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ARTICLE INFO ABSTRACT
Keywords: Diffusion-weighted magnetic resonance imaging (DW-MRI) tractography is a non-invasive tool to probe neural
Tractography connections and the structure of the white matter. It has been applied successfully in studies of neurological
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false-positive connections, often from “bottleneck” white matter configurations. The rich literature in histologi-
cal connectivity analysis studies in the macaque monkey enables quantitative evaluation of the performance of
tractography algorithms. In this study, we use the intricate connections of frontal, cingulate, and parietal areas,
well established by the anatomical literature, to derive a symmetrical histological connectivity matrix composed
of 59 cortical areas. We evaluate the performance of fifteen diffusion tractography algorithms, including global,
deterministic, and probabilistic state-of-the-art methods for the connectivity predictions of 1711 distinct pairs
of areas, among which 680 are reported connected by the literature. The diffusion connectivity analysis was
performed on a different ex-vivo macaque brain, acquired using multi-shell DW-MRI protocol, at high spatial
and angular resolutions. Across all tested algorithms, the true-positive and true-negative connections were domi-
nant over false-positive and false-negative connections, respectively. Moreover, three-quarters of streamlines had
endpoints location in agreement with histological data, on average. Furthermore, probabilistic streamline trac-
tography algorithms show the best performances in predicting which areas are connected. Altogether, we propose
a method for quantitative evaluation of tractography algorithms, which aims at improving the sensitivity and the
specificity of diffusion-based connectivity analysis. Overall, those results confirm the usefulness of tractography
in predicting connectivity, although errors are produced. Many of the errors result from bottleneck white matter
configurations near the cortical grey matter and should be the target of future implementation of methods.

1. Introduction

Diffusion-weighted magnetic resonance imaging (DW-MRI) tractog-
raphy is a non-invasive tool to probe neural connections and the orga-

nization of the central nervous system tissues (Basser et al., 2000; Jones
et al., 1999; Mori and van Zijl, 2002). Tractography uses the anisotropy
in the orientation sensitive measurements of DW-MRI to estimate the
coarse trajectory of a group of axons, termed streamline. A collection
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of streamlines delineates a pathway coursing in the brain’s white mat-
ter. Streamlines are generally obtained by iteratively following the esti-
mated axonal orientations until a stopping criterion is reached, such as
terminating in the grey matter or exceeding a curvature constraint. See
Jeurissen et al. (2017) for a detailed review of diffusion tractography
methods.

Tractography has been applied in studies of neurological disorders
(e.g. Catani, 2006; Ciccarelli et al., 2008; Lin et al., 2005; Lo et al.,
2010; Pannek et al., 2011; Shu et al., 2011), such as in stroke, to
quantify the disconnections of fronto-parietal and fronto-occipital path-
ways (Urbanski et al., 2011) and the changes in the spatial distribu-
tion of the motor connections (Newton et al., 2006). It was also used
in the identification of the spatial extent of tumors for neurosurgical
intervention planning (e.g. Fortin et al., 2012; Golby et al., 2011; Ro-
mano et al.,, 2009; Yu et al., 2005), in the identification of pathways
involved and in language (e.g. Finkl et al., 2019; Glasser and Rilling,
2008; Sarubbo et al., 2019), in the study of the topological organiza-
tion of white matter pathways (e.g. Chenot et al., 2019; Hau et al.,
2017; Sarubbo et al., 2019) and in white matter network organization
(e.g. Bassett et al., 2011; Bullmore and Sporns, 2009; Hagmann et al.,
2008; Johansen-Berg et al., 2004; Mars et al., 2011; 2018; Thiebaut
de Schotten et al., 2012). Despite the successful applications, recent
studies have shown that tractography recovers existing white matter
connections but produces a high incidence of false-positive connections
when compared to ground truth connections (Coté et al., 2013; Jbabdi
etal., 2015; Maier-Hein et al., 2017; Thomas et al., 2014). One source of
false-positive connections is white matter “bottleneck” configurations,
first discussed in Mangin et al. (1996). They refer to white matter sites
where multiple pathways converge, and their trajectory is constrained
by surrounding grey matter. Bottlenecks configurations were shown
to be a source of spurious streamlines for tractography algorithms in
Guevara et al. (2011). Recently, Maier-Hein et al. (2017) showed their
effect in estimating the connectivity of a complex simulation dataset
with known ground truth. They showed that even using ground truth
white matter orientations and high spatial resolution, the bottleneck
configurations lead tractography algorithms to incorrectly connect pairs
of areas. Girard et al. (2017) showed that the ambiguities between the
white matter fascicles crossings at the voxel level or bending within the
voxel (kissing configurations) cannot be resolved using orientation alone
at the millimeter scale. Despite of the false-positives, the reproducibil-
ity of tractography has been shown to be high (Dyrby et al., 2007). This
raises the question of sensitivity/specificity trade-off in the estimation
of white matter network reconstructed using tractography. In addition
to local bottleneck configurations, pathway characteristics affect their
successful reconstruction using tractography, leading to false-negative
connections and/or creating non-existing, false-positives, connections.
We have grouped sources of bias in the tractography reconstruction in
four categories: the shape, the location, the gyral, and the seeding bi-
ases.

First, tractography algorithms tend to more successfully reconstruct
shorter, larger and straighter pathways, as opposed to long, narrow or
bending ones (Coté et al., 2013; Daducci et al., 2016; Descoteaux et al.,
2009; Girard et al., 2014; Jbabdi and Johansen-Berg, 2011; Jeurissen
etal., 2017; Jones, 2010; Jones and Cercignani, 2010; Jones et al., 2013;
Rheault et al., 2020; Thomas et al., 2014; Tournier et al., 2011; Yeh
et al., 2016). Thus, this results in tractography under-representing some
pathways with particular curvature, size, and length. This is due to the
accumulation of local errors in the propagation directions of stream-
lines, selected by the algorithms. The sources of these errors are, among
others, the presence of noise and artifacts in the DW-MRI data (Coupé
et al., 2006; Manjon et al., 2010; Sotiropoulos et al., 2013; Veraart et al.,
2016), the limited spatial and angular resolutions of the diffusion mea-
surements (Heidemann et al., 2012; Schilling et al., 2017; Smith et al.,
2015b; Sotiropoulos et al., 2013; Ugurbil et al., 2013), and the assump-
tions made in the modeling or estimation of fiber orientations (Jeurissen
et al., 2014; Schilling et al., 2019a).
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Second, white matter pathways bordering grey matter or cere-
brospinal fluid voxels tend to be underrepresented by tractography, due
to partial volume effects (voxels with two or more tissue compartments),
which increase both the angular error and the detection of spurious ori-
entations in the estimation of the local fiber orientation distributions
(Alexander et al., 2001; Roine et al., 2014). These errors cause tractogra-
phy to deviate, giving rise to spurious streamlines, or to incorrectly stop
before reaching the targeted grey matter, creating incomplete segments
of pathways (Coté et al., 2013). Additionally, tractography is more likely
to incorrectly terminate in areas bordering the white matter volume, due
to errors in the stopping constraints (Girard et al., 2014; Smith et al.,
2012), such as a tractography mask blocking the streamline propagation
due to its low spatial resolution (i.e. the staircase effect).

Third, most tractography algorithms suffer from the so-called, gyral
bias (Donahue et al., 2016; Reveley et al., 2015; Rheault et al., 2020;
Schilling et al., 2018a; St-Onge et al., 2018; Teillac et al., 2017; Van
Essen et al., 2014), which designates an overrepresentation of pathways
connecting the gyral crown while missing most of the fanning organi-
zation of the gyral walls. This is partly due to the low spatial resolution
of DW-MRI images, where only a few voxels separate the sulcal walls.
Additionally, the gyral bias is emphasized by inadequate curvature con-
straints imposed to help propagating streamlines in the white matter.
This constraint is generally fixed for the whole reconstruction and is
typically too restrictive to fully capture the local fanning organization
of fibers entering the gyrus and connecting the walls of the sulci (Reveley
et al., 2015; Van Essen et al., 2014).

Fourth, tractography is affected by the seeding (i.e. initialization)
technique used (Girard et al., 2014; Li et al., 2012; Rheault et al., 2020;
Smith et al., 2012; St-Onge et al., 2018). Seeding from all white mat-
ter voxels will artificially over-represent long pathways by placing more
seeds (i.e. initial streamline positions) within the voxels they cover, com-
pared to short pathways (Donahue et al., 2016; Li et al., 2012; Liptrot
et al., 2014). Seeding from the white matter and grey matter interface
reduces this bias but makes the tractography more susceptible to spuri-
ous initial orientations, due to partial volume effects (Roine et al., 2014)
and has difficulties in reconstructing narrow pathways, with few voxels
at the white matter and grey matter interface, such as in the fornix and
the posterior commissure. Nevertheless, Ambrosen et al. (2020) have
obtained similar results at the structural connectome level using both
white matter and interface seeding strategies.

Those biases will affect the overall streamline distribution, and thus
the structural connectivity matrix to a various extent for each algorithm
and pathway. In some cases, those biases have opposite effects that can
cancel out, such as the long pathways under-represented due to the accu-
mulation of error, but over-represented by white matter seeding. Never-
theless, algorithms should target the reduction of bias in the distribution
of streamlines across white matter pathways.

Recently, algorithms using anatomical priors have been introduced
to better constrain the propagation of streamlines in the white mat-
ter and produce more plausible pathways. Smith et al. (2012) and
Girard et al. (2014) proposed respectively the ACT (Anatomically-
constrained tractography) and the PFT (Particle Filtering Tractogra-
phy) methods using tissue information derived from an anatomical T1-
weighted image to constrained the propagation of streamlines in the
white matter. Savadjiev et al. (2014) and St-Onge et al. (2018) pro-
posed geometrical approaches based on the brain morphology to guide
the tractography near the cortex. Aydogan and Shi (2016, 2018) use a
geometric prior to guide the streamline propagation in the white matter
and improve the regularity of streamlines. Other tractography methods
use prior knowledge on fascicles position and shape (Chamberland et al.,
2017; Rheault et al., 2019).

Other methods were proposed to reconstruct the whole white mat-
ter at once, with so-called global tractography algorithms (Christiaens
et al., 2015; Fillard et al., 2009; Jbabdi et al., 2007; Kreher et al., 2008;
Mangin et al., 2002; Reisert et al., 2014; 2011; Teillac et al., 2017).
These methods show improvement in the reconstruction of white mat-
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ter pathways compared to streamline propagation methods in regions
of crossing configurations (Christiaens et al., 2015; Fillard et al., 2009;
Reisert et al., 2014), and at the white matter and grey matter interface
(Teillac et al., 2017). Although the results are promising, the optimiza-
tion procedure remains challenging and requires the selection of several
parameters.

Post-processing approaches, such as MicroTrack (Sherbondy et al.,
2010), COMMIT (Daducci et al., 2013; 2014), SIFT (Smith et al., 2013;
2015a) and LiFE (Pestilli et al., 2014), use modeling of the DW-MRI sig-
nal and streamlines to remove or to penalize streamlines with a poor
agreement with the diffusion measurements. This has been shown to
improve the reproducibility of connectivity matrices and reduce stream-
line density bias (Daducci et al., 2014; Smith et al., 2015b). Other post-
processing methods use geometrical approached to identify and remove
streamlines with unrealistic trajectories (Aydogan and Shi, 2015; Gary-
fallidis et al., 2012; 2018; Jordan et al., 2018; Wang et al., 2018). These
approaches use the topographic regularity of white matter pathways to
identify spurious trajectories from a set of streamlines.

The rich and extensive literature in histological tracing studies in ani-
mal models (see Averbeck and Seo, 2008; Calabrese et al., 2015a; 2015b;
Caminiti et al., 2017; Dyrby et al., 2007; Knosche et al., 2015; Markov
et al., 2014, and references therein) offer a tool to evaluate the per-
formance of tractography (Ambrosen et al., 2020; Aydogan et al., 2018;
Azadbakht et al., 2015; Croxson et al., 2005; Dauguet et al., 2007; Delet-
tre et al., 2019; Donahue et al., 2016; Hagmann et al., 2008; van den
Heuvel et al., 2015; Jbabdi et al., 2013; Leergaard et al., 2010; Liu et al.,
2020; Markov et al., 2014; Sarubbo et al., 2019; Schilling et al., 2017;
2019a; 2018b; 2019b; Thomas et al., 2014; Van Essen et al., 2014). In-
deed, neural pathways delineated with axonally transported tracers pro-
vide the strongest ground-truth to evaluate the performance of tractog-
raphy (Dyrby et al., 2018). Nevertheless, structural connectivity derived
from tracing studies might fail to demonstrate pathways documented by
tractography, in specific cases, calling for other types of validation or
new anatomical experiments (Dyrby et al., 2018; Knosche et al., 2015).

In this study, we use the ipsilateral cortical connections among
frontal, cingulate, and parietal areas of the macaque monkey brain,
well established by the anatomical tracing literature. We use the his-
tological connectivity to compare various tractography algorithms in
their ability to correctly identify connected and unconnected cortical
areas among 1711 distinct pairs of areas. The tractography analysis is
performed on high spatial and angular resolutions multi-shell ex-vivo
DW-MRI measurements. We compare fifteen tractography algorithms,
including global, deterministic and probabilistic state-of-the-art meth-
ods, with and without anatomical constraints and post-processing filter-
ing. We especially investigated the effect of the streamline propagation
method on the connectivity estimation, analyzing the patterns of incor-
rectly connected areas (i.e. false-positive connections) and incorrectly
unconnected areas (i.e. false-negative connections) each method pro-
duces. Moreover, we report the effect of bottleneck and crossing white
matter configurations on the structural connectivity estimation. Overall,
we propose a quantitative method for the evaluation of tractography al-
gorithms, with the aim of improving the sensitivity and the specificity
of diffusion-based connectivity analysis.

2. Materials and methods
2.1. Diffusion data processing

One ex-vivo monkey brain, available from Ambrosen et al. (2020),
was used (M105, Macaca mulatta, male, 4 years and 10 months old,
10.1kg body weight, see Ahmed et al. (2012) for the perfusion protocol).
The brain was prepared for scanning as described by Dyrby et al. (2011).
DW-MRI data was acquired at 0.5mm isotropic resolution on three shells
of 180 uniformly distributed gradient directions with b = [1.477, 4.102,
8.040] ms/um?, G = [150, 250, 350]mT/m, & = 8ms, A = 17ms, TE =
30ms, and 9 b = Oms/um? (b0) images (see Ambrosen et al. (2020) for
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more details). The DW-MRI acquisition was done twice and averaged for
further processing. Visual inspection revealed no need for pre-processing
and state-of-the-art fiber orientation distribution functions estimation
was directly performed using the Multi-Shell Multi-Tissue Constrained
Spherical Deconvolution algorithm (Jeurissen et al., 2014; Tournier
et al., 2019). Partial volume estimates for the white matter, grey matter,
and cerebrospinal fluid were obtained from the averaged b0 image us-
ing FSL Fast (Zhang et al., 2001). We used the white matter surface and
the midcortical surface from Ambrosen et al. (2020), which were gen-
erated by the Fast Accurate Cortex Extraction algorithm (Eskildsen and
Dstergaard, 2006).

2.2. Cortical parcellation and histological data

A symmetrical histological connectivity matrix for 59 cortical re-
gions of interest (ROIs) was obtained from a systematic retrograde tracer
literature review (see Caminiti et al., 2017, and references therein). The
location in the brain of the cortical areas taken into consideration is
shown in Fig. 1 (left). All 59 studied cortical areas were injected with
retrograde tracers. A literature review of the reported connectivity for
each area to each other area was performed. The histological analysis
resulted in a symmetrical connectivity matrix, showed in Fig. 2, contain-
ing 1711 distinct pairs of ROIs, among which 680 are connected (light
green) and 1031 are unconnected (dark green). A pair of ROIs was la-
beled connected by histology if any number of labeled cells was reported
in an RO], for an injection site in the other ROI, and unconnected oth-
erwise. Hence, the histological connectivity matrix is constructed from
several brains, each injected with a retrograde tracer in one or a few
locations. The brain used for the diffusion data acquisition was not used
for histological tracing. See Section 4.1 for a discussion on the limita-
tions of histological tracing for connectivity analysis.

The average b0 MRI image was used to manually parcellate the
59 ROIs of the right hemisphere of the macaque brain, shown in
Fig. 1 (right). The parcellation was performed using the itk-SNAP soft-
ware (Yushkevich et al., 2006) following Caminiti et al. (2017) and
atlases of the rhesus monkey brain (Paxinos et al., 2000; Saleem
and Logothetis, 2012). A detailed description of the parcellated ar-
eas is given in Appendix. The cortical parcellation of the 59 ROIs
and the corresponding histological connectivity matrix is available at
http://www.drcmr.dk/rhesus-macaque-brain.

2.2.1. Diffusion tractography algorithms

Deterministic and probabilistic streamline tractography algorithms
from the DIPY software package (DIPY Probabilistic, DIPY Determinis-
tic, DIPY EuDX; Garyfallidis et al., 2014) and the MRtrix3 software
package (MRtrix3 iFOD2, MRtrix3 SDSTREAM; Tournier et al., 2010,
2019) were used to reconstruct the white matter pathways. Additionally,
we recontructed the pathways using Anatomically-Constrained Trac-
tography (MRtrix3 iFOD2 ACT, Smith et al., 2012), Particle Filtering
Tractography (DIPY Probabilistic PFT; Girard et al., 2014) and Surface-
Enhanced Tractography (DIPY Probabilistic PFT SET; St-Onge et al.,
2018) methods. Microstructure-informed tractography (DIPY Probabilis-
tic PFT COMMIT, MRtrix3 iFOD2 ACT SIFT2; Daducci et al., 2014; Smith
et al., 2015a) and the Cluster Confidence Index (DIPY Probabilistic CCI;
Jordan et al., 2018) streamlines filtering/weighting methods were also
used. The Stick-Zeppelin-Ball microstructure model was used for COM-
MIT (Daducci et al., 2014; Panagiotaki et al., 2012). The Cluster Con-
fidence Index was computed using a maximum streamline distance of
2.5mm; streamlines with CCI < 1 were removed.

The fiber orientation distributions were provided as input to all pre-
viously mentioned tractography algorithms. Moreover, diffusion tensor-
based tractography algorithm (MRtrix3 Tensor Det; Basser et al., 2000;
Tournier et al., 2019) and global tractography algorithm (MRtrix3
Global; Christiaens et al., 2015) were included in the analysis. For the
MRtrix3 Global method, we combined the output of eight runs of the
method to increase the number of generated streamlines.
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Fig. 1. Mesial, lateral and ventral views of the of the macaque brain showing the parcellation of the cortical areas used for this study (left), and their 3D manual
reconstruction on the MRI images used for tractography (right). On the mesial view, Ca indicates the calcarine fissure, PO and CgS parieto-occipital and cingulate
sulcus, respectively; on the lateral view, IPS, STS, CS, LS, AS and PS indicate in the order intraparietal, superior temporal, central, lateral, arcuate, and principal
sulci; on the ventral view, LOS and MOS indicate, respectively, the lateral and medial orbitofrontal sulci.

Whole-brain tractography was performed in the white matter mask
obtained from non-zero white matter partial volume estimate voxels
(ACT and PFT methods used the full partial volume estimate maps).
The tractography seeding was done in the white matter mask for all
previously mentioned methods. Additionally, we tested two methods
with tractography seeding done at the white matter and grey matter in-
terface (DIPY Probabilistic PFT gmwmi and MRtrix3 iFOD2 ACT gmwmi).
The interface mask was obtained by selecting all voxels with partial
volume estimates of both white matter and grey matter higher than 0.1
(Girard et al., 2014). Each method was run such that the total num-
ber of streamlines connecting any pair of ROIs of the matrix was higher
than 100,000. The tractography step size, maximum angle, and fiber
orientation distribution threshold were chosen following recommenda-
tions from authors of the individual algorithms. No minimum streamline
length threshold was used (i.e. Omm). Supplementary Figure S1 shows
the white matter surface used as input for the SET algorithm in white,
the surface after the modified mean-curvature flow algorithm in green,
and a subset of streamlines generated with the PFT tractography algo-
rithm connecting the green surface. The SET algorithm iteratively fol-
lows the inward normal direction to the surface in regions of positive
curvature, forming the streamline segment connecting the two surfaces.

2.3. Tractography connectivity analysis

Streamlines with endpoints in ROIs were identified using the MRtrix3
tck2connectome (Tournier et al., 2019) command, using a radial search

of 1mm (streamlines with endpoints within 1mm distance from an ROI
voxel were assigned to it). All streamlines without both endpoints in our
cortical parcellation were discarded from the connectivity analysis (e.g.
incomplete streamlines terminating in the white matter, streamlines of
the left hemisphere, the corpus callosum and the corticospinal tracts).
The tractography connectivity matrix was constructed using the number
of streamlines between each pair of ROIs divided by the total number
of streamlines connecting those ROIs with any other one, to account for
ROI volume differences (Delettre et al., 2019; Donahue et al., 2016).
For DIPY Probabilistic PFT COMMIT and MRtrix3 iFOD2 ACT SIFT2 algo-
rithms, the connectivity matrix was constructed using the contribution
weights estimated for each streamline (Daducci et al., 2014; Smith et al.,
2015a).

We report the Receiver Operating Characteristic (ROC) and the cor-
responding Area Under Curve (AUC; Fawcett, 2006), which describes
the overall classification performances of the tested tractography algo-
rithms (classifying each pair of ROIs as connected or unconnected by
histological tracing). To build the ROC curves, we iteratively threshold
the tractography connectivity matrices, considering only values above
the threshold as connected. We report the True-Positives (TP) as pairs
of ROIs labeled as connected by both tractography and histology, and
the True-Negatives (TN) as unconnected pairs by both methods. False-
Positives (FP) are reported as pairs of ROIs connected by tractography
and unconnected by histology, and conversely for False-Negatives (FN).
Additionally, for each tractography algorithm, we report the sensitiv-
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Fig. 2. Symmetrical connectivity matrix of 59 cortical regions of interest (ROIs) from histological studies based on retrograde transport of neural tracers
(Caminiti et al., 2017). Connected pairs of ROIs are shown in light green and unconnected pairs of ROIs in dark green. The matrix shows 1711 distinct pairs of
ROIs, 680 connected and 1031 unconnected. ROIs are grouped in four sub-networks: cingulate (orange), motor, premotor and oculomotor (red), prefrontal (blue)
and parietal (purple). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

ity (%), i.e. the proportion of correctly identified connected pair

of ROIs among all pairs labeled connected, on the basis of histologi-
cal evidence, and the specificity ( FPT+A,;N), i.e. the proportion of cor-
rectly identified unconnected pair of ROIs among all pairs labeled as
unconnected in the available histological data. The ideal streamline frac-
tion threshold of each tractography algorithm was selected by maximiz-
ing the Youden’s index (defined as sensitivity + speci ficity — 1; Thomas
et al., 2014; Youden, 1950), which varies from O to 1, and indicates the
overall tractography classification performance in reproducing histolog-
ical connectivity. Finally, we report the classification performances for
the algorithm-specific threshold maximizing the Youden’s index, and for
three fixed threshold values of 0.01, 0.001 and 0.

To quantify the percentage of streamlines with endpoints in ROIs
labeled as connected by histological studies, but with erroneous tra-
jectories, we used the streamline’s length median absolute deviation
(Leys et al., 2013),

MAD = b Median,(|l; — Median;(I}))),

where [ is the length of the n'" streamline and b = 1.4826 is a normality
constant (Rousseeuw and Croux, 1993). For each pair of ROIs labeled
as connected by histology, streamlines with length superior to 2.5 times
the MAD of the length of all streamlines estimated for that connection

I—Medianj(ll»)

were considered outliers ( ~TiD

1991).

> 2.5; Leys et al., 2013; Miller,

3. Results

To evaluate the performance of the fifteen tested tractography algo-
rithms, we compare their ability to classify each pair of ROIs (connected
or unconnected). Fig. 3 shows the corresponding ROCs curves for a de-
creasing threshold on the tractography connectivity value compared to
the histological connectivity matrix. For each algorithm, the star marker
indicates the point on the ROC curve obtained for the threshold that
maximizes the Youden’s index. The triangle, diamond, and circle mark-
ers indicate the performances of each algorithm for fixed threshold val-
ues of 0.01, 0.001, and O, respectively. The Area Under Curve (AUC) of
each algorithm is reported in the legend. The prediction performances
for the connectivity of the 1711 distinct pairs of ROIs for all tested
tractography algorithms are shown in Supplementary Figure S3. The
corresponding sensitivity, specificity, and Youden’s index are shown in
Fig. 4. Probabilistic tractography algorithms (DIPY Probabilistic and MR-
trix3 iFOD2 variants) have higher AUC compared to other algorithms.
They also show higher Youden’s index for most thresholding parameters
and algorithms.
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Fig. 3. Receiver Operating Characteristic (ROC) curves of the
classification of pairs of ROIs (connected or unconnected) of
the fifteen tested diffusion tractography algorithms for a de-
creasing threshold of streamline fractions. The legend lists the
Area Under Curve (AUC) measures of classification perfor-
mances. The star markers indicate the algorithm-specific ideal
threshold maximizing the Youden’s index. The triangles, dia-
monds, and circle markers indicate the classification perfor-
mances for three fixed thresholds of 0.1, 0.01, and 0 (with-
out thresholding), respectively. A perfect classification perfor-
mance would produce a curve reaching the top left corner
(sensitivy = 1 and specificity = 1) with an AUC of 1. The diag-
onal black dashed line represents the performance of a random
classification of the pairs of ROIs.

For each tractography algorithm, the table lists the number of generated streamlines for the whole-brain
tractogram and the number of connecting streamlines, ending in any pairs of ROIs (59 ROIs of the right
hemisphere). Among the connecting streamlines, the table lists the percentage of streamlines ending in pairs
of ROIs labeled connected by histological data (valid streamline), the percentage of valid streamlines with
length more than 2.5 time the median absolute deviation (MAD) of their corresponding connection, and the
algorithm-specific threshold maximizing the Youden’s index. For DIPY Probabilistic PFT COMMIT and MRtrix3

iFOD2 ACT SIFT2 algorithms, the table shows the streamline weighted percentages.

Number of Number of Percentage Percentage Threshold
Tractography Generated Connecting of Valid of Valid Maximizing
Algorithm Streamlines  Streamlines  Streamlines  Streamlines Youden’s
with MAD > 2.5  Index

DIPY Probabilistic PFT SET 3,885,500 110,479 70% 2.9% 8.92e-4
DIPY Probabilistic PFT COMMIT 3,885,500 187,266 82% 4.2% 2.17e-3
DIPY Probabilistic PFT CCI 3,885,500 177,029 75% 2.8% 6.02e-4
DIPY Probabilistic PFT gmwmi 3,284,260 120,279 83% 7.5% 7.48e-4
DIPY Probabilistic PFT 3,885,500 187,266 74% 3.5% 1.03e-3
DIPY Probabilistic 3,885,500 216,811 69% 3.1% 2.42e-3
DIPY Deterministic 3,885,500 248,884 70% 5.0% 531e-4
DIPY EuDx 7,770,000 268,790 73% 2.4% 2.53e-4
MRtrix3 Global 2,114,940 116,300 89% - 5.23e-4
MRtrix3 iFOD2 ACT SIFT2 3,000,000 217,834 73% 2.9% 1.10e-4
MRtrix3 iFOD2 ACT gmwmi 3,000,000 112,775 81% 5.5% 1.61e-4
MRtrix3 iFOD2 ACT 3,000,000 217,834 70% 3.0% 1.41e-4
MRtrix3 iFOD2 5,000,000 193,382 76% 3.0% 6.97e-4
MRtrix3 SDSTREAM 8,000,000 225,945 80% - 2.72e-5
MRtrix3 Tensor Det 5,000,000 260,679 73% - 4.77e-5

Table 1 lists the number of streamlines generated for each tractog-
raphy algorithm, the number of streamlines connecting any pairs of
ROIs, the percentage of streamlines with endpoints in pairs of connected
ROIs, and the percentage of outlier streamlines having a length more
than 2.5 times the median absolute deviation (MAD) compared to the
length other streamlines of the same connection. The percentage of valid
streamlines is the number of streamlines in all pairs of ROIs labeled
connected by histology over the total number of streamlines connecting

any pairs of ROIs. Across the tested algorithms, the average percent-
age of valid streamlines is 76%. The MRtrix3 Global algorithm has the
highest percentage of valid streamlines with 89%. Across all tested al-
gorithms, up to 7.5% of streamlines with valid endpoints location had
a length deviating from the length of other streamlines connecting the
same ROIs. Three algorithms, MRtrix3 Global, MRtrix3 SDSTREAM, and
MRtrix3 Tensor Det, did not consistently show spurious streamline trajec-
tories, hence we did not apply outlier removal derived from the median
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Fig. 4. Classification performance of diffusion tractography algorithms for ROIs connectivity using the algorithm-specific threshold maximizing the Youden’s Index
(YD) and three fixed threshold values: 0.01, 0.001 and O (without thresholding). The sub-figures (A-C) show the sensitivity, the specificity and the Youden’s index,

respectively.

absolute deviation (MAD). This is qualitatively shown in Fig. 5 on the
streamlines of the true-positive connection of primary somatosensory
cortex (SI) and primary motor cortex (M1/F1). Streamlines with an out-
lier length are shown in black, whereas other streamlines are colored
using the orientation of segments following the red-green-blue conven-
tion (red: left-right, green: anterior-posterior, blue: superior-inferior).

To further investigate tractography errors, we selected the DIPY Prob-
abilistic PFT SET algorithm, which has both a high Youden’s index score
and a reported increase in cortical surface coverage properties. The clas-
sification performance for the threshold maximizing the Youden’s index
is shown in Fig. 6 (TP: light green, TN: dark green, FP: light red, FN:
dark red). The tractography connectivity matrix before thresholding is
shown in Supplementary Figure S2 (see Supplementary Video for a vi-
sualization of the classification performance at various thresholds). The
sensitivity, specificity, and Youden’s index of each ROI (column of the
matrix) projected on the surface of the middle cortical layer are reported
in Fig. 7 (see Supplementary Figures S4, S5 and S6 for the surface pro-
jections of the classification performances for all tested algorithms using
the algorithm-specific ideal threshold.).

The structural connectivity of some ROIs is well predicted by trac-
tography with both high specificity and sensitivity (yellow). However,
tractography underperformed for other ROIs, showing lower specificity
and low sensitivity (red and orange), with a mean across all ROIs of
0.67 (standard deviation of 0.20) and 0.74 (standard deviation 0.19), re-

spectively. On the lateral aspect of the hemisphere, sensitivity is higher
around the central sulcus, and decays slightly moving rostrally toward
the frontal pole and caudally toward the superior temporal sulcus and
the parieto-occipital junction (Fig. 7A, left). On the mesial aspect of
the hemisphere (Fig. 7A, right), sensitivity is higher across most of the
antero-posterior extent of the cortex located dorsal to the cingulate sul-
cus and within its banks, as well as around area 32. On the contrary, it
is low around the frontal pole, including orbito-frontal areas. An oppo-
site pattern is observed for specificity (Fig. 7B), both on the lateral and
mesial aspects of the hemisphere. The corresponding Youden’s index is
shown in Fig. 7C, where areas with the highest score are V6 (0.84), MIP
(0.80) and 32 (0.74), and areas with the lowest are 45B (0.04), 23a/b
(0.07) and 8Av (0.07).

Large false-positive connections reconstructed using DIPY Probabilis-
tic PFT SET tractography algorithm are shown in Fig. 8 (red streamlines).
The second and third columns show true-positive connections in over-
lapping white matter areas in blue and green, respectively. The last col-
umn shows the false-positive connection with the streamline’s segments
colored in blue if the voxel is shared with the true-positive of column
2, in green if the voxel is shared with the true-positive of column 3 or
in cyan for both. Each false-positive connection shares a large portion
of its volume with one or both true-positive connections. In Fig. 8A,B,C,
the tractography incorrectly follows the direction associated with other
connections that form a merging, i.e. a bottleneck, configuration below



G. Girard, R. Caminiti and A. Battaglia-Mayer et al.

a) b0 image

e) DIPY Probabilistic
PFT

j) MRtrix3 iFOD2
ACT gmwmi

b) DIPY Probabilistic c) DIPY Probabilistic
PFT SET

1) MRtrix3 iFOD2 m)

Neurolmage 221 (2020) 117201

d) DIPY Probabilistic

PFT CCI PFT gmwmi

n) MRtrix3
Tensor Det

Fig. 5. Streamlines reconstructed using tractography for the true-positive connection between area SI (primary somatosensory cortex) and area M1 (primary motor
area / F1). Streamlines are superimposed on a mesial sagittal MRI section. Streamlines segments are colored using the red-green-blue convention (red:left-right,
green:anterior-posterior, blue: superior-inferior; Calamante et al., 2012; Pajevic and Pierpaoli, 1999). Streamlines with length superior to 2.5 the median absolute
deviation (MAD) are shown in black. See Fig. 1 for anatomical references. (For interpretation of the references to color in this figure legend, the reader is referred to

the web version of this article.)

the principal sulcus. Similarly, Fig. 8D shows a false-positive connection
constructed from segments of two true-positive connections forming a
bottleneck below the precentral gyrus, and Fig. 8E shows a bottleneck
configuration below the arcuate sulcus. Those five false-positive connec-
tions are shown for all algorithms, using the same coloring approach,
in Supplementary Figures S7, S8, S9, S10 and S11. Although, for some
algorithms those false-positives are small, they tend to show a similar
overlap with the selected true-positives.

The few streamlines reconstructed using DIPY Probabilistic PFT SET
tractography algorithm connecting orbitofrontal and medial area 12 to
inferior parietal area PFG, identified as a false-negative connection, are
shown in Fig. 9. This connection was incorrectly rejected using tractog-
raphy because not enough streamlines were reconstructed, i.e. the con-
nectivity score (7.82e — 4) was lower than the threshold maximizing the
Youden’s index (8.92¢ — 4). Although only a few streamlines were recon-
structed (shown in red), those streamlines share an ending area in a bot-
tleneck configuration with well reconstructed true-positive connections
(shown in blue and green). Among the fifteen tested algorithms, MR-
trix3 iFOD2 and MRtrix3 Global were the only ones correctly reporting
this connection with a diffusion score high than their optimal threshold
(See Supplementary Figure S12).

4. Discussion

In this study, we have chosen to challenge the performance of fif-
teen tractography methods with histological data from several labora-
tories, characterized by the particularly intricate connectivity of a net-
work of cortical areas in the macaque cerebral cortex identified by a
combination of anatomical and functional criteria. The results confirm
the predictive power of tractography methods, producing more true-
positive/negative connections than false-positive/negative connections,
with an average sensitivity of 0.61 and a specificity of 0.76 using op-
timal thresholding (0.56 and 0.78 respectively, using a fixed threshold
of 0.001). We have identified a number of tractography errors, false-

positive and false-negative connections, which highlight the need for
further validation, as discussed previously by Dyrby et al. (2018), and
should be the target of future methodological development.

4.1. The histological approach to brain connections

The data which provided the ground-truth for the present study
where almost entirely derived from histological work using the ret-
rograde transport of horseradish peroxidase (HRP), introduced by
Kristensson and Olsson (1971), as well as of fluorescent tracers
(Bentivoglio et al., 1980). The results of histological studies undoubt-
edly provide the best ground truth to challenge DW-MRI tractography on
real white matter pathways. Despite their enormous success, all the his-
tological tracing methods share a number of limitations or drawbacks,
not always recognized. The methods involve injecting the substances di-
rectly into the nervous tissue. Since the site and location of the injections
are revealed only after sacrificing the animal, the precise region where
the substance was taken up by axon terminals can only be determined a
posteriori. In the time elapsed between injection and the animal’s sacri-
fice, the injection site has undergone modification and usually presents
a core containing a high density of the tracer injected. This is where
uptake and transport were presumably optimal. Furthermore, there ex-
ists a lighter halo of diffusion where uptake and transport of the sub-
stance may have been taken up albeit less effectively. The possibility
that some cell bodies or axon terminals may not take up the substance
is still unknown for most tracers albeit this possibility was eventually
disregarded in the early HRP studies. Moreover, the visualization of the
tracer, after it has been transported, depends both on the histochem-
ical (when it applies) reaction used and on the carefulness by which
the labeled neurons or axon terminal have been identified. Finally, and
most importantly, histological tracer injections rarely covers the entire
extent of an area, especially when it is buried in the banks of a sulcus,
such as areas of the intraparietal sulcus. This could result in a connec-
tivity pattern not fully revealed, thus producing false-negative results.
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Fig. 6. DIPY Probabilistic PFT SET tractography algorithm classification performance using the threshold maximizing the Youden’s index. The true-positive connections
are shown in light green, the true-negatives in dark green, the false-positives in light red, and the false-negatives in dark red. ROIs are grouped as in Fig. 2. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Because of the limitations listed above, it is unsafe to assume that all
the differences between the results of histological studies and tractogra-
phy should be ascribed to failures of the latter. Therefore, discrepancies
between the two approaches must be carefully evaluated by exploring
the limitations of both and the surviving differences might spur further
anatomical studies, thus conferring to tractography a predictive power
for histological analysis.

4.2. Accuracy of connectivity with tractography algorithms

This work demonstrates the ability of various tractography algo-
rithms to identify the structural network of the frontal, cingulate and
parietal areas of the macaque monkey. Across all algorithms, 76% of
the streamlines agreed with the connections found by histological trac-
ers and hence only 24% of the streamlines were forming erroneous con-
nections (percentage of streamlines associated with true-negatives of
the histological connectivity matrix shown in Fig. 2). This is lower than
the 36% (standard deviation of 17%) of streamlines reported by Maier-
Hein et al. (2017), on simulated data. However, we only used the lo-
cation of the streamline endpoints to identify connections, contrarily
as in Maier-Hein et al. (2017), where the whole trajectory was used.
Thus, streamlines with valid endpoints but erroneous pathways were
considered in agreement with the histological connectivity. We have es-
timated that up to 7.5% of streamlines have valid endpoints, but have

outlier length compared to other streamlines of the connections. The his-
tological tracing data we used do not have the information to support a
complete streamline trajectory validation because it is based on retro-
grade transport of tracers that labels only the soma of cells whose axons
terminate in the injection site. This needs to be further investigated in
future work on specific brain connections.

Across all algorithms, the number of FP connections is on average
61% of the number the TP connections with ideal thresholding (31%,
59%, 92% using 0.01, 0.001, O fixed thresholds, respectively). This con-
trast with Maier-Hein et al. (2017), which reported four times the num-
ber of FP connections than the number of TP connections. Similarly
to the previous results, the FP connections in this study are limited to
streamline endpoints rather then the full trajectories, reducing the num-
ber of FP we report for each algorithm. Moreover, the histological data
used in this work form a network of 59 areas, with 680 connections
and 1031 unconnected areas. This network is more densely connected
than the simulated data used in Maier-Hein et al. (2017), which reduces
potential errors for tractography.

In this study, we focused on the selection of the propagation direc-
tions (deterministic vs probabilistic), the masking and seeding strate-
gies, and streamline post-processing methods. For most tractography al-
gorithm, we fixed the local reconstruction to multi-shell, multi-tissue
constrained spherical deconvolution (Jeurissen et al., 2014; Tournier
et al., 2019), the tractography step sizes, and maximum bending angles.



G. Girard, R. Caminiti and A. Battaglia-Mayer et al.

A \ Sensitivity

B l | ll Specificity

C

Youden's Index

Neurolmage 221 (2020) 117201

I |

0 0.5

1

Fig. 7. Spatial distribution of the sensitivity (A), specificity (B) and Youden’s index (C) over the 59 ROIs using the threshold maximizing the overall Youden’s index
of the DIPY Probabilistic PFT SET tractography algorithm, shown on the middle cortical layers surface. The structural connectivity of some ROIs is well predicted
with tractography with both high specificity and sensitivity (yellow). Tractography underperformed for other ROIs, showing low sensitivity and low specificity (red
and orange). See Fig. 1 for anatomical references. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this

article.)

We also used high angular and high spatial resolution DW-MRI data. It
would be interesting to specifically assess the effect of multi-shell data
on tractography performances, compared to single shell data. Similar to
the analysis performed by Ambrosen et al. (2020), it would be interest-
ing to study the effect of reducing the angular and/or spatial resolution
of DW-MRI data on the various tractography algorithms performance,
on the estimation of the structural network connectivity presented in
this work. In future work, it would be of interest to use the tractography
evaluation method presented in this work to analyze the effect of specific
parameters on tractography performances, such as the parameters used
in the fiber orientation distribution estimation (e.g. Canales-Rodriguez
et al., 2019; Cheng et al., 2014; Descoteaux et al., 2009; Jeurissen et al.,
2014; Tournier et al., 2007; Yeh et al., 2011) or the presence of noise in
the DW-MRI images when estimating the fiber orientation distributions
(e.g. Manjon et al., 2010; Sotiropoulos et al., 2013; Veraart et al., 2016;
Wiest-Daesslé et al., 2008).

4.2.1. Streamline propagation methods

Probabilistic tractography algorithms (DIPY Probabilistic and MRtrix3
iFOD2 variants) showed the overall highest AUC (Fig. 3), ranging from
0.72 to 0.78. Deterministic tractography algorithms (DIPY Deterministic,

DIPY EuDX, MRtrix3 SDSTREAM and MRtrix3 Tensor Det) show the low-
est AUC ranging from 0.62 to 0.67. The MRtrix3 Global algorithm show
intermediate performances compared to other tested tractography algo-
rithms with an AUC of 0.69. Although it has a high percentage of valid
streamlines (89%, see Table 1), the algorithm shows a partial coverage
of the connection between area SI (primary somatosensory cortex) and
area M1 (primary motor cortex / F1) (Fig. 5i), compared to other algo-
rithms. However, it does not show streamlines with dubious trajectories.
This is also the case for MRtrix3 Tensor Det and MRtrix3 SDSTREAM algo-
rithms. This highlights the trade-off between the generation of spurious
streamlines and classification performances when selecting a tractogra-
phy algorithm.

4.2.2. Connectivity matrix thresholding

Probabilistic tractography algorithms show good sensitivity and
specificity performances. This can be observed in Fig. 4 where the
Youdex’s index of probabilistic tractography variants is generally higher
than for other algorithms. However, a threshold set to O tends to pro-
duce low specificity as most pair of ROIs are connected by at least one
streamline, especially as the number of streamline increases. This can
be observed in Fig. 4C, where the average Youden’s index for a thresh-
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old of 0 is 0.29 and increases to 0.35 using a threshold of 0.001, and to
0.37 using the ideal threshold. However, a threshold too high reduces
the sensitivity of connectivity estimations. This can be observed using a
threshold of 0.01, where the average Youden’s index decreases to 0.24.
It is not possible to compute the ideal threshold for a network without
known ground truth connectivity, but we advise using a threshold value
higher than 0, in particular for probabilistic tractography algorithms.
For this specific network, connectivity matrix construction and tested
tractography algorithms, the ideal threshold maximizing the Youden’s
index varies from 2.42e — 3 to 2.72¢ — 5 (see Table 1).

4.2.3. Masking and seeding strategies

The use of partial volume estimate maps for tractography with ACT
and PFT shows minor performance increase compared to the same prob-
abilistic algorithms using a conventional masking approach. The AUC
scores increased by 0.01 using ACT and 0.03 using PFT. The percent-
age of valid streamlines increased from 69% to 74% using PFT, but de-
creased from 76% to 70% using ACT, seeding from the white matter.
However, these methods are particularly suited for interface seeding
(Girard et al., 2014; Smith et al., 2012) as they used tissue partial vol-
ume estimations to improve the streamline propagation. Although seed-
ing from the white matter mask bias the streamlines density in favor
of long connections, both seeding methods tested (white matter or in-
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Fig. 8. Large false-positives (first column, red
streamlines) and true-positives (second and
third columns, blue and green streamlines) in
overlapping white matter areas generated us-
ing DIPY Probabilistic PFT SET tractography
algorithm. The last column shows the false-
positives with the streamlines points color in
blue or green if the voxel is shared with the
corresponding true-positive or in cyan for both.
Subfigures show streamlines in coronal ante-
rior view (A,B,C), axial superior view (D), and
sagittal right view (E), superimposed on a MRI
section. See Fig. 1 for anatomical references.
Abbreviations: c12r - part of caudal area 12 ros-
tral, 32 - area 32, r46vc - rostral area 46 ven-
trocaudal, 120/12m - orbitofrontal and medial
area 12, 91 - lateral area 9, 46dc - area 46 dor-
socaudal, 45A - area 45A, F2vr - frontal area F2
ventrorostral, SI - primary somatosensory cor-
tex, M1 - primary motor area (F1), 8Ad - area
8A dorsal, 8B - area 8B, LIP - lateral intrapari-
etal area. (For interpretation of the references
to color in this figure legend, the reader is re-
ferred to the web version of this article.)

terface) showed similar classification performances for both DIPY Prob-
abilistic PFT and MRtrix3 iFOD2 ACT (see Figs. 3 and 4). The interface
seeding strategy increased the percentage of valid streamlines from 74%
to 83% for DIPY Probabilistic PFT gmwmi and from 70% to 81% for MR-
trix3 iFOD2 ACT gmwmi. In future work, it would be interesting to further
investigate the seeding bias on a brain network with longer pathways,
such as fronto-occipital association fibers and commissural fibers.

4.2.4. Streamline post-processing methods

The microstructure-informed tractography method MRtrix3 iFOD2
ACT SIFT2 show an overall improvement of performances, increasing
the AUC from 0.73 to 0.76 and the percentage of valid streamlines from
70% to 73%, compared to MRtrix3 iFOD2 ACT. On the other hand, DIPY
Probabilistic PFT COMMIT decreased the AUC by 0.01 to 0.77 compared
to DIPY Probabilistic PFT, but increase the percentage of valid stream-
lines from 74% to 82%. It is important to note that for SIFT2 and COM-
MIT, the percentage of valid streamlines is computed as the sum of
weights associated to valid streamlines over the sum of all weights (all
streamlines connecting pairs of ROIs). This suggests that the microstruc-
ture models used in SIFT2 and COMMIT penalized more spurious than
valid streamlines. The Cluster Confidence Index filtering approach used,
DIPY Probabilistic PFT CCI, showed a decrease in AUC by 0.02 com-
pared to DIPY Probabilistic PFT and an increase in the percentage of
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Fig. 9. False-negative connection obtained using DIPY Probabilistic PFT SET tractography algorithm. All streamlines correctly end in ROIs identified as connected
by histological data, but this connection would be rejected using the diffusion threshold maximizing the Youden’s index because its connectivity scores is too low
(7.82e — 4), creating a false-negative. The figure shows the false-negative 120/12m«PFG in red, with the ending ROIs in yellow (120/12m) and purple (PFG). True-
positive connections for 12012m«91 and F4-PFG are shown in blue and green, respectively. From left to right, the viewpoints are: sagittal right, axial superior,
coronal posterior, coronal anterior. Abbreviations: 91 - lateral area 9, 120/12m - orbitofrontal and medial area 12, F4 - frontal area F4, PFG - inferior parietal area
PFG. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

valid streamlines by 1% to 75%. Thus, streamlines with valid endpoints
but with trajectories identified as outliers by our parametrization of the
Cluster Confidence Index do not greatly affect the matrix weights and
consequently the derived binary connectivity estimation of the studied
network. Nonetheless, removing outlier trajectories is necessary to im-
prove the volumetric analysis of white matter fascicles (Aydogan et al.,
2018; Schilling et al., 2019b). Surface-Enhanced Tractography (DIPY
Probabilistic PFT SET) showed a decreased AUC (0.75) compared as DIPY
Probabilistic PFT (0.78) and a decrease in percentage of valid streamlines
by 4% to 70%. Although the SET algorithm did not improve the binary
connectivity estimation of the studied network, the algorithm has shown
improved uniform cortical surface coverage (St-Onge et al., 2018).

4.3. Connectivity estimation for each region of interests

The structural connectivity of each ROI is not equally estimated, as
shown on the surfaces of Fig. 7 for DIPY Probabilistic PFT SET using the
ideal threshold. This results in a varying Youden’s index for the struc-
tural connectivity of each ROI (mean of 0.41 and standard deviation of
0.17). The reported Youden’s index was also variable between sites in
Thomas et al. (2014), using the default tractography parameters. This
highlights the variability in tractography performances for various white
matter structures and strengthen the need for tractography algorithms
with parameters that can adapt to the local white matter configurations
(Aydogan and Shi, 2016; Dyrby et al., 2018; Girard et al., 2017; Inno-
centi et al., 2019; Reisert et al., 2014; Rheault et al., 2019; St-Onge et al.,
2018; Teillac et al., 2017) or the combined use of multiple tractography
algorithms, each targeting the reconstruction of a subset of white matter
structures (Daducci et al., 2014; Smith et al., 2015a; Takemura et al.,
2016).

4.4. The bottleneck problem on ex-vivo data

We observed the effect of white matter bottleneck configurations
(Guevara et al., 2011; Maier-Hein et al., 2017; Mangin et al., 1996) on
an ex-vivo macaque brain, where multiple pathways overlap and share

similar local orientations. Tractography algorithms following those lo-
cal orientations will naturally connect all ROIs sending axons to those
overlapping regions. Thus, tractography will likely find existing white
matter structures, but also incorrectly merge segments to form non-
existing white matter structures. In Fig. 8, most of the volume of the
false-positive connections is shared between one or both of the true-
positive connections shown. This is in addition to other true-positive
connections sharing this white matter area, such as commissural con-
nections. Three large false-positive connections (Fig. 8A,B,C) all share
an ending ROI (area c12r) with the true-positive connecting this ROI
to area r46vc. While bottleneck configurations can increase the num-
ber of false-positives, they can also decrease the true-positives count.
Some of the existing histological connections are not found with enough
streamlines to survive the thresholding step, creating false-negatives
connections. The fraction of streamlines that should have been recon-
structed for those connections ended in other true-positive connections
(and false-positive connections). Although false-negatives are particu-
larly difficult to visualize, we can appreciate in Fig. 9 that a portion of
the false-negatives seems to share white matter volume with dominating
true-positive connections. Those pathways are going locally in a simi-
lar orientation, making it hard for tractography to consistently follow
the minor directions associated with those connections. This highlights
the needs for more information, in addition to the orientation, to guide
and improve tractography in challenging white matter configurations,
such as the intra-voxel compartment diffusivities and volume fractions
(Reisert et al., 2014), the index of axon diameter (Barakovic et al., 2018;
Girard et al., 2017), axonal dispersion (Rowe et al., 2013) and the myelin
water fraction (Schiavi et al., 2019). Additionnaly, the topographic or-
ganization of neurons in the cortex (Patel et al., 2014) could be used to
guide the propagation of streamlines in the white matter. This was sug-
gested by Sarubbo et al. (2019) after observing a laminar organization
of the white matter pathways in the external capsule, on both tractogra-
phy and anatomical dissections. Moreover, the use of topographic priors
was implemented in tractography by Aydogan and Shi (2016, 2018) to
improve streamline regularity and preserve the spatial relationship. Fu-
ture work should target further validation and development of methods
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using such priors, in particular, paired with anatomically-constrained
tractography and microstructure-informed tractography methods.

4.5. Limitations of the connectivity analysis

This study focused on binary endpoints connectivity, not on the
white matter volume, histological cell counts, or trajectories. Although
this limits some aspect of the analysis, at the same time it offers the
possibility to use a wide range of histological tracing studies, which did
not specifically target the volume assessment of the white matter path-
ways or reported quantitative labeled cell counts. Moreover, the diffu-
sion data were acquired on a brain not used for the histological trac-
ing, and the histological data were collected from several brains, which
cannot account for specimen connectivity variability. This allowed us
to study a large network composed of 1711 distinct pairs areas, which
would not be possible to study in a single specimen. Nonetheless, study-
ing bi-directional connections, using both retrograde and anterograde
tracers, on the same brain as the diffusion data would be of high in-
terest in future studies on tractography validation. The accuracy of the
pathways estimated with tractography for connected ROIs cannot be as-
sessed in this experimental setup. Nevertheless, the qualitative results
presented show bottleneck configurations using ex-vivo data, similar to
what was observed on simulated data (Maier-Hein et al., 2017). This
paves the way for future work on ex-vivo quantitative white matter vol-
ume estimation using tractography targeted at white matter bottleneck
configurations.

5. Conclusion

In conclusion, tractography performed on ex-vivo macaque brain
shows a good agreement with connections of the frontal, parietal and
cingulate areas identified with histological studies based on retrograde
transport of tracers. On average, the false-positive and false-negative
connections estimated with tractography represent 30% of all predic-
tions, across all algorithms, using a fixed threshold of 0.001. They seem
to be related in part to bottleneck configurations, especially near the cor-
tical grey matter. Disentangling the bottlenecks could lead to more sen-
sitive and more specific results. The proposed method enables a quan-
titative evaluation of tractography algorithm performances and, poten-
tially fosters the development of new ones with improved sensitivity
and specificity. Moreover, disagreements between diffusion tractogra-
phy and histological studies could spark targeted tract-tracing analysis
which might lead to a refined ground truth of the cortical connectivity
of the frontal, parietal and cingulate areas of the macaque monkey.
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Appendix A. Cortical area subdivisions

The cingulate cortex has been subdivided according to
Brodmann (1909) into a caudal granular area 23 and a rostral
agranular area 24. Both these areas were subdivided into 23a/b and
24a/b, located on the cingulate gyrus, and 23c and 24c, within the
cingulate sulcus (Vogt et al., 1987). Area 24c, includes 24d (Matelli
et al,, 1991; Vogt et al., 2005), and is coextensive with the rostral
cingulate motor area (CMAr; Dum and Strick, 1991), whereas area 23c
largely corresponds to the dorsal (CMAd) and the ventral (CMAvV) cin-
gulate motor areas (Dum and Strick, 1991), which are also collectively
referred to as caudal cingulate motor area (CMAc).

The caudal part of the frontal lobe corresponds to the classical agran-
ular frontal cortex, for which we have adopted the subdivision and
nomenclature proposed by Matelli et al. (1985, 1991). Furthermore,
we have incorporated data on a distinct oculomotor field, the supple-
mentary eye field (SEF) located in the dorso-rostral part of area F7
(Schlag and Schlag-Rey, 1987), the subdivision of area F2 into a ventro-
rostral and a dorsal "pre-central dimple" sectors (Matelli et al., 1998),
and the subdivision of area F5 into three fields (Belmalih et al., 2009).
The dysgranular area 44 along the fundus of the lateral limb of the ar-
cuate sulcus has been considered together with area F5a, as these two
areas share several connectional features. The cortex located in the pre-
arcuate convexity has been combined with that of the anterior bank of
the arcuate sulcus (Saleem et al., 2014), where the Frontal Eye Fields
(FEF) have been identified (Stanton et al., 1989), into a single area la-
beled as 8A. To distinguish between the dorsal and the ventral part of
the FEF, where large-amplitude and small amplitude saccades are, re-
spectively, represented (Bruce et al., 1985), area 8A was subdivided into
a dorsal and a ventral part.

The subdivision adopted for the lateral prefrontal cortex is very
similar to that used by Saleem et al. (2014), which is derived from
Walker (1940), Preuss and Goldman-Rakic (1991), and Petrides and
Pandya (1999). Based on connectivity studies (Gerbella et al., 2013;
Petrides and Pandya, 1999; Saleem et al., 2014) both the dorsal (46d)
and the ventral (46v) parts of area 46 have been further subdivided
into a rostral and a caudal sector, as done for caudal area 46v (46vc).
Area 12r was subdivided into caudal, intermediate, and rostral sectors,
based on different connectivity profiles (Borra et al., 2011). The work
by Carmichael and Price (1994) guided the delineation of the medial
prefrontal and orbitofrontal cortex. However, based on similarities in
connectivity patterns, areas 120 and 12m were combined, as done for
areas 131 and 13m. Areas 13a/b were considered together with the sub-
divisions of area 14, while areas 25 and 11m have not been considered,
for the paucity of information on their connectivity.

The nomenclature proposed by Pandya and Seltzer (1982) has been
primarily used for the posterior parietal cortex (PPC). Furthermore, we
have also incorporated data from later studies concerning parietal areas
V6A and MIP (Colby and Duhamel, 1991; Galletti et al., 1996; Johnson
et al., 1996; Luppino et al., 2005; Marconi et al., 2001), located in the
caudal part of the superior parietal lobule (SPL), VIP along the fundus
of the intraparietal sulcus (IPS) (Colby and Duhamel, 1991; Lewis and
Van Essen, 2000), as well as areas LIP and AIP (Blatt et al., 1990; Borra
et al., 2007; Taira et al., 1990) in the caudal and rostral parts of the
lateral bank of the IPS. There is not yet a comprehensive picture of the
connectivity of the different subdivisions of the primary somatosensory
cortex of the macaque, especially for areas 3a, 3b, and 1, therefore for
this study these have been taken a single area, referred to as SI. This
approach was used also for the second somatosensory area (SII). In the
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posterior cingulate cortex, area 31 was defined according to Morecraft
et al. (2004).

Supplementary material

Supplementary material associated with this article can be found, in
the online version, at 10.1016/j.neuroimage.2020.117201
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