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Abstract. Mapping the neuronal wiring diagrams in the brain at multiple spatial 
scales has been one of the major brain mapping objectives. Macro-scale medi-
cal imaging modalities such as diffusion tensor imaging (DTI) and meso-scale 
biological imaging such as serial two-photon tomography have emerged as the 
prominent tools to reveal structural connectivity patterns at multiple scales. 
However, a significant gap that whether/how DTI data and microscopic data are 
correlated with each other for the same species of mammalian brains, e.g., 
mouse brains, has been rarely explored. To bridge this knowledge gap, this 
work aims to construct multi-modal mouse brain connectomes via joint model-
ing of macro-scale DTI data and meso-scale neuronal tracing data. Specifically, 
the high-resolution DTI data and its streamline tractography result are mapped 
to the Allen Mouse Brain Atlas, in which the high-density axonal projections 
were already mapped by microscopic serial two-photon tomography. Then, 
multi-modal connectomes were constructed and the multi-view spectral cluster-
ing method is employed to assess consistent and discrepant connectivity pat-
terns across the multi-scale multi-modal connectomes. Experimental results 
demonstrated the importance of fusing multimodal, multi-scale imaging modali-
ties for structural connectivity and connectome mapping.              
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1 Introduction 

Creating structural wiring maps of the brain (or named brain connectome) is believed 
critical in understanding the mind [1, 2]. With the emerging biomedical imaging tech-
niques, mapping structural connection wiring patterns at different scales with relatively 
high resolutions is made possible. For instance, on the macro-scale, with noninvasive 
diffusion tensor imaging (DTI), long-range fiber connections are being studied widely, 
e.g., the ongoing Human Connectome Project (HCP) [3]. On the meso-scale, Allen 
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Mouse Brain Connectivity Atlas released the first meso-scale mouse brain connectivity 
atlas based on neuron tracer and serial two-photon (STP) tomography recently[4]. With 
these new neuroimaging methods, our understanding of the brain has been significantly 
advanced at different scales, e.g., the ongoing Brain Decoding Project (http://brain 
decodingproject.org) is trying to merge data in different scales to unveil secrete of 
memory. 

Essentially, multimodal neuroimaging data across spatial scales tend to provide 
rich complementary information that forms a comprehensive picture to understand the 
same biological question [1]. At the same time, each neuroimaging modality has its 
own limitations in terms of resolutions, quantification, noises, and variability. It is 
likely that the limitations in one modality could be made up by another. For instance, 
DTI is good at mapping global patterns of long-range brain wiring diagrams, but has 
been known to be limited in resolving crossing fibers, sensitive to noises and artifacts, 
possessing limited spatial resolution and etc. In comparison, STP tomography has 
very high spatial resolution and can trace complex axonal connection patterns, but is 
limited in capturing global wiring diagrams (which entails many injection sites) and it 
is very costly and time-consuming. Therefore, it would be much desirable to fuse 
multimodal, multi-scale imaging modalities to gain comprehensive and robust struc-
tural connectivity and connectome mapping. 

Fortunately, with the publicly available data sources of both high-resolution DTI 
data and STP tomography data of mouse brains, both of which can be mapped to the 
same reference atlas, it becomes feasible and desirable to build multi-modal mouse 
brain connectomes via joint modeling of macro-scale DTI data and meso-scale neu-
ronal tracing data and to assess consistent and discrepant connectivity patterns across 
these connectomes. Specifically, we defined the connectome nodes based on the fine-
granularity neuroanatomic regions in the Allen Mouse Brain Atlas (ABA) and the 
connectivity edges based on the connection strengths derived from the DTI or STP 
tomography data. Then we employed a multi-view spectral clustering algorithm to 
group the connectomes into sub-networks, based on which agreements and discrepan-
cies between multi-modal connectomes, and interesting results were obtained. 

2 Method 

2.1 Experimental Materials 

Axonal projection images were downloaded from publicly available Allen Mouse 
Brain Connectivity Atlas (ACA) (http://connectivity.brain-map.org/). Images obtained 
from neuron tracing experiments covering the whole brain of mouse were applied in 
this study. In each experiment, rAAV tracer was injected to certain anatomical region 
of a mouse brain to label the projection from this region to the whole brain (Fig. 1(d)). 
After fixation and dissection, the mouse brain was then sliced (100 μm thick) and 
high resolution image (0.35 µm/pixel) was obtained for each slice with STP tomogra-
phy [5]. Then the images were processed with injection site manually annotated by 
experts and a 3-D image stack was obtained and registered to the 3-D reference atlas 
space for analysis. It should be noted that, for the purpose of efficiency, all the 1378 
injection sites were selected on the right hemisphere of mouse brain. 
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Meanwhile, high-resolution DTI data of an adult mouse brain was downloaded 
from the publicly available Mouse BIRN Data Repository and applied for this study. 
The data acquisition parameters and preprocessing pipeline were detailed in [6]. DTI 
data was aligned to the 3-D reference atlas in Allen Mouse Brain Atlas (ABA) via 
FSL FLIRT [7] (Fig. 1(c)). Streamline fiber tractography was performed using DTI 
Studio [8] and cortical surface was reconstructed for the purpose of visualization [9].  

To analyze large-scale mouse brain connectomes in different modalities, we adopt-
ed the annotation of mouse brain’s anatomical structure downloaded from ABA 
(http://mouse.brain-map.org/). As shown in Fig. 1(a), these brain regions were manu-
ally annotated by experts in the 3-D reference atlas of ABA. Notably, the original 
annotation file did not differentiate brain regions by hemisphere. To analyze cross 
hemisphere connections, we manually selected 159 brain regions and separated them 
by hemisphere, resulting in 3 groups of brain regions: left hemisphere, right hemi-
sphere, and cross hemisphere. Finally, 471 regions of interest (ROIs) were applied for 
the construction and analysis of mouse brain connectome, as shown in Fig. 1(b). 

 

Fig. 1. (a) Fine-granularity mouse brain region annotation in ABA. 14 slices were selected for 
visualization. (b) Centers of all the regions we used in our analysis. Annotated regions are 
color-coded such that regions in the left hemisphere are blue while regions in the right hemi-
sphere are red. (c) Joint visualization of 3-D reference atlas (left) and registered DTI-derived 
fiber tracts (right). (d) Visualization of injection sites in the ACA. 

2.2 Cross-Validation of DTI-Derived Tracts and Neuron Traces 

To quantitatively compare DTI-derived tracts and neuron traces, we adopted the 
Hausdorff distance [10] to measure the distance or discrepancy between streamlines 
of DTI-derived tracts and the neuron tracers, which were all aligned into the ABA 
space. Specifically, given a streamline F represented by a set of connected vertices 
and a trace T represented by a set of voxels, for each voxels in T, its shortest distance 
to F will be calculated; and the Hausdorff distance is defined as the largest of the 
shortest distances to F of all voxels in T: 

 })}),|min({|max({),( TVFPPVDDTFHausdorff ikkii ∈∈−==  (1) 

where Vi and Pk are the 3D coordinates of trace voxels and fiber vertices. 
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2.3 Construct Mouse Brain Connectomes 

To compare large-scale mouse brain connectomes in different DTI and STP tomogra-
phy modalities, the connections between ROIs introduced in section 2.1 were com-
puted. As for DTI-based tracts, the fiber streamlines going through the brain volume 
of each ROI were extracted as the projection from/to the ROI. The number of fibers 
connecting each pair of ROIs was then counted as the connection strength between 
ROIs. To facilitate the quantitative analysis, the connection strength has been normal-
ized to 1 such that values larger than 1000 will be set to 1 and the rest will be divided 
by 1000. The resulted connection matrix is shown in Fig. 2(a). 

As for neuron tracer data, for each experiment, the density of projection in each 
ROI was applied to measure the connection strength. As rAVV tracer traces neurons 
anterogradely, for each tracing experiment, a vector has been generated indicating the 
connection strength from the injection to all the ROIs. And the connectivity matrix 
was constructed such that ith row is obtained by averaging the vectors corresponding 
to experiments with neuron tracer injected to ROI i. However, as all the injection sites 
were selected on the right hemisphere of the brain, the connection from the left hemi-
sphere to the rest of the brain is largely missing (Fig. 2 (b)). By assuming that 
connectome in mouse brain is symmetric (largely true based on the observation of 
DTI data and the known symmetry of mouse brains), we mapped the connection from 
the left hemisphere to the right hemisphere (Fig. 2 (c)). 

 

Fig. 2. Mouse brain’s connectivity matrices. Each matrix was segmented by brain regions: from 
left to right, top to bottom are left hemisphere ROIs, across hemisphere ROIs, right hemisphere 
ROIs, respectively. Contrast has been enhanced for the purpose of visualization. (a) DTI de-
rived brain connectome. (b)-(d) Neuron tracer derived brain connectomes. (b) Original connec-
tivity matrix. (c) Symmetrically mapped connectome. (d) Symmetrified connectome. 

2.4 Assess Mouse Brain Connectomes 

The normalized-cut spectral clustering was applied to obtain sub-networks of the 
brain [11]. Basically, the salient eigenvectors of the connectivity matrix was applied 
to bi-partition the graph iteratively and the number of clusters will be determined by 
the threshold set for normalized cut. However, to solve the eigenvector problem, a 
matrix needs to be symmetric, which is not true for the connectivity matrix based on 
neuron tracer. Thus, we symmetrify the matrix by adding it to its transpose. As shown 
in Fig. 2(d), the symmetrified connectivity matrix does not change much by visual 
inspection. Meanwhile, a multi-view spectral clustering procedure has also been  
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applied to infer common clusters for these two modalities [11]. Specifically, the con-
nectivity matrix will be projected to the eigenspace of the matrix of the other modality 
to maximize the agreement between them. By doing so, the common part of two con-
nectivity matrices will be enhanced, while the discrepant part will be weakened. Also, 
the common clusters of two could be achieved. 

3 Result 

3.1 Comparison of DTI-Based Tracts and Neuron Traces 

We calculated the Hausdorff distances between forty two thousands DTI-based tracts 
obtained by streamline tractography and 1378 neuron traces in the same ABA space. 
All of the DTI-based tracts are visualized in Fig. 3(a) and are color-coded by their 
minimum Hausdorff distance to the neuron traces. As all of the injection sites were 
picked on the right hemisphere, DTI-based tracts in the left hemisphere have longer 
Hausdorff distance in comparison with those in the right hemisphere. On average, the 
Hausdorff distance for the DTI-based tracts that projected from/to the right hemi-
sphere is 0.68±0.43 mm, which is relatively small considering the size of mouse 
brain. Considering possible misalignment and false elimination of trace foreground 
with selected threshold, we assumed when Hausdorff distance is less than 1mm, the 
DTI-based tract has correspondence to the neuron trace. Two neuron tracer experi-
ments and the corresponding DTI-based tracts were visualized in Fig. 3(b)-(c). It can 
be seen that DTI-based tracts truly possess correspondence to the real neuronal pro-
jections, which validates that fibers derived from DTI offer reliable information of 
axonal connection and could be applied in the study of brain connectome. 

 

Fig. 3. (a) Visualization of all DTI-based fiber tracts. Tracts are color-coded by their minimum 
Hausdorff distances to neuron traces. (b)-(c) Visualization of two examples of neuron tracer 
experiments and the corresponding DTI-based tracts. Locations of injection site of neuron 
tracer in each experiment are highlighted by pink arrows. 

Meanwhile, we noticed that when computing large-scale whole brain connectomes 
via DTI-based tracts, some brain regions are rarely connected. These regions were 
shown in Fig. 4(a). This might be partially because DTI could only detect axonal fiber 
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when big bundle of axons orient in the same direction (e.g. in white matter). As white 
matter volume is relatively small in mouse brain, when some ROIs do not have direct 
connection with white matter due to their nature or the possible misalignment be-
tween DTI data and 3-D reference atlas, connections cannot be identified by DTI-
based tracts for these ROIs. We then obtained the common connections and unique 
connections obtained by two multi-scale modalities (Fig. 4(b)-(d)). It can be seen in 
Fig. 4(b) that those two multi-scale modalities inferred a large number of common 
connections, which to some extent cross-validates each other. However, by calculat-
ing the average Euclidean distance between connected regions, we found that the 
connection lengths of common connections (2.76 mm) are relatively shorter than 
unique connections. Meanwhile, connections identified by DTI only are much longer 
(4.4 mm) in comparison. This result suggests that both multi-scale modalities work 
well in identifying short connections. Also, the long-range connections generated by 
DTI tractography may be not reliable and some may be missing. However, as the 
neuron tracer signal will degenerate when travelling long distance and the signal 
strength will be impacted by the dose of tracers injected, it is equally possible that 
some long distance connections are missed due to the weak signal in neuron tracer 
experiments. Thus, it will be very important to compare the results in different modal-
ities to achieve better understanding of the structural wiring diagram of the brain.  

 

Fig. 4. (a) Visualization of brain locations of regions that have weak DTI-derived connections. 
(b)-(d) Visualization of common and unique connections between DTI and neuron tracer. Con-
nections are color-coded and scaled by connection strength accordingly (color bar on right). 

3.2 Joint Assessment of Multimodal Mouse Brain Connectomes 

The multi-scale brain connectomes derived from different modalities were firstly 
assessed by graphical measurements. Notably, when analyzing DTI-derived brain 
connectome, we excluded those ROIs that have no connections as they can cause 
error in some measurements. As shown in Table 1, fewer connections have been iden-
tified by DTI-based tracts, which results in a smaller average degree and density. To 
measure the graph topology, the average clustering coefficients and average path 
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length were computed and compared with the corresponding randomized graphs [12]. 
It is evident that the overall graph topological structures of these two connectomes by 
different modalities are similar and both of them are small-world networks. 

Table 1. Graph-theoretic measurements of multimodal connectomes 

 
average 
degree 

density 
average clustering coefficient average path length 
original randomized o/r original randomized o/r 

DTI 88 0.25 0.71 0.32 2.18 1.83 1.67 1.09 

tracer 137 0.3 0.69 0.32 2.13 1.74 1.68 1.04 

We then compared the sub-networks obtained by spectral clustering algorithm. The 
results are shown in Fig. 5. For those ROIs with no connection by DTI-derived tracts, 
we manually labeled them as a class when performing clustering based on DTI-
derived connectivity matrix or jointly with both matrices. As highlighted by yellow 
and blue arrows, after clustering, some common clusters of two modalities were clear-
ly identified. As highlighted by red arrows, both modalities separated cerebellum 
from other parts of the brain. By using multi-view spectral clustering, all the common 
clusters inferred by two modalities could be recognized. More analysis will be con-
ducted to further understand these clusters. 

 

Fig. 5. Connectivity matrices based on DTI-based tracts (left column) and neuron tracers (mid-
dle column) were re-arranged by clusters with each cluster highlighted by green box according-
ly. Clusters were visualized in the mouse brain with each cluster color-coded by certain color 
(right column). (a) Clusters obtained based on DTI-based tracts; (b) Clusters obtained based on 
neuron tracers; (c) Clusters obtained by both with multi-view spectral clustering. 
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4 Discussion and Conclusion 

This paper presents a novel computational framework to construct multi-modal brain 
connectomes via joint modeling of macro-scale DTI data and meso-scale neuronal 
tracing data. The publicly available data sources of DTI data and STP tomography 
data of mouse brains were mapped to the same Allen mouse brain atlas for the con-
struction of multi-modal connectomes. Then consistent and discrepant connectivity 
patterns across these connectomes, as well as the graph theoretic measurements, were 
assessed. Our results quantitatively demonstrated that both DTI and neurnal tracing 
are valuable complementary tools for structural connectivity and connectome map-
ping, and particularly the fusion of these multimodal, multi-scale imaging modalities 
has a potential to create synergy to facilitate connectome-related research.  
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