to compare tractography algorithms under varying user-
defined control parameters which included seeding methodologies, angle thresholds and step-
sizes. Specifically, deterministic and probabilistic HARDI tractography algorithms were 
evaluated in terms of fiber bundle coverage and connectivity metrics. Five new metrics were 
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proposed for evaluating the reconstructed connectome, namely; valid connections (VCs), 
invalid connections (ICs), no connections (NCs), valid bundles (VBs) and invalid bundles 
(IBs). Variation in the results was observed for the beforementioned control parameters. The 
study concluded that more seeds per voxel resulted in a higher number of IC and the variation 
in results was also observed for both ROI-based and whole-brain seeding methodology. The 
study recommended that careful seeding is necessary to control valid/invalid connections, as 
the number of IBs was lower when single seed and ROI-based seeding was used. Moreover, 
aggressive stopping criteria for tractography algorithms led to a large number of NCs, 
emphasizing the need to incorporate anatomical information to improve the tractography. The 
study also reported that probabilistic algorithms produced a higher number of IC and NC, 
whereas deterministic algorithms exhibited the best VC/IC trade-off in the connectivity 
analysis at the expense of lower average bundle coverage (the ratio of voxels traversed by the 
streamlines to the total number of voxels in the bundle). Probabilistic algorithms were found 
to maximize this ratio.   

In contrast to the simplified “FiberCup” phantom comprising only 7 fibers, Maier-Hein and 
colleagues [132] simulated human brain dMRI of 25 major long-range bundles that covered 
71% of the WM. The ground truth tracts were obtained by performing whole-brain global 
tractography on a high-quality in vivo dMRI followed by manual extraction. An open 
international tractography challenge (ISMRM 2015 Tractography Challenge) was conducted 
in which 96 distinct submissions were evaluated against the generated phantom. The 
connectivity metrics proposed in Tractometer study [133] were used for quantitative 
evaluation.  The study reported that the majority of the state-of-the-art algorithms reproduced 
90% of the ground truth bundles along with a high number of IBs. The study demonstrated 
that high-quality data improved the spatial properties of the fiber bundles (bundle volumetric 
overlap and overreach) but this improvement was not reflected in the overall accuracy of the 
reconstructed connectome results i.e. a reduction in the FP bundles was not observed. This 
implies that high-quality data may improve the performance of tractography, but it is not the 
primary factor and novel developments are needed to address the inherent limitation of 
diffusion models and tractography. The study emphasized that the goal of the next-generation 
tractography algorithms is to reconstruct the spatial extent of existing fiber bundles while 
controlling the FP connections.  

To evaluate the connectome mapping accuracy of contemporary algorithms, Sarwar and 
colleagues [134]  simulated numerical phantoms with predefined connectivity matrices, 
where tubular fibers connected pairs of ROIs defined on the surface of the sphere. The 
endpoints of the streamlines residing within a pair of ROIs were used to map the connectivity 
matrices under varying streamline thresholds.   The study concluded that the tensor-based 
tractography was limited in mapping accurate connectomes due to the inability to resolve 
multi-fiber configurations (Figure 3). On the other hand, CSD-based probabilistic algorithm 
produced a large number of spurious connections. CSD-based deterministic tractography 
yielded the best performance in terms of the F-measure. The study demonstrated that it is 
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essential to omit connections with the fewest number of streamlines (thresholding) when 
using probabilistic algorithms for mapping connectomes. The study suggests that multi-fiber 
deterministic tractography is well suited for connectome mapping, regardless of the 
streamline threshold. 

 

 

 

Figure 3. Ground-truth streamline trajectories (A) Streamlines in the region encapsulated by the blue rectangular box are 
shown for (B) Tensor based deterministic tractography (C) Tensor based probabilistic tractography (D) CSD based 

deterministic tractography (E) CSD based probabilistic tractography (F) local Tensor (G) local FODs (Reprinted from [134]) 

 

6. Advanced Methods to Improve Connectome Validity 

Although tractography has inherent limitations and challenges, it remains the only non-
invasive method to map structural connectivity using in vivo data [66]. The quantitative 
evaluation of connectomes (sections 2-4) has reported that current tractography algorithms 
can achieve high sensitivity at the compromise of low specificity. Hence, reducing the 
number of FP connections is a major challenge in connectomics. Azadbakht and colleagues 
[111, 112] also proposed that tractography should be corrected to account for distance bias, 
given that uncorrected tracking leads to a high percentage of FPs, especially at a short 
distance. Similarly, based on the outcomes of the 3-D Validation of Tractography with 
Experimental MRI (3D-VoTEM) challenge at the International Symposium on Biomedical 
Imaging (ISBI) 2018 in which 176 distinct tractograms were submitted, Schilling and 
colleagues [135] suggested that tractography alone is incapable of achieving high accuracy 
and incorporating additional information (e.g. priors based on known neuroanatomy, 
microstructural information) will potentially improve performance.  

This article is protected by copyright. All rights reserved.



16 
 

 

Filtering methods 

A number of studies have proposed filtering methods to improve the accuracy and biological 
plausibility of tractography-derived measures of structural connectivity. For example, 
spherical-deconvolution informed filtering of tractograms (SIFT-[136]) recursively selects a 
subset of the reconstructed streamlines that closely corresponds with the underlying WM 
diffusion signal. Specifically, the proposed filtering is guided by  FODs of the diffusion 
signal computed by spherical deconvolution. The FOD lobes are used to estimate the density 
of the fiber population, which is matched against the cross-sectional area of the streamlines to 
remove any streamline that does not align with the underlying diffusion model, thereby 
increasing the biological relevance of filtered streamlines [137]. A computationally efficient 
variant of SIFT, referred to as SIFT2 [138], was proposed that does not involve recursively 
removing streamlines from the reconstructed tractogram. Instead, SIFT2 assigns an 
appropriate “weight” to the streamlines which is the representation of an effective cross-
sectional area for each streamline. Thus, SIFT2 retains the entire reconstructed tractogram in 
contrast to SIFT.  

Pestilli and colleagues [139] also optimized the tractography-generated connectome by 
estimating a weight for each streamline, where streamlines with positive weight are retained. 
The diffusion signal is predicted for each streamline estimated by tractography. The proposed 
linear fascicle evaluation (LiFE) method utilizes the difference between the predicted and 
measured diffusion to quantify the prediction error. LiFE solves a set of simultaneous linear 
equations to assess the connectome in predicting the diffusion data, yielding a weight for 
each streamline demonstrating its contribution in predicting the diffusion signal. Daducci and 
colleagues [140] proposed a similar methodology, namely, Convex Optimization Modeling 
for Microstructure Informed Tractography (COMMIT). COMMIT uses a global convex 
optimization algorithm to fit the measured diffusion signal, where the diffusion signal 
generated by the streamlines is predicted as a combination of multiple compartments (intra-, 
extra- axonal and isotropic).  

Recently, Schiavi and colleagues [141] proposed an improved version of COMMIT, referred 
to as COMMIT2. This method not only considers the microstructural properties of the tissues 
but also the prior knowledge of brain anatomy, where anatomical priors are extracted by 
partitioning the streamlines into bundles followed by bundle regularization. The study 
reported that in comparison to the aforementioned methodologies, COMMIT2 is a robust 
approach for improving the specificity of the connectome. Figure 4 demonstrates that these 
advanced filtering methods can effectively remove FPs from the reconstructed connectome, 
thereby improving the accuracy. It should be noted that COMMIT2 filtering involves a 
decision at the level of fiber bundles, while other methods filter the individual streamlines. 
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Figure 4: Sensitivity and specificity of the tractography generated connectomes before and after applying filtering methods: 
LiFE, SIFT, SIFT2 COMMIT and COMMIT2. Valid bundles (VBs) and invalid bundles (IBs) are reported in green, and red 

respectively. Reproduced from [141] 

 

The aforementioned methods primarily considered processing the streamlines estimated by 
tractography without considering the geometrical properties of the extracted bundles. Zhang 
and colleagues [142] proposed a population-based structural connectome mapping framework 
that addressed the geometrical properties (shape, size and location) of the fiber bundles for 
removing inconsistent streamlines to improve the accuracy of the estimated connectome. The 
framework consists of dilating the cortical regions to generate a tractogram followed by a 
streamline cutting method. This procedure ensures that the extracted parts of streamlines 
connect a pair of regions, as streamlines can pass through multiple regions especially for the 
subcortical regions. Later, streamlines that did not follow the trajectory of the fiber bundles, 
referred to as outliers, were removed. Hence, this framework facilitates the estimation of a 
connectome with geometrically consistent streamlines, as outlier removal potentially leads to 
a reduction of FP bundles/connections. 

 

Machine learning methods 

Advanced machine learning-based tractography algorithms have also demonstrated superior 
performance in comparison to the conventional tractography algorithms for mapping 
connectomes. Neher and colleagues proposed the first machine learning algorithm for 
deterministic tractography [143], where the study utilized a random forest to learn a mapping 
between raw diffusion measurements and fiber direction to generate streamlines. A voting 
process among the fiber directions in a local neighborhood of the current streamline position 
provided a single direction in which the streamline proceeded. The method was successful in 
generating more VCs than conventional tractography algorithms.  
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A feed-forward recurrent network [144] and a multilayer perceptron [145] also mapped the 
raw diffusion measurements to local streamline orientations which not only used the local 
measurements but also considered the previous measurements along the extent of a particular 
streamline. A similar recurrent network was proposed by Benou and Raviv [146], where the 
model predicted a probabilistic estimation of the local fiber orientation distribution, instead of 
a deterministic fiber direction. These methods outperformed most tractography algorithms 
submitted to ISMRM 2015 Tractography Challenge for the Tractometer evaluation metrics. 

A block-decomposition and stitching algorithm is another connectome mapping algorithm 
based on deep learning, but the framework could also be used as a simple augmentation to 
enhance the accuracy of connectome mapped using conventional tractography [147]. The 
framework involved decomposing the dMRI into overlapping blocks. Later, the local 
connectivity matrices were estimated for each block either using deep learning or 
tractography. This local connectivity served as buildings blocks used to stitch together the 
overlapping blocks, thereby yielding a whole-brain connectivity matrix. The study reported 
that block decomposition can improve the accuracy of connectivity matrix reconstruction by 
up to 30%, relative to the best performing streamline tractography algorithm [148]. This 
improvement was due to the robustness to noise and PVE that was achieved due to the 
redundancy introduced by allowing blocks to overlap. 

 

7. Discussion: 

dMRI-based tractography was originally developed to virtually dissect WM tracts [149]. The 
estimated fiber tracts were later used to map connectomes which are primarily concerned 
with the absence or presence of a fiber bundle between a pair of brain regions and their 
strength. The geometrical properties (curvature, trajectory, or spatial extent) of the 
reconstructed fiber bundles are typically not utilized when mapping connectomes. Therefore, 
evaluating tractography performance based on geometrically consistent fiber bundles does 
not guarantee an accurate connectome reconstruction. For a comprehensive discussion on the 
limitations of tractography, refer to [66]. 

 

Limitations of validation phantoms/maps  

In the absence of the “ground truth” of the human brain, three types of validation methods 
have been utilized in the literature for evaluating fiber orientation estimation, tractography, 
and connectomes. But these methods have drawbacks and limitations. For tracer maps, a 
limited number of regions can be analyzed, where the integrity of the study is dependent on 
the type of tracer [150]. The tracer maps offer a mismatch in the spatial resolution with 
dMRI, which complicates the comparison between the two modalities. Furthermore, the 
tracer maps are generated from heterogeneous sources (different species of monkeys or 
mice), therefore building a normative ground truth is difficult and challenging. The invasive 
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nature of tracer methods makes it impossible to study the in vivo characteristics of a human 
brain. Thus, the conclusion drawn from tracer studies in animals does not guarantee the 
success of tractography for the human brain due to substantial differences in their anatomies 
e.g. macaque neocortex is ≈10 fold smaller than a human [119]. 

Physical phantoms overcome the invasive nature of tracer maps but the characteristics of the 
synthetic fibers used for constructing these phantoms have shown dissimilarity with real 
tissues [82, 151]. Furthermore, only a limited number of fibers can be modeled for physical 
phantoms, whose geometrical complexity is much less than a human brain. On the other 
hand, numerical phantoms provide better control of generating fiber tracts in comparison to 
physical phantoms, as complex interdigitating fibers under varying acquisition conditions 
(SNR, diffusion-weighted gradients and b-value) can be simulated in the absence of real data 
acquisition. Physical and numerical phantoms offer a degree of controllability and 
definability of fiber tracts, but these phantoms lack the realism of physical tissues, true signal 
noise and artifacts [151]. Thus, the accuracy and precision of the connectome estimated by 
tractography reported for these methods may not be consistent with the in vivo environment 
[83].  Due to better controllability, availability of computational resources and no 
requirement for real acquisitions, numerical phantoms are used extensively for evaluating 
tractography. Regardless of the limitation and challenges of these validation methods, 
phantoms provide an important tool to evaluate local diffusion models, tractography and 
connectomes.  

 

Tractography parameters control the accuracy of connectome 

The validation studies have reported that the accuracy of the estimated connectomes depends 
on many factors which include (i) selection of fiber/diffusion estimation model, (ii) 
tractography algorithms, (iii) tractography control parameters like angle threshold, seeding 
methodology and stopping criteria,  (iv) parcellation scheme and (v) evaluation criteria (e.g. 
binary or weighted connectivity matrix, evaluation metric like TPR, FPR, correlation 
coefficient or network analysis).  

Due to the methodological differences in the orientation estimation model and tractography 
algorithms to address the complex microstructural properties of the brain, it is not surprising 
that the accuracy of connectome reconstruction varies. Moreover, tractography algorithms 
depend on user-defined control parameters whose optimal values are generally unknown. 
Hence, it is expected that the connectomes estimated under varying values of these 
parameters are not consistent [57, 105, 129, 135, 152]. But the validation studies have 
demonstrated that the appropriate combination of these control parameters can recover a 
connectome with high sensitivity, but high specificity of the connectome is not always 
guaranteed. The Tractometer study demonstrated that for the “FiberCup” phantom 
comprising only 7 fiber bundles, tractography algorithms yielded more ICs/IBs than VCs/VB 
(ratio VC/VC+IC < 50% and IBs>7) under different combinations of control parameters [57]. 
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The variation in tractography parameters was also systematically evaluated against the tracer 
extracted mice connectome, where relaxing the stopping criteria (low FOD threshold) and 
angle threshold increased both TPR and FPR [105]. The reconstructed connectomes also 
varied for different seeding methodologies [57, 131], where seeding throughout the WM 
volume can result in over-sampling of long fiber bundles. This oversampling can potentially 
lead to overestimation of connectivity strengths for long connections.  On the other hand, 
initiating streamline tracking from the WM/GM interface can underestimate the connectivity 
of long connections, due to the inherent difficulties in propagating streamlines over long 
distances [153]. Thus, the selection of the optimal tractography parameters depends on the 
trade-off between sensitivity and specificity. It should also be noted that control parameters 
are dependant on the tractography algorithm (deterministic, probabilistic, and global).  

 

Accuracy of connectome varies with brain parcellation scheme 

The choice of parcellation scheme is also critical in constructing a reliable connectome. It is 
well-known that the performance of the reconstructed connectomes varies with the resolution 
of the cortical parcellation [154]. Generally, connectomes are reproducible when mapped 
using parcellation with fewer nodes, but more details could be preserved for parcellation with 
finer subdivisions [122]. The agreement between the tracer map and tractography 
reconstructed connectome is higher for parcellation with low-resolution than high-resolution 
[100]. The selection of a parcellation scheme is usually not obvious and depends on a given 
application. Systematic evaluation of the impact of the coarseness of parcellation on mapping 
connectome may help in understanding the inconstancies in their accuracy. 

 

Local orientation models and tractography are inherently limited 

In addition to the beforementioned factors, the current local orientation models and 
tractography are unable to provide an accurate structural map of the human brain [109]. The 
estimation of connectome depends on the microstructural properties of the tissues, where the 
complex fiber configurations remain a bottleneck for state-of-the art tractography algorithms. 
It is expected that tractography can provide better results for high-quality dMRI datasets. 
Surprisingly, Thomas and colleagues [54]) did not observe an improvement in the 
performance of the reconstructed connectome for the exceptional high-quality dMRI (high 
SNR and spatial resolution of 250 µm). The ISMRM 2015 Tractography Challenge also 
supported this finding where high-resolution data did not reduce the number of FPs [133], 
although improvement in the spatial properties of the fiber bundles was observed. Schilling 
and colleagues [155] demonstrated that the prevalence of crossing fibers increased with an 
increase in spatial resolution. Similarly, reconstruction of different brain networks of the 
same subjects was observed for dMRI acquired at different magnetic fields (7T-higher SNR 
and 3T-lower SNR) [156] and different scanning parameters [157]. Hence, high-quality 
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imaging can improve the performance of tractography, but development of novel algorithms 
is also needed to address the inherent limitations of current fiber orientations models and 
tractography algorithms. 

 

False connections are inevitable 

Apart from the variation in the connectome accuracy for different orientation estimation 
models, tractography algorithms and its control parameter, another common consensus 
among connectome evaluation studies is the estimation of false connections. The generation 
of FP is inevitable, regardless of the tractography algorithms and the selection of optimal 
control parameters. In the ISMRM 2015 Tractography Challenge, the submitted tractograms 
contained an average of 88 ± 58 IBs where the ground-truth phantoms comprised only 25 
bundles [132].  The sensitivity and specificity also varied for different tractography 
algorithms. Deterministic tractography algorithms have shown lower sensitivity and higher 
specificity in comparison to probabilistic algorithms. Probabilistic tractography is better at 
estimating true connections with geometrical accuracy (high value of average bundle 
coverage) but at the expense of a high number of false connections [57]. The connectome 
mapping performance of probabilistic algorithms could be improved by selecting optimal 
tractography parameters and discarding connections with fewer streamlines (streamline 
threshold) [148].  

 

Advanced methods are effective 

The reduction in false connections remains an open challenge. The inclusion of 
microstructural properties to filter the false streamlines can potentially reduce the false 
connections, as demonstrated by many filtering algorithms [136, 138-140]. The common goal 
of filtering techniques is to reduce the signal prediction error to reduce the bias in the 
generated tractograms. A significant improvement in the reduction of the false connections 
was demonstrated by a recent study COMMIT2 [141] that not only utilized the 
microstructural properties of WM but also included anatomical priors computed using 
tractogram segmentation. Bundle segmentation involves integration of anatomical knowledge 
and constraints on the inclusion/exclusion of the ROIs during and post-tracking of the 
streamlines. Schilling and colleagues [158] demonstrated that bundle segmentation can 
improve the accuracy of reconstructed connectomes in comparison to the unconstrained 
application of tractography algorithms. For example, integration of anatomical priors in the 
form of segmented bundles led to improvement of COMMIT2.   

Moreover, advanced machine learning-based tractography algorithms have also demonstrated 
potential in estimating accurate connectomes [143, 144]. Integrating functional information 
into the connectome mapping process using imaging modalities such as functional MRI can 
also aid in improving the accuracy of the reconstructed connectome [159]. 
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Common findings of validation studies 

i. Conclusions:  
• The accuracy of the connectomes is similar for phantoms with low FA values 

(≈0.1), regardless of the fiber orientation models and tractography algorithms  
• The performance of tractography is dependent on the choice of algorithm 

(deterministic, probabilistic or global) and associated user-defined control 
parameters  

• The choice of the parcellation scheme affects the accuracy of a connectome 
• Probabilistic tractography does not provide a higher correlation with the ground-

truth in comparison to deterministic methods.  
• False connections are inevitable for mapping connectomes 
• High sensitivity and high specificity for a tractography estimated connectome is 

not yet achievable  

ii. Recommendations:  

• Multi-fiber estimation model is preferred over the tensor model 
• Post-processing of the reconstructed tractogram is recommended to remove false 

connections 
• Introducing anatomical priors and constraints on tractography can improve the 

accuracy of connectomes 
• Probabilistic tractography is recommended for the cases where accuracy of the 

geometrical properties of the estimated connections is required 

 

Connectome evaluation criteria needs standardization 

Most studies have analyzed binary connectomes, ignoring the strength of connections [56, 57, 
141, 148]. Fewer studies have used the number of streamlines and the volume of the fiber 
bundles to quantify the connection strength, but it remains an open challenge to evaluate the 
connectivity strength of the estimated fiber bundles. Moreover, there does not exist any 
phantom that primarily addressed the connectivity strength of the underlying connections. 
Even for binary connectomes, there does not exist a standard evaluation method for 
comparing connectomes. Different performance metrics were used to evaluate the 
performance of connectomes, which limits the comparison between different studies. Recent 
studies have used Tractometer evaluation metrics to report the accuracy of the estimated 
connectomes, where variation in the accuracy of connectomes was reported for different 
tractography algorithms [56, 57]. On the other hand, the connectome mapping capability of 
deterministic tensor, probabilistic CSD and global tractography for rat brains were found to 
be similar when Jaccard index was used as an evaluation metric [106]. Hence, the evaluation 
criteria play an important role in validating the connectome. Standardizing the evaluation 
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process is also an ultimate need to facilitate the fair comparison of various tractography 
algorithms and results from different studies. 

The current validation studies involved comparative analysis where one algorithm 
outperformed the other. But so far no evaluation criteria could be found in the literature that 
could be used as a standard optimal performance for tractography algorithms.  For example, 
Zalesky and colleagues have recommended the 2:1 rule of thumb for connectomes [160] i.e. 
the FNs should be twice the number of FPs. Such rules can help in screening current and 
developing new tractography algorithms with optimal performance.   

 

Potential research directions  

The focus of the current phantoms is on modeling the microstructural properties of a healthy 
brain. Although it is expected that the reliable performance of a tractography algorithm for a 
healthy brain could be trusted for studying neurological disorders. But so far, no phantom has 
been developed that modeled brain regions with pathologies. This is important not only to 
validate tractography for identifying the regions affected by pathology that might lead to FPs 
but also for evaluating streamline filtering algorithms. The filtering algorithms rely on the 
local microstructural properties which vary for local normal and pathology affected regions. 
This behavior could adversely affect the filtering process spuriously discarding the 
streamlines for regions with pathology.  

Although tractography can reconstruct valid fiber bundles, we need to revisit local orientation 
estimation and tractography to improve the accuracy of the connectome reconstruction. The 
local orientation estimation models need enhancement to resolve more acute angles for 
conditions where multiple fasciculi converge toward a small region and diverge afterward 
[120]. Moreover, tractography is fundamentally ill-posed, where even computationally 
expensive global tractography utilizes local voxel-wise information and hence it inherently 
generates FPs [132]. It should also be noted that the spatial disparity between axonal 
structures (submillimeter) and typical voxel size (1-2mm) also imposes limits on fiber bundle 
estimation, where even ultra-high field MRI cannot adequately quantify the number of axonal 
elements per voxel area [161].  Hence, novel methodological and hardware advancements are 
needed to improve the performance of tractography algorithms.   

 

Summary: 

In this paper, we reviewed the studies that have evaluated the connectomes estimated by 
tractography algorithms. Connectome mapping involves identifying the fiber bundles 
connecting pairs of regions, thus the accurate geometrical reconstruction of the fiber bundles 
does not guarantee a generation of an accurate connectome. This highlights the importance of 
the connectome evaluation process. In the absence of the “ground-truth” of the human brain, 
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three types of validation methods (tracer maps, physical and numerical) have been utilized for 
evaluating fiber orientation estimation, tractography and connectomes.   

There is a consensus between these studies that the current tractography algorithms can 
reconstruct a substantial number of true connections encapsulated in the phantoms. But the 
performance of the algorithms is dependent on the selection of tractography parameters and 
the algorithm itself. The accuracy of the connectomes varies for the tractography algorithm, 
where probabilistic tractography algorithms are prone to more false connections, compared to 
deterministic variants. The performance of the generated connectome can be improved by 
utilizing the microstructural and anatomical priors to filter the streamlines that are 
biologically infeasible. Such filtering algorithms and advanced machine learning methods 
have demonstrated great potential in improving the accuracy of connectomes. Thus, the new 
tractography or connectome reconstruction methods should focus on controlling the 
generation of false connections during the fiber bundle estimation process.  

  

Appendix: 
Table A1: Local orientation estimation models and tractography algorithms 

 Model/Algorithm Explanation 

L
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al
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n 
E
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Tensor [7] 

A 3x3 symmetric and positive definite covariance matrix, which 
describes the covariances of diffusion displacements along the 
three perpendicular directions, yielding a principal diffusion 
direction in each voxel 

Multi-tensor [162] Extension of tensor model to account for multiple fiber 
populations 

Diffusion Spectrum Imaging- 
DSI [18] 

Estimates the spin displacement probability density function 
(PDF) using an inverse Fourier transform of the modulus of the 
measured signal, where the q-space is sampled on 3D Cartesian 
grid 

Q-ball Imaging – QBI or Q-ball 
[14-16, 163] 

Unlike DSI, the q-space is sampled on a sphere to approximate 
the diffusion orientation distribution function (dODF)  The 
model has been optimized using the spherical harmonic basis 

Constrained Spherical 
Deconvolution - CSD [8, 9] 

Assumes that the diffusion-weighted signal can be expressed as 
the convolution over a unit sphere of the response function (the 
signal attenuation for a single fiber population) with the fiber 
ODF (FOD). Hence, the FOD within the voxel can therefore be 
computed using spherical deconvolution 

Persistent Angular Structure - 
PAS [164] 

A special case of spherical deconvolution, which models the 
intravoxel diffusion using a discrete number of fiber 
compartments [165, 166] 

Generalized Q-sampling 
Imaging - GQI [167] 

Estimates spin distribution function (SDF) which represents a 
quantitative distribution of the spins undergoing diffusion. It 
uses Fourier transforms to produce SDF from QBI or DSI [168] 
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Compartment-based fiber-
orientation distribution function 
(FOD) model [169] 

Integrates the spherical deconvolution framework for FOD 
estimation with compartment models of water diffusion based 
on the underlying microstructure of brain tissues 

Ball and stick model [26] 
Models axons as impermeable cylinders of a single radius and 
isotropic diffusion outside the axon in the extracellular 
compartments [170] 

T
ra

ct
og

ra
ph

y 

Deterministic [20, 23, 171-174] Generates streamlines or fiber trajectories stepwise following 
the principal diffusion direction 

Probabilistic [26, 175-177] 

Generates streamlines in a stepwise manner but the propagation 
direction does not necessarily follow the principal fiber 
direction. Instead, the ODF is sampled probabilistically to 
determine the direction of streamline propagation.  

Global [33, 35, 38, 178, 179] 

Assumes that fiber trajectories are represented by paths of 
highest diffusion. A large ensemble of streamlines is generated, 
where each streamline is then used to synthesize the diffusion 
signal. The synthesized signal is compared with the measured 
dMRI signal and the difference is progressively minimized via 
optimization. 
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